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CHAPTER 1

i
e

YER, Spikinglelly JLEET PyTorch [y, 7 BEHI (RFFH HE 2423 T PyTorch, 4 f4e% spikingjelly.
APEORASEIF R, WEFF GitHub/Openl RUFEH. [ENTAREARNT, ATRAM PyPl FKIL.
M PyPI e e B R I A

pip install spikingjelly

MIRACRD 2225 e T A T A

s# T GitHub:

git clone https://github.com/fangweil23456/spikingjelly.git
cd spikingjelly
python setup.py install

@ d Openl :

git clone https://git.openi.org.cn/Openl/spikingjelly.git
cd spikingjelly
python setup.py install



https://pypi.org/project/spikingjelly/
https://github.com/fangwei123456/spikingjelly
https://git.openi.org.cn/OpenI/spikingjelly
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1.1 BiE)3REh

AHFEEL : fangweil23456

AR PHEELZ R spikingjelly.clock_driven, MARBMIKSITE . SRR EMES . AT
43 SNN ey H .

R L A AR XGRS — PR, KT MR EZEE, ATAS WA 2

Neftci E, Mostafa H, Zenke F, et al. Surrogate Gradient Learning in Spiking Neural Networks: Bringing the Power of
Gradient-based optimization to spiking neural networks[J]. IEEE Signal Processing Magazine, 2019, 36(6): 51-63.

ESCH R Btk v] PATE arXiv _F4RE].

1.1.1 SNN ZF RNN

A DAYF SNN A 2 S0 VE /2 —F RNN, ‘BRI A2 ENE (SE RSB TR, (T h 1,
1 clock_driven.neuron HHEN R ), BRECRSEBHEE, fH2hkib. XFER) SNN 02 BH
LRPIRMER . M ETe 215 5 4 m 20 A . & ITH SRESE X,

ATDAMIZERL . . D, X 3 S BRO R R AR A R B Rk b e 2250

H(t) = f(V(t—1), X(t))
(t) = g(H( ) Vthreshold) G(H(t) - ‘/thTeshold)
V(t)=H(t) - (1= S(t)) + Vreset - S(t)

Hr V() @ ZITHBEE: X (1) 2ANEA, BIap RS & H(t) @M Z T BBeRAs, W AR A pf

LTI KRR ETRER, s f(V(E— 1), X(2)) A2 e ISR, KHB@Tﬁi,LE’ sl d o e

BN

BIAnRET LIF #2850, kS R sl SmMa0rte, PAROS IR 225y TR R -

v (t)
dt

Tm(v(t) - V(t - 1)) = _(V(t - 1) - ‘/Teset) + X(t)

= —(V(t) = Vieser) + X (1)

Tm

Xt 2R FE L T A

SV =10, X(0) = V(= 1) + ——(—(V(E = 1) = Vigaer) + X (1))

Tm

JBHITRE R S(t) AT ARk, g(x) = O(x) ZFrEReREL, RNN shJ5RRZ i m s, A1
SNN AU FRISE A kst eRi 5. karh eSO SO O B 1, W AR Kb i AR, 300

1, >0
@(m):{

0, z<0

FEIONHEEE A Akl W ETEERN Viesers BOA SR, R A
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1.1.2 BEENE

RNN i Ff 7] 40 141 T H pRL, 200 tanh pR%K. T SNN IR R %L g(2) = O(x) BAREARTI A, kS
(7 SNN B k—FERE 15 RNN JEE ARl HARHBE M. &K%, HIRATAH— IR
5 g(x) = O(z) FEFHLL, EAMAHI 1R o(x) EEBHRE.

TR LI - FERT R ERRIT, B g(2) = O(x), MIZETTRY S 2 B O A 1, FRATHY M & AT5 24
A2 SNN; M S i et , B FBR P ACR BB o () = of () AANER kb s BRI BB . o LA B LR
RERHHNN sigmoid %L o (ax) = rppamy» @ ATRAREHIBREEN IR, BURH o SBUEIL O(x) (A
SAESEL x = O IRREIRE, g « = 0 ARG BN, SEINAEBEAIZ. T 2R TR
a i, BREERRREIIAR, DASO Y i) BB RR AR -

O(z) and o(ax) Voltage Reset
1.0+ @(:E) 1 Y ]
o(ar),a=5.0 l )
-------- o(azx),a=10.0
08F U(QI)‘Q =50.0
— O(z)
0.6 ofar),a =50
........ U(m;)ﬂ =10.0
) ;
........ O'(QCII)Q = 50.0
ol I ereset
i ‘/threshol(l
0.2 r
(1) | e |
~1.0 —0.5 0.0 0.5 1.0 0.0 0.5 L0 L5 2.0 2.5

z Hi(t)

RN E R RECH clock_driven.surrogate.Sigmoid (), fF clock_driven.surrogate H1if
PRAE T HARR) A R A BRI clock _driven.neuron HHZ U A S5 —:

class BaseNode (base.MemoryModule) :
def _ init_ (self, v_threshold: float = 1., v_reset: float = 0.,
surrogate_function: Callable = surrogate.Sigmoid(), detach_reset:._

—~bool = False):

:param v_threshold: # % T H B % &
:type v_threshold: float

:param v_reset: WA TWEERE®E. WELR Ao
—''None'', Y¥#MEATHEKEK™E, BESWEE AN v_reset ',
wmBEEAX None' “, N E KL WIWE v_threshold'

T
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(€A

:type v_reset: float

:param surrogate_function: R M EHH AR ER P B R B E N ER I K

:type surrogate_function: Callable

:param detach_reset: % Hfresett B Wt EEH A4 B

:type detach_reset: bool

AR 4 SNNH Z T W E R M E T

mmn

QERAREL B SCHTIE Rl 145 K4k, ATPAZS % clock_driven.surrogate WA SEE. %2 E X
torch.autograd.Function, SRJGHHEEE K — torch.nn.Module T2,

1.1.3 Bikh#E TR AR EM S
ff o T ik 22T B RS , FRATTAG ki e 22 0T DAR I R BOIRRE , #x A E 1) PyTorch $#5#H AL RS

Mg R4 R — SNN, fE clock_driven.neuron AL TS 250, AR #E
HFE BN 2%, B an— AR R A e R 2% -

net = nn.Sequential (
nn.Linear (100, 10, bias=False),
neuron.LIFNode (tau=100.0, v_threshold=1.0, v_reset=5.0)
)

1.1.4 Rfl: EREELEEMEHEIT MNIST 533

BAEFAIM ] clock_driven.neuron W LIF #1470, &8 —NHEEEREML, XF MNIST $fE4E 7t
Tk
HHE R ESE:

parser.add_argument ('--device', default='cuda:0', help=

SVIEATH R A, Bl “cpu” #H “cuda:0” \n Device, e.g., "cpu" or "cuda:0"')

parser.add_argument ('--dataset-dir', default='./', help=

SR BEMNISTHREE WML E, #l4e “./” \n Root directory for saving MNIST dataset, e.g.,
N VARD|

parser.add_argument ('-—-log-dir', default='./', help=

—'"f& fftensorboard H & X WM B, #l# “./” \n Root directory for saving tensorboard.
—logs, e.g., "./"")

parser.add_argument ('--model-output-dir', default='./', help="4£ A F 7 & %, i “./

EET )
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(£ E30)
—” \n Model directory for saving, e.g., "./"")
parser.add_argument ('-b', '—--batch-size', default=64, type=int, help='Batch.
< K/N, Fldm “64” \n Batch size, e.g., "64"')
parser.add_argument ('-T', '—--timesteps', default=100, type=int, dest='T', help=
S ERHEK, Bl “100” \n Simulating timesteps, e.g., "100"')
parser.add_argument ('--1r', '-—-learning-rate', default=le-3, type=float, metavar='LR',

< help='"#% 3 £, i “l1e-3” \n Learning rate, e.g., "le-3": ', dest='lr')
parser.add_argument ('--tau', default=2.0, type=float, help=
S'LIFM 2 0B B A % #tau, 4 “100.0” \n Membrane time constant, tau, for LIF.
—neurons, e.g., "100.0"")

parser.add_argument ('-N', '—--epoch', default=100, type=int, help=

<" Lepoch, fl#r “100” \n Training epoch, e.g., "100"'")

Fia R A s -

# AT 46 L BHE A B

train_dataset = torchvision.datasets.MNIST (
root=dataset_dir,
train=True,
transform=torchvision.transforms.ToTensor (),
download=True

)

test_dataset = torchvision.datasets.MNIST (
root=dataset_dir,
train=False,
transform=torchvision.transforms.ToTensor (),

download=True

train_data_loader = data.DatalLoader (
dataset=train_dataset,
batch_size=batch_size,
shuffle=True,
drop_last=True

)

test_data_loader = data.DataLoader (
dataset=test_dataset,
batch_size=batch_size,
shuffle=False,
drop_last=False

SE IR 45 -

1.1. BHiEJEzEh 7
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# R XA %

net = nn.Sequential (
nn.Flatten(),
nn.Linear (28 * 28, 10, bias=False),
neuron.LIFNode (tau=tau)

)

net = net.to(device)

PRI feRs . didds (FROVEEIAMA TS, 5 MNIST BG4 kit 751 ) -

# A Adamft b &
optimizer = torch.optim.Adam(net.parameters (), lr=1lr)
# A R

encoder = encoding.PoissonEncoder ()

WG ZRAR T B REM 282 T T ANEFRZE A, X2 10 AR Tor S b Bkop 3647 20, 153 i 1
JZ WK BEOR BN out _spikes_counter; ff FIBKoh BEBOIR Bk DADT G, 45 3 it 2 Ik & ks 32
out_spikes_counter_frequency = out_spikes_counter / T. 1A% Y4 A G HSLPRZEH]
& 1B, BHETE L AMEITTHE ORISR, AR 2 TE AR R TR P R R E AR
SCRy i 2 Bk b KO out_spikes_counter_frequency 5 5EPRZE | HEAT one hot AT 515 F 1)
label_one_hot A2 XJH, B MSE. FA1M#iH MSE, [K A28 & P MSE Ff{R5 5 8 i —Lk jE R
M, SNNGZAIRES, BCEUAICIZIME, HITEm AREdRE, — 2R MR RS EE, XA
P84 clock_driven.functional.reset_net (net) FLH. JIZACHEAIT

print ("Epoch :". format (epoch))
print ("Training...")
train_correct_sum = 0

train_sum = 0

net.train ()
for img, label in tgdm(train_data_loader) :
img = img.to (device)
label = label.to(device)
label_one_hot = F.one_hot (label, 10).float ()

optimizer.zero_grad/()

# BATT/NH K, out_spikes_counter# shape=[batch_size, 10]# tensor
BERENMER KA, B EHI0MWZE T Mol & KK #
for t in range(T):
if t ==
out_spikes_counter = net (encoder (img) .float ())
else:

out_spikes_counter += net (encoder (img) .float ())

[y
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(€A

# out_spikes_counter / T B4 ith BE10M W & & ff E W KW W Bod X kM %

out_spikes_counter_frequency = out_spikes_counter / T

#FMEABEAMEEWNE LW oY R MM E, 5 E LR HusE
#o

SEHEHB|EABHRLE, BXANIBAAHR, AUEFFINHETHMOF X RMEHEL, T HMHETH KT ZHY

loss = F.mse_loss (out_spikes_counter_frequency, label_one_hot)
loss.backward ()

optimizer.step()

t - REEKE, FEEZEMNZHRS, BASNWNHHETER “BIL” W

functional.reset_net (net)

FERENHETEWT. AARBETYRALZAAARRANHE TN TRIZSLER

train_correct_sum += (out_spikes_counter_frequency.max (1) [1] == label.to(device)) .

—~float () .sum() .item()

train_sum += label.numel ()

train_batch_accuracy = (out_spikes_counter_frequency.max (1) [1] == label.
—~to(device)) .float () .mean () .item()
writer.add_scalar('train_batch_accuracy', train_batch_accuracy, train_times)

train_accs.append(train_batch_accuracy)

train_times += 1

train_accuracy = train_correct_sum / train_sum

TR AR 55 N AR R BBy g 2.

print ("Testing...")
net.eval ()
with torch.no_grad() :
FERL - R2HAEEE, RANRE LR — K
test_sum = 0
correct_sum = 0
for img, label in tgdm(test_data_loader):
img = img.to (device)
for t in range(T):
if t ==
out_spikes_counter = net (encoder (img) .float ())
else:

out_spikes_counter += net (encoder (img) .float ())

correct_sum += (out_spikes_counter.max(l) [1] == label.to(device)).float().
—sum () .item()

test_sum += label.numel ()

AN

1

1.1. BHiEJEzEh
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(% L0

functional.reset_net (net)
test_accuracy = correct_sum / test_sum
writer.add_scalar('test_accuracy', test_accuracy, epoch)
test_accs.append(test_accuracy)
max_test_accuracy = max (max_test_accuracy, test_accuracy)
print ("Epoch : train_acc={}, test_acc={}, max_test_acc={}, train_times={}".
—format (epoch, train_accuracy, test_accuracy, max_test_accuracy, train_times))

print ()

TR IS TF clock_driven.examples.lif_fc_mnist.py, FEfCHEIEATAEH T Tensorboard 3
BN HE. nTiEr (8) 8T :

$ python <PATH>/1if_fc_mnist.py —--help

usage: 1lif_ fc_mnist.py [-h] [-—-device DEVICE] [--dataset-dir DATASET_DIR] [--log-dir.
—LOG_DIR] [--model-output-dir MODEL_OUTPUT_DIR] [-b BATCH_SIZE] [-T T] [--1r LR] [--
—~tau TAU] [-N EPOCH]

spikingjelly LIF MNIST Training

optional arguments:
-h, --help show this help message and exit
—-device DEVICE BATWARE, fle “cpu” H “cuda:0” Device, e.g., "cpu" or
—"cuda:0"
——dataset—-dir DATASET_DIR

R GEMNISTR EE WL E, Hlie “./” Root directory for saving.
—MNIST dataset, e.g., "./"
--log-dir LOG_DIR % HFtensorboard H A X WAL E, #flw “./” Root directory for.
—»saving tensorboard logs, e.g., "./"
—--model-output-dir MODEL_OUTPUT_DIR

HAREBZ, flw “./" Model directory for saving, e.g., "./
-b BATCH_SIZE, —--batch-size BATCH_SIZE

Batch A/, #l#m “64" Batch size, e.g., "64"
-T T, —--timesteps T FEEEK, fl4w “100” Simulating timesteps, e.g., "100"

--1lr LR, —--learning-rate LR
# 5 E, flw “le-3" Learning rate, e.g., "le-3":
——tau TAU LIF# 2 J6 W B 8] % #tau, #l “100.0” Membrane time constant,.

—tau, for LIF neurons, e.g., "100.0"
-N EPOCH, —--epoch EPOCH
Y epoch, fHl# “100” Training epoch, e.g., "100"

] DAE $EAF Python iy A TI184TE -

10 Chapter 1. %3
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$ python

>>> import spikingjelly.clock_driven.examples.lif fc_mnist as 1if_fc_mnist
>>> 1if_ fc_mnist.main ()

#tH######## Configurations ##E######H#H

=cuda:0

=64
=100
=0.001
=2.0
=100
#HH#EAF A EAFAFEAFAF A HAF AR A EA A
Epoch 0:
Training...
100
X R R N AN AN AN S R AN A
—937/937 [01:26<00:00, 10.89it/s]

Testing...

X A A AN A
—157/157 [00:05<00:00, 28.79it/s]

Epoch 0: = 0.8641775613660619, =0.9071, =0.9071,
— =937

PRAFFISE UL -

#REHE
torch.save (net, model_output_dir + "/1if_snn_mnist.ckpt")
# BB A

# net = torch.load (model_output_dir + "/1if snn_mnist.ckpt")

T BEERZ, IR SNN, Fras BATRCRE ST ERHS T MM, SRAY T AR T /NG 5 22
K, IR Ran”, EIIZRERA—EEL, I T XK, SNN FERHRE]_ERITJE &2 i ER R
W%, BREERIIL IR A oy p s e e . T RRATEN Tipkagnidas, IR ZBRH T,

H A1, 72 Tesla K80 1% 100 1+ epoch, KT 75 400, WA~ batch FYIERI . A%
MRS AT

1.1. BHayEzh 11
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Accuracy on training batch

=
o
1

TA550 40 069]

e o ©
£ (o] 0
1 1 1

accuracy

o
N
1

0 10000 20000 30000 40000
iteration

Accuracy on test dataset

0%, BO7IT
v

o o
[#)] 0]
1 1

accuracy

o
N
1

o
N
1

0 20 40 60 80 100
epoch

I ZIRERZ) 92% ISR, AR —MREMIERR, FERIRATEH TR BRI M &5, DA
JOARA IS ES . RATTE AV AEIIOM LG, RrEIR HHEEE A SNN, 7EXFEOLT, )2 LIF fiZ 500 A
B A T2 o

1.2 E4IRzh

AREFEEHE: fangweil 23456

R HFEEE XN spikingjelly.event_driven , NEHFAIRENMN . Tempotron £ TG,

1.2.1 S=4IEzh89 SNN i K

clock_driven {f [ IFEBREN G 3% SNN SEAT(5 E, BB CAEAC RS HrAR BEAS 3R BT R]_E A E3R, filan:

for t in range(T):
if t == 0:

out_spikes_counter = net (encoder (img) .float ())

EET )

12 Chapter 1. %3
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(% L0

else:

out_spikes_counter += net (encoder (img) .float ())

M6 SRS SNN (B, FFARTEEAEIS ] EREATIRER, 2RSS Ohlde, Bian™ A bkt
sk Akl PITTARS [R 0 2 TR & s AT AR AP T 58, AN BEAE I B B R R[] 25

1.2.2 Bk #E %Y (Spike response model, SRM)

TE ki [ 457 (Spike response model, SRM) ", 23N V — ¢ AR REA M2 T8, A2 Ry
REEMAMATT AR TV - 2O, IS SEMEA X(¢), MZITHRERL V(¢) #ETLA
PRSI

1.2.3 Tempotron #HZ T

Tempotron #ZE 02" $2H A—Fh SNN #1270, Hiay4 KT ANN HgEgs (Perceptron) . JBAIEE &I Al
BAR) ANN #ZET0, S ARG IBCR AT, Hd —(E 0 5 1 R FR BRI/ 25458 . Tempotron 1] AG A
J& SNN SHlsl i gs, & [RIRET i ABARHEATIACREN , H-4 i A e ah 5L

Tempotron FJfEHEL (V7 SCH -
V(t) = Z L% Z K(t - tz) + ‘/Teset
i ti
Hort w255 i AN ARIACE , W] AEVER BT S AR s ¢ 25 ¢ DN AR BK A8 %), K (t— ;)

T Ak g | & 15 il 5 R A7 (postsynaptic potentials, PSPs); Vieser <& Tempotron [ 5 & HiL A7, By
R AL

K(t —t;) @—RT t; BIeREL (PSP Kernel),' H i i i s OB A0 -

Vo(exp(—5E) —eap(—E41)), t>t
K(t—t;) = o(exp(—=+) —exp(—74)), t=
0, t <t

Hob Vo BIH— LR, WRREBINRRME R 1 7 RIRB A EFE, 7 AE S AR Kb 7E Tempotron |
S BRI R A0ENY , (B2 G SRBOER: 7 W5 MR Y A AL, X — I A E R 2 il E A% S0
FL I 1 22 Bt A R T S 0
AN Tempotron W] DAER—A> 40 268%, /KA R A, 2% Tempotron fy 5 L (37 7 07 B 19 P 2 75
B

y = ]-7 V:‘,maz Z Vvthreshold

07 Vvtmam < V;fhreshold

HH tyae = argmax{V;}. M Tempotron (1%t} £5 R4 AEH i, Tempotron HBEABON ML 1 AN ikif. A4~
Tempotron HAEML 4325, {HZ A Tempotron 5f 1] PAfZ 432 .

! Gutig R, Sompolinsky H. The tempotron: a neuron that learns spike timing—based decisions[J]. Nature Neuroscience, 2006, 9(3): 420-428.

1.2, SE#4IRE 13
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1.2.4 104aiJllk Tempotron

{8 f Tempotron f#) SNN (2% | ifi# 2 “4EHZ + Tempotron” WTE, M IS HEN A EERE 20N E,
FBRRE N RN 48 25k

PAZ ARG, 2% eRBE SR AR 73 R R BTG OL T AFAE. 2M45bre il 1 mskhrfim e 0, #ikh
Vvthreshold - V;&mam; %;E‘IZE:%%IJ% 0 ﬁﬁgglz/iﬁﬁﬁ% 1> :J:J'Eigijb V;fmax - Vvthresholdo ﬂ%%#f’ﬁ'ﬂ\j

E = (y - ?J)(Vthreshold - V;fmax)

HEMNSHCRBEE, WARE]:

oF _ ~ av(tma:v) atmaz
g = WD D Kltmar — 1) + =52 50
t'i<t'mam
-y ( Z K(tmam_tz))
t'i<t7na.z'

2 8V(tmaw) —0.

1.2.5 F{TEH

ARG ErA, R ke AR, — HE AL, PR TCRI M AR A, AT R 2 B R 2R ORGSR AT PASK A
BSh, VFEE ¢ WAL, JERAEHORT £ — | MM, RN 54 T IR
f#. 1F spikingjelly/event_driven/neuron.py LM TENEEEZE . HAT11E A Tempotron, K
B EE S —RMA4ERE, BAMBLEt =0,1,..., T — 1 BRSSO T B . S g 24
A DAE 3 P B E A

1.2.6 ;=61: 2% MNIST

FAH H Tempotron # 7— &7 ER) SNN M 4%, 5] MNIST $(#li4E . 1 e A 175 2% jE ol K MNIST %k
PR R BkoP i A o 7E clock_driven HIAMASRASHS, TELEREE A ML H) for fEIAH, RKTHIAE Bk
s ARAEE I Tempotron Ff, FRATIE A S VR A 2R Al X —Jn T v] DAYE R IA) 48 RO F A7 bR s AKX
PEEEAL A kv & RS 21 o

55 SR RS ek Gm B 2%

TR ATEEGM B B A n ANVRFAE, XFT MNIST &g, P2 BRE R, nTRAA N n= 1. @i h
Zifas, M m(m > 2) MREICEGIS R AL, HRFG R G m AR o ket Ko %), H
BERTLAA R s N3 nm 40

2 Bohte S M, Kok J N, La Poutre J A, et al. Error-backpropagation in temporally encoded networks of spiking neurons[J]. Neurocomputing, 2002,
48(1): 17-37.
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XTH i ARE X7, BRIREEEN X, < X' < Xee, EIEIHEN m REiiiii s o) BOERT2:

2j — 3¢ ;
J — 0% min i _ 19 . m

max
m— 2

i i -

:U/j = Tmin 9

_ 1 xinax B x:nm
T8 m—2
Hop g E AR 1.5, AR W, X m Rmmirii &R os emE, o R e A8 A m .
PRI EE © € X', 1t o XN RITREUE ¢f(¢), XRBEATNT [0,1] 2. #F
K, FFeREUEHEM LT [0, T) Z R Bkih Ao 20, Horh T g gt s, s vl i B m K
t; = Round((1 — g (2))T)

Horp Round JUREREL. AN, 0T RO 2RI ikt B ANy 20k T, W B R B 2058 —1,
FRIA Wk AR
AR R BT R E e 2 PR, BARISMETE » € X' B—&EEH TR EZ, 5 m Zainh&ss T
m AL, XA SR B A, B m AN T kb Kmont 20 . B T RATEDT B, TR K
R R, PR ki A O 2 R U

T.(a)

o
o)
~
™

1 2 3 4

[
[
[

o VA A A G
T IO LN N N -
Ta — {*’*,*,9’2,0,8’*’*’*

EXAS. MREY. FRER

WIS AR TR, B2 1Y) Tempotron, fij 252 10 MMHZIC, 25 MNIST BB IA 10 2:

class Net (nn.Module) :
def _ init_ (self, m, T):
FmEBHRA BB A FGDE RS - NMEEATMERANHETERE
super () .__init__ ()

self.tempotron = neuron.Tempotron (28*28*m, 10, T) # mnist 28*28=784

[y

1.2, SE#4IRE 15
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(B2 k1)
def forward(self, x: torch.Tensor):
# R FE R W R 104 Tempotronie ff B B K i &y & I &
return self.tempotron(x, 'v_max')
RGN IR 10 A H R A S B B R 2202k 5|, LN ZRE BRSBTS
train_batch_accuracy = (out_spikes_counter_frequency.max (1) [1] == label.to(device)).

—~float () .mean () .item()

FRATOE AR RS e 5 2L, HFTA R . X 2SRRI 40, 1R I i R 5 (A
JEZ 2/, #REE] PATE event_driven.neuron HFHEE|JFHTHD

class Tempotron (nn.Module) :

@staticmethod
def mse_loss (v_max, v_threshold, label, num_classes):
:param v_max: Tempotronf & T AT EE M At x k& EME, § forward® &K & ret_
otype == 'v_max'FH #y & E {H A\
[ . shape=[batch_size, out_features] ] tensor
:param v_threshold: Tempotroné@lﬁ/@:%/g 8 floatjﬁshape:[batch_size, out_
<« features] Wj tensor
:param label: # KW E L A &, shape=[batch_size] ] tensor
XAl & %K, int
creturn: R RERUWETH R E, FHEREZZHH TR E

rro

sparam num_classes: ﬁj—i é‘ P

wrong_mask = ((v_max >= v_threshold).float () != F.one_hot (label, 10)).float ()
return torch.sum(torch.pow((v_max - v_threshold) * wrong_mask, 2)) / label.
—shape[0]

THERMNEEZE2TMNE, T EWENAE{ T spikingjelly/event_driven/examples/

tempotron_mnist.py:

$ python

>>> import spikingjelly.event_driven.examples.tempotron_mnist as tempotron_mnist
>>> tempotron_mnist.main ()

#FHA#H###### Configurations #H#########

device=cuda:0

dataset_dir=./

log_dir=./

model_output_dir=./

batch_size=64

T=100

(AN

1
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(% L0

=0.001
=100
=16
#H#HH AR RAEAAHARARAAFAAARAAAAAAEAA
Epoch O:
Training...

100

IR RN NN EENNE NN NN ANEENANENNERENNENENNNRERENEN
<%

—937/937 [01:07<00:00, 13.91it/s]
Testing. ..
100

3
“— o

«157/157 [00:10<00:00, 14.50it/s]
Epoch 0: = 0.49112860192102453, =0.6316, =0.6316,
— =937

PRAFFI UL -

# R7F

torch.save (net, model_output_dir + "/tempotron_snn_mnist.ckpt")

4 = B H 3
# i BAE A

)

. , o o
ir + "/tempotron_snn_mnist.ckpt")

EFINGER

TE Tesla K80 i)l 100 /> epoch, KZyFEHE 32 43%h. I|ZEiT454 batch [ TERHZE . MR AL AR08 10
W
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1% 100 4~ Epoch, M LEEAIEHIF N 84.19%, RJLAF i} Tempotron SCHL T BN IIAE, HA—EH2E

ol
Re /]

1.3 BFiEIIRzE): #HETT

AHFEVEL : fangweil23456
R HE LT KX spikingjelly.clock_driven.neuron, JrEEFKMARLIG, FINHEIRSIHIDT B V.

1.3.1 Boh iR TEE

TE spikingjelly 1, 1%, Rk, BP0 S 1 WM& Ic, FaTLAFRZ N “Bkabppzic”. (HH
ki # 2 TTr N 2%, R AT DAFRZ Ry ki #2250 2% (Spiking Neural Networks, SNNs), spikingjelly.
clock_driven.neuron g T & WL kb #2088, Fe{1PAspikingjelly.clock_driven.
neuron.LIFNode NN KA E TG,

BT AR

import torch

import torch.nn as nn

import numpy as np

from spikingjelly.clock_driven import neuron
from spikingjelly import visualizing

from matplotlib import pyplot as plt

B> LIF #2002 :

1lif = neuron.LIFNode (tau=100.)

LIF & TC2H — M 1E S5, A6 AP SCRY HP XX S8 S 4006 14N ) R -
o tau IR L7 ) 4R
o v_threshold —# 22 JCH) B {H FEL &

o v_reset MIEITINEEHE. WHRAN None, B IoREk G, HESPEE N v_reset; IR
W N None, NMHESHHZ v_threshold

* surrogate_function 5 [n] % 4% Bt F SR 158 ki pR B0 B 1 B X R K
Hrt surrogate_function 40, FEHIMERERIAT A S BMERR BT 2 AH R FRATRIEAS 2 H 21| ) 1%
&, BATPASEA K0 S &+
R RES I E X — B T E 22 /b, ST spikingjelly.clock_driven.neuron.LIFNode )
HREZHMATCE, METCHEE SV reset () REEFGILE, RIES—ZER A
1 shape H3HER .
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55 RNN PR, kb fhZoc 2 ARESH, BEE iR AICiZ. kP Zohp RS2 s, —ik
EEMEEAN V). B, spikingjelly.clock _driven.neuron FIMEATE, #A M EAE v. LA
FTED H KA 2 Y LIF M2 S0 2 i i F £

print (1if.v)
# 0.0

WPAKEL, BIAERY 1if.v 2 0.0, PINEATEBAR S EMLMEmA . RIONGS5IVSAFMEA, WML
JCH LRI shape, FPAZBLE S A MR Z —80:

X = torch.rand(size=[2, 31)

1if (x)

print ('x.shape', x.shape, 'lif.v.shape', 1lif.v.shape)

# x.shape torch.Size([2, 3]) lif.v.shape torch.Size([2, 3])
lif.reset ()

X = torch.rand(size=[4, 5, 6])
1if (%)
print ('x.shape', x.shape, 'lif.v.shape', 1lif.v.shape)

# x.shape torch.Size([4, 5, 6]) 1lif.v.shape torch.Size([4, 5, 6])

V[t] A A X[t] #95 RRA-ARER? ZERKIRIZ TR, RAURMT M BTN s A X[, BT e E—
A2 AR LA V[E — 1],
EEGHET (FE02 B SR T IR V_{threshold) i) #&ahs i LW = f(V (1), X (1))
RVESER A kol i 28T SO R, IR T LIF #2858, FEi e
dv(t)

mT g
ot 7y R, Vieser SREEAE. AT TR, BT X () FEARRHE R, FIHHEK
SR ARTAR -
spikingjelly.clock_driven.neuron EYMZTG, M BEINZES HRRERUES D . 162
SN ITRRIIILA TR, LIF M2 o sy i

= 7(V(t) - ‘/reset) + X(t)

Tm(V[t] - V[t - 1}) = _(V[t - 1] - ‘/Teset) + X[t]
AT PARRE V[E] 19 RaE 50

VItl = f(VIt = 1], X[t]) = V[t = 1] + i(—(V[t = 1] = Vieser) + X[t])

Tm

W PAFEspikingjelly.clock_driven.neuron.LIFNode.neuronal_ charge W 2| U xR
g

def neuronal_charge(self, x: torch.Tensor):

if self.v_reset is None:

(A
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(% L0

self.v += (x — self.v) / self.tau

else:
if isinstance(self.v_reset, float) and self.v_reset == 0.:
self.v 4= (x — self.v) / self.tau
else:
self.v += (x — (self.v - self.v_reset)) / self.tau

ANFERZTC, s . (HER AR BB RS, Rkl , PABCRERObkh IS, R i
FRMEIT . R TIIEEd%K 3 spikingjelly.clock_driven.neuron.BaseNode, ILZAHIRHINL
. EE . AP \fEspikingjelly.clock_driven.neuron.BaseNode.neuronal_fire F13RZ|FE
TR ) AR A -

def neuronal_fire(self):

self.spike = self.surrogate_function(self.v - self.v_threshold)

surrogate_function () FEH]AEIEH BT EREE, R AR FRLET 0, #aikE 1, FN2HR[E 0,
FATEFXFPICEACH 0 5L 1 B tensor Mkt .
PRI G T M2 C2 BB OO, DRI 2 IRIAIIB IR, BOEHLFr T B o SNN o, %
MR AL E RSB, A 2 A=K

1. Hard Jrat: FEROIKO G, IR (L ELBE R R R s V[E] = Vieser

2. Soft ﬁit ;F%ﬁiﬂﬂ(‘{ﬁp)a’ ﬁﬁ{jﬁ%lﬁ{ﬁ%g V[t] = V[t] - ‘/threshold
APAK B, X T A Soft AWM AEITT, HAFEEEBE Viesee XD, spikingjelly.
clock_driven.neuron HMIZ I, {EMEREINSEY — v_reset, BiA N 1.0, FRMZ LM

Hard =; Zi% B N None, W& {#i [ Soft 5. ¥£ spikingjelly.clock_driven.neuron.BaseNode.
neuronal_fire.neuronal_reset HIA]DAFRF IR i {7 B 1 AR :

def neuronal_reset (self):
# oo,
if self.v_reset is None:
self.v = self.v - self.spike * self.v_threshold
else:

self.v = (1. - self.spike) * self.v + self.spike * self.v_reset

20 Chapter 1. %3
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1.3.2 R BBk HETH=1HE

F, FATTPAM SR e, B, X 3 DN EEO AR B B ROk 20, FEi . o R R -
H[t] = f(V[t — 1], X[t])
S[t] = g(H[t] - V;&hreshold) - G(H[ﬂ - V‘threshold)

Hrp ©(x) B A A S5 ) surrogate_function (), @& BrER%:

1, >0
O(z) = {
0, z<0
Hard J7 X EHE N
V[t] = H[t] ) (1 - S[t]) + Vieset - S[t]
Soft J7 X E BTN

V[t] = H[t} - ‘/;hrcshold : S[t]

Hop VIt 2@ in; X[t @FMNEE A, BIInf RS & 0 TEeiRE, RO J]t] Fonmgoc
FEHE . R AT LT V] SR ookt S AL f(VE — 1], X[t]) 2 Eoc RS E s
2, AEBFZEIC, RAET ER R,

1.3.3 HEIEzIIHEEBR

spikingjelly.clock_driven {fiJImRIBRSNMI T3, X SNN BT H.
TR, HAFBLG SMETTMA, AR ERBE AR ko
BAEEFRATZ 5 LIF M0 24800, I I H I 1 5 P (7 A 1 foknd -

lif.reset ()

X = torch.as_tensor([2.])

T = 150

s_list = []

v_list = []

for t in range(T):
s_list.append(lif (x))
v_list.append(lif.v)

visualizing.plot_one_neuron_v_s (np.asarray(v_list), np.asarray(s_list), v_
—threshold=1if.v_threshold, v_reset=1if.v_reset,

dpi=200)
plt.show ()
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TV 5% shape=[11, KX LIF 2502 1A 1 AT, 8 Y IR E 7 A1 H ik Bl 2 i R) AR
BT

Vi and S; of the neuron

10 _____________________________________________________________________________________________________
* Vikreshold

= Vieset

spike

0 15 30 45 60 75 90 105 120 135

simulating step

THIEAFMETZEE, 45 shape=[32] WA, EHIX 32 AP ETOhY IR CLA1F o -

lif.reset ()

X = torch.rand(size=[32]) * 4
T = 50
s_list = []

v_1list = []
for t in range(T):
s_list.append(lif (x) .unsqueeze (0))

v_list.append(lif.v.unsqueeze (0))

s_list = torch.cat (s_list)

v_list = torch.cat (v_1list)

visualizing.plot_2d_heatmap (array=np.asarray(v_1list), title='Membrane Potentials',.
—xlabel="Simulating Step',
ylabel="Neuron Index', int_x_ticks=True, x_max=T, dpi=200)
visualizing.plot_1d_spikes(spikes=np.asarray(s_list), title='Membrane Potentials',._
—xlabel="Simulating Step',
ylabel="Neuron Index', dpi=200)
plt.show ()

GERANR
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Membrane Potentials

40

35

opnjugent
S % © = ™ = o
— (e} (e o [e] (e M
o~
o0
b=
b=
)
n
| _ 1w
<
o, -
[
2 L 1
w — — — — —
[=Ie)
= -
=
.-
= Qi 1
= wn
n B
o
Lo 1 1 1 1 1 1 1 |
=} -t 0 o~ © = = %0
— — [} o™ (]
XopuJ uoano N XopuJ UoInaN

23

20 25 30
Simulating Step
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1.4 BYiE)3RE): YmESEs

RHAENEE : Grasshlw, Yanqi-Chen, fangweil23456

R HEEE X spikingjelly.clock_driven.encoding , NG

1.4.1 4pidagE

fEspikingjelly.clock_driven.encoding W, TEAE 2 NEAEHE:
1. BRSS9 esspikingjelly. clock_driven.encoding.StatelessEncoder
2. BRSS9 esspikingjelly. clock_driven.encoding.StatefulEncoder
JIt s LRSS R Ak K H X 2 DMmtds iy —.

TR IS %A FRECR A, W ASEE < (t) W HEBRHSE S Keh spike (t]; ARSI HiSEE
encoder = StatefulEncoder (T), s SAEERKIAT forward BHMfiff] encode BRECXT T ANt ZIH
BNJTH x HATHRIGTHE] spike, TEEH t IRIAM] forward Bf&#iil spike(t & T1, AIDAMEHIE4HE
WMt spikingjelly.clock_driven.encoding.StatefulEncoder. forward & 3| XF#pfE:

def forward(self, x: torch.Tensor):
if self.spike is None:

self.encode (x)

t = self.t

self.t += 1

if self.t >= self.T:
self.t =0

return self.spike(t]

5 Spikinglelly ) HALARAES module —#, P reset () BB DARFAIRS A& SATE BT 0I 1R 1L -

1.4.2 jRfi%mt0es

AR #Sspikingjelly.clock driven.encoding.PoissonEncoder s& LIRS gigas. 1AV
TR i A = iRy KO A A A AR I AR B Bk e 81 o YRR AR SCRERRMIARATL, 2 — ki
TR MG BRI ECP R AR R, X AR IR e — A SEEARHE, AR kb
HAFAAZ A X () B B Ko i DR AR AR ), BARAE R — DX, S Bk S KR S T K
HRBEWEAR K. Hik, BT BUAMARS, FAT— DI EE A B ki A R p = =, Hop 2 FH—4k
# [0,1].

Bl AR lenaS12.bmp |, {i5E 20 MR, 153 20 Ak AR
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import torch

import numpy as np

import matplotlib

import matplotlib.pyplot as plt

from PIL import Image

from spikingjelly.clock_driven import encoding

from spikingjelly import visualizing

# % N lenal 1%
lena_img = np.array (Image.open('lena512.bmp')) / 255

x = torch.from_numpy (lena_img)

pe = encoding.PoissonEncoder ()

# FE20MM K, WERE DA o E

w, h = x.shape

out_spike = torch.full((20, w, h), 0, dtype=torch.bool)
T = 20

for t in range(T):

out_spike[t] = pe(x)

plt.figure()
plt.imshow (x, cmap='gray')

plt.axis('off")

visualizing.plot_2d_spiking_feature_map (out_spike.float () .numpy (), 4, 5, 30,
< 'PoissonEncoder"')

plt.axis('off")

plt.show ()

lena J5UKJEE BRI 45 ) 20 A~ Bk R GITR -

1.4. BHEIEzEh: miDas
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PoissonEncoder

Xof FEJEOIK J3E PR 4 I 4 Bk R R T e B Ko R P AR B SO BE PRI OB G T DL R G e M B ) IR

[EFEXT lena JKBE BT 9005, D5 S12 IR, B2 Ik S, 555 1. 128, 256,
384, 512 & INASE 25 - i

\

[ 512 ’\ 7—,—' u 4\ ,E\ ,

superposition = torch.full ((w

> W

w1, 128, 25¢

it
.
K
Sy
=Y
e
T

0, dtype=torch.float)
superposition_ = torch.full((5, w, h), 0, dtype=torch.float)
T = 512
for t in range(T):

superposition += pe(x).float ()

if t == 0 or t == 127 or t == 2 387 or t == 511:

55 o
superposition_[int ((t + 1) / 128)] = superposition

# H— 1

for i in range(5):

[y

14. BHEE: KBS 27
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(G AN
min_ = superposition_[i].min ()
max_ = superposition_[i].max()
superposition_[i] = (superposition_[i] - min_) / (max_ - min_)
# B A
visualizing.plot_2d_spiking_feature_map (superposition_.numpy (), 1, 5, 30,

—'PoissonEncoder')

plt.axis('off")

plt.show()

EE RGBT :

PoissonEncoder

RSO E R SR, IARA RS ARS 2 A bk B S JLT- il DAY R R

1.4.3 FHAmIEES

FE St spikingjelly.clock_driven.encoding.PoissonEncoder & &M 45 & 1 kb 7
YW iS4 . PeriodicEncoder TER] UGS W] DA 2 47 B4 W Bkl )5 51 spike , W] DARE RS IE

spikingjelly.clock_driven.encoding.PoissonEncoder.encode HHRE

class PeriodicEncoder (BaseEncoder) :
def _ _init__ (self, spike: torch.Tensor):
super () .__init__ (spike.shape[0])
self.encode (spike)
def encode(self, spike: torch.Tensor):
self.spike = spike
self.T = spike.shape[O0]

Bl B 3 AT, WA S kPRSI, 3510 01000 . 10000 . 00001 o FIRALH I 4iADE:,
it 20 ASIFIRL K 1907 FL K R o
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spike = torch.full((5, 3), 0)

spike[l, 0] =1
spike[0, 1] =1
spike[4, 2] =1

pe = encoding.PeriodicEncoder (spike)

F A RS RN D ER
out_spike = torch.full((20, 3), 0)
for t in range (out_spike.shape[0]):

out_spike[t] = pe(spike)

visualizing.plot_1d_spikes (out_spike.float () .numpy (), 'PeriodicEncoder', 'Simulating.
—Step', 'Neuron Index',
plot_firing_rate=False)

plt.show ()

PeriodicEncoder

[ 2 1 6 s 10 12 u 16 18
Sinmlating Step

1.4.4 JERYRIDZE

FER Gt spikingjelly.clock_driven.encoding.LatencyEncoder etk AZE x , TEIRA
K ) G o 2 RO BB, AU TRI0ER., EAFAE R R ki A2 7t 1] o PO T — A i ABCHe
x, HPRERS B — B[R] KA SRR kv AT TRl i ki e 21, A B 5 HAUR —4> ki A28

ki TSR IR] € 5 RIEGRE « € [0, 1] WR AR —50: Mg RBCH LR (function_type="linear")

tr(e) = (T =11 —x)
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WIS R R (function_type='log' )
ti(z) =T —-1)—In(fa*xz+1)

Hor, T S K Ikih Bt a), - @ #0546 [0, 1.
FRA AT, o FmWL:

(T—-1)—In(ax1+1)=0

R FEORH AR T REA L, oA

o ZHEH T HERMSEOE K, A1 .

Bl BEALA A 6 4> %, 3B 6 AHIATCHIRIBIGRE , I fe K bkih AR 2 20, 5 A b ARt
Fréts .

import torch
import matplotlib.pyplot as plt
from spikingjelly.clock_driven import encoding

from spikingjelly import visualizing

# HEANAERNHE TR MEE, RER AR EA20
N = 6

x = torch.rand([N])

T = 20

# OB R o F B

le = encoding.LatencyEncoder (T)

# M0 FE R Yy R R OBy 4 A A R
out_spike = torch.zeros ([T, NJ)
for t in range(T):

out_spike[t] = le(x)

print (x)
visualizing.plot_1d_spikes (out_spike.numpy (), 'LatencyEncoder', 'Simulating Step',
— 'Neuron Index',
plot_firing_rate=False)
plt.show ()

MBEALAE B 6 SRR JE 451k 0.6650 ., 0.3704, 0.8485, 0.0247 ., 0.5589 f10.1030 i}, 53
) kb e A s
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LatencyEncoder

0 2 1 [ 5 10 12 [N 16 15
Sinulating Step

1.4.5 HHIR(IdRTD2E

— T TR ROR GRS A

e AR I8 AL TT, A LBV ALt Py AZEA T ks i h o A EE TR GG, B (0B (5
BREZ . GEAGECH K &, ATRAX AT X [0,1 - 27X Rl T4 % . VAT AERIES K =8
IUFNE

Phase (K=8)
Spike weight w(t)
192/256

1/256

128/256

255/256 1

»—AO»—A[\,I)_L

— || =N
—|lo|lo|lo|lv|lw
— o |||~
—lo|lo|lo|n|om
—|lo|lo|lo|lv|lo
=2 E=2E=RESRRN
— || = |||

I Kim J, Kim H, Huh S, et al. Deep neural networks with weighted spikes[J]. Neurocomputing, 2018, 311: 373-386.
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1.5 BtiEgiEz): EREELERE SNN 73] MNIST

RHFEAFE : Yangi-Chen
AT BRERES T AT ] B 25 8 AR B2 R R — > e fR B MINIST 43280 2%

1.5.1 MSLHEE—1ME 880 SNN A4
1 PyTorch A 22 [ 450, FATRIDART AN nn. Sequential KA MASEHEREE] A BN
Y, W AKURERT R AR

MINIST el G o2 F R4 28 x 28 i 8 RUKIEFR, #3647 0~9 3t 10 4251, DA MNIST 150351,
AR ANN 2400 F

net = nn.Sequential (
nn.Flatten(),
nn.Linear (28 * 28, 10, bias=False),
nn.Softmax ()

)

FATUTT LA 58 A FAUSE Y SNN RIEAT /3 RAL 5 . X DRI, RFRE LB A MG R, 7
R TCUNIN B E R HOE R B A8, X IR ATTERR Y 2 LIF M2 o:

net = nn.Sequential (
nn.Flatten(),
nn.Linear (28 * 28, 10, bias=False),
neuron.LIFNode (tau=tau)

)

HoA R A A T R B tau WE.

1.5.2 i)k SNN 4%

T EARE SN ZR S RN 2] 3R AF DA B T H A B
ARSI Adam , DA ANARA S, FERRIA A B R I AT ki 24 £

# A Adamft 11, B
optimizer = torch.optim.Adam(net.parameters(), lr=1lr)
# R A G A

encoder = encoding.PoissonEncoder ()

UIGRACRD I 4 55 75 BEREOR DA R =B R
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L kb 22 0t i o AERY, TR BB AT A R T 0 M 2 2 T R —BeA A ki
2B R R — B I R RO (BFRACR ), KR AR R IR L R/ it
W 255 Bia AT —BUNTE], RG] T N2 S P R R A 2 2Kl

2. AV R PLARSE RS B T IR R 2 O DU s AR, A 2 OO R RER . R T S SR AR
K MSE 41k, X BLIRA IO SE PR O S 41 ) MSE f5i2% .

3. R LT, HE R IR
LE Ol E N, IR LR

net.train ()
print ("Epoch {}:".format (epoch))
print ("Training...")
for img, label in tgdm(train_data_loader):
img = img.to (device)
label = label.to(device)
label_one_hot = F.one_hot (label, 10).float ()

optimizer.zero_grad()

# BATT/N B K, out_spikes_counter+ & shape=[batch_size, 10]#] tensor
#FREENMTER KA, B EHI0ODN WA T oF R Rk
for t in range(T):
if t ==
out_spikes_counter = net (encoder (img) .float ())
else:

out_spikes_counter += net (encoder (img) .float ())

# out_spikes_counter / T G H & B10NM# & TG E /K K W HKH K KR =X

out_spikes_counter_frequency = out_spikes_counter / T

#FRABBEARMEEWNE TR R KA E, 5EE%H HMSE
#o
SEHEHREAB KM, BEANMAHR, REEFREINMNWETHRAAEKMEHEL, THEAWE
loss = F.mse_loss (out_spikes_counter_frequency, label_one_hot)
loss.backward()
optimizer.step ()
FHRU—REEE, FEEZEMNLHRS, BASNWNHHETER “LIL" W

functional.reset_net (net)

# EHENRAEFTELT. AAREETRALABAZTRANHNETLH THRiZEPEAER
train_accuracy = (out_spikes_counter_frequency.max (1) [1] == label.to(device)).

—~float () .mean () .item()

writer.add_scalar('train_accuracy', train_accuracy, train_times)

TR L &

(A
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(% L0

train_accs.append(train_accuracy)

train_times += 1

FTEMMIALIT clock_driven.examples.lif_fc_mnist.py, FEMHSHFATLME A T Tensorboard 3
BRI TTONELBEAE Ay ST

$ python <PATH>/1if_fc_mnist.py --help

usage: 1lif_fc_mnist.py [-h] [-—-device DEVICE] [--dataset-dir DATASET_DIR] [--log-dir.
—LOG_DIR] [--model-output-dir MODEL_OUTPUT_DIR] [-b BATCH_SIZE] [-T T] [--1lr LR] [-—
—~tau TAU] [-N EPOCH]

spikingjelly LIF MNIST Training

optional arguments:
-h, —--help show this help message and exit
—-device DEVICE FEATWIKR L, Fliw “cpu” H “cuda:0” Device, e.g., "cpu" or
—"cuda:0"
—-—dataset-dir DATASET_DIR

REMNISTH EE WML E, Hlw “./” Root directory for saving.
—MNIST dataset, e.g., "./"
--log-dir LOG_DIR % HFtensorboard H E X WAL E, #flw “./” Root directory for.
—saving tensorboard logs, e.g., "./"
—--model-output-dir MODEL_OUTPUT_DIR

ERBREFERRZ, fldw “./" Model directory for saving, e.g., "./

"
—

-b BATCH_SIZE, —--batch-size BATCH_SIZE
Batch A/, fl#m “64" Batch size, e.g., "64"
-T T, —-timesteps T FEREK, flaw “100” Simulating timesteps, e.g., "100"
--1lr LR, —--learning-rate LR
% 3 E, flw “le-3" Learning rate, e.g., "le-3":
—-—tau TAU LIF# £ 0 0 B il % #tau, #l “100.0” Membrane time constant,.
—tau, for LIF neurons, e.g., "100.0"
-N EPOCH, —--epoch EPOCH
| kepoch, #lw “100” Training epoch, e.g., "100"

i SRR, YIZREAER SNN, Frds BAFRCR ST ERHS T RIEMC, BRAY T AR ST /NG 5 AP
K, IR R, (HINGRRCRA—E 4. T AR, SNN FERFA]_ BRI G 22— AR TR R 45
XS B L 1 A% 1 7 ) T D SR A

FAOMETFAEN TR, PSR R T,
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1.5.3 JI4r&ER

B tau=2.0,T=100,batch_size=128, 1r=1e-3, % 100 4> Epoch J5, <%y H 094 npy SCf4F, it
8 IR R 92.5% , iE5d matplotlib RIALAKASE 1) EAf 3 A &

Train ACC (30496,1.0)
LO0F il o ' TR 2 v ' ]
0.75 F i
9 E
< 050F h
0.25 F ]
0 10000 20000 30000 40000
Tteration
Test Acc (88,0.925)
0925 - ~— -~ T T T T T T T T T Ty e— ]
0.920 [ .
;:‘3 0.9152— 1
0.910 | i
0905
0 20 40 60 80 100
Epoch

eI A 2 — SR IAT
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FHINEF IR T 02, 4580 70 45 R

Firing rate: [[0. O. O. 0. 0. 0. O. 1. 0. 0.]]

W visualizing BB e RO AL 2 5 2 0 T AR Bk 4R T s
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Spikes of Neurons Firing Rate
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Membrane Potentials
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T LA B B TOIE B 28 BN A R 0 A, R S0 R RO A ke 52 B G IR AR TS T L

clock_driven/examples/lif _fc_mnist.py

1.6 B+E19Ez): {#EAH&EFR SNN i25%] Fashion-MNIST

REFENEE: fangweil23456
TEANTHRE Y, RAVEHE A NGR4T Fashion-MNIST $l 4447422 . Fashion-MNIST 4§

Pk, 5 MNIST HlRderytsMIA], 392 1 28 = 28 KIEET
1.6.1 PB4

ANN E W ETMZE MY, RE2H02EH + S1ERZMIE, AT SNN i K45 . S AM
KRR, 48K torch.nn.Module, & XIFKNTAIMLE:

import torch

import torch.nn as nn

import torch.nn.functional as F

import torchvision

from spikingjelly.clock_driven import neuron, functional, surrogate, layer
from torch.utils.tensorboard import SummaryWriter

import os

import time

(AN
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(% L0
import argparse
import numpy as np
from torch.cuda import amp
_seed_ = 2020
torch.manual_seed (_seed_) # use torch.manual_seed() to seed the RNG for all devices.

— (both CPU and CUDA)
torch.backends.cudnn.deterministic = True
torch.backends.cudnn.benchmark = False

np.random. seed (_seed_)

class PythonNet (nn.Module) :
def _ init_ (self, T):
super () .__init__ ()

self. T =T

ROk, AE PythonNet W AR PIRIERZMEIERZE . FATEM 2 SEH-BN-Jl b

self.conv = nn.Sequential (
nn.Conv2d (1, 128, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (128),
neuron.IFNode (surrogate_function=surrogate.ATan()),

nn.MaxPool2d (2, 2), # 14 * 14

nn.Conv2d (128, 128, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (128),
neuron.IFNode (surrogate_function=surrogate.ATan()),

nn.MaxPool2d (2, 2) # 7 * 7

1 * 28 * 28 I AL XHRHGRIZER G, 53] 128 * 7 * 7 [ kb,

XA RZ, Henl DR B gigas e - A8 b—m#0fE, MNIST H5IR9ACRS A, FoAi 16 s gmis s,
B b k. SEBR EIRATSE e DAE R A A SNN, FEXAME LT, SNN H 1 E kit 4502
KMHZHIMNEZE, \TABEER DS EO I A mies. BRI, FOI0AE LB RZ PR )z

nn.Conv2d (1, 128, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (128),

neuron.IFNode (surrogate_function=surrogate.ATan())

X 3R, S E AR, Skl PTRARVER DA

BTk, ATE X 2 ZREBEmMY, iR . Fashion-MNIST $:47 10 25, bk 22 10 Mz
JCe
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self.fc = nn.Sequential (
nn.Flatten(),
nn.Linear (128 * 7 * 7, 128 * 4 * 4, bias=False),
neuron. IFNode (surrogate_function=surrogate.ATan()),
nn.Linear (128 * 4 * 4, 10, bias=False),

neuron. IFNode (surrogate_function=surrogate.ATan()),

B, ST

def forward(self, x):

x = self.static_conv(x)
out_spikes_counter = self.fc(self.conv(x))
for t in range(l, self.T):

out_spikes_counter += self.fc(self.conv(x))

return out_spikes_counter / self.T

162 BRERITE

AT DA EHNGRX AR 45, A2 BiTR MNIST 43 2S8FE . (HIRATANR ST i LR 45 i 254, RTDAR L, A
LTS AR XTMARIET 2 )2, BRSPS R s

self.conv = nn.Sequential (
nn.Conv2d (1, 128, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (128),
neuron.IFNode (surrogate_function=surrogate.ATan()),

nn.MaxPool2d (2, 2), # 14 * 14

nn.Conv2d (128, 128, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (128),
neuron. IFNode (surrogate_function=surrogate.ATan()),

nn.MaxPool2d (2, 2) # 7 * 7

X2 JRBM AR, AR € 22fl, (BAE for MRERT, BHR img AR HUHAIEX 2 EIITR, SEIAM
RIR o FATATASRIUHIX 2 )2, NS SIE] LA, SERIUEIT

class PythonNet (nn.Module) :
def _ init_ (self, T):
super () .__init__ ()

self. T =T

(A
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self.static_conv = nn.Sequential (
nn.Conv2d (1, 128, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (128),

self.conv = nn.Sequential (
neuron. IFNode (surrogate_function=surrogate.ATan()),

nn.MaxPool2d (2, 2), # 14 * 14

nn.Conv2d (128, 128, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (128),
neuron.IFNode (surrogate_function=surrogate.ATan()),

nn.MaxPool2d (2, 2) # 7 * 7

)

self.fc = nn.Sequential (
nn.Flatten (),
nn.Linear (128 * 7 * 7, 128 * 4 * 4, bias=False),
neuron. IFNode (surrogate_function=surrogate.ATan()),
nn.Linear (128 * 4 * 4, 10, bias=False),

neuron. IFNode (surrogate_function=surrogate.ATan()),

def forward(self, x):

x = self.static_conv(x)
out_spikes_counter = self.fc(self.conv(x))
for t in range(l, self.T):

out_spikes_counter += self.fc(self.conv(x))

return out_spikes_counter / self.T

X AR AN A A (LR SNN, - B4R SNN B AR, (AR RTLZ FTREBCA RS, FATATDAA
PhFEBUR XL, R EATEITE R A BRI IR Z 5b, st
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1.6.3 )4k

TR T spikingjelly.clock_driven.examples.conv_fashion_mnist, Y|ZamdU0R:

Classify Fashion-MNIST

optional arguments:

-h, --help show this help message and exit

-T T simulating time-steps

—device DEVICE device

-b B batch size

—epochs N number of total epochs to run

-j N number of data loading workers (default: 4)

—-data_dir DATA_DIR
—-out_dir OUT_DIR
—resume RESUME

root dir of Fashion-MNIST dataset
root dir for saving logs and checkpoint

resume from the checkpoint path

—amp automatic mixed precision training

—-cupy use cupy neuron and multi-step forward mode
-opt OPT use which optimizer. SDG or Adam

-1lr LR learning rate

—-momentum MOMENTUM momentum for SGD
—-1lr_scheduler LR_SCHEDULER

use which schedule. StepLR or CosALR
—-step_size STEP_SIZE step_size for StepLR
—gamma GAMMA gamma for StepLR

-T_max T_MAX T_max for CosineAnnealingLR

Ht —cupy 2 cupy JGum ML HMAETC, KT EMEZEES WL EX AL CUDA 34 5z0h4h 215
B EEHI AT ok,

A T S RAFAE tensorboard HESUHFRIEH H R . SLEGHLER A Intel(R) Xeon(R) Gold 6148 CPU @
2.40GHz i) CPU 1 GeForce RTX 2080 Ti i) GPU,

(pytorch-env) root@e8b6e4800dae4011eb0918702bd7ddedd51c-fangwl598-0:/# python -m.
—sspikingjelly.clock_driven.examples.conv_fashion_mnist —-opt SGD —-data_dir /userhome/

—datasets/FashionMNIST/ —amp

Namespace (T=4, T_max=64, amp=True, b=128, cupy=False, data_dir='/userhome/datasets/

—FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, Jj=4, 1lr=0.1, lr_scheduler=

— 'CosALR', momentum=0.9, opt='SGD', out_dir='./logs', resume=None, step_size=32)

PythonNet (
(static_conv): Sequential (

(0): Conv2d(l, 128, kernel size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)

(1) : BatchNorm2d (128, eps=1e-05, momentum=0.1, affine=True, track_running_

—stats=True)
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)
(conv) : Sequential (
(0) : IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(1) : MaxPool2d (kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=False)
(2): Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),-
—bias=False)
(3) : BatchNorm2d (128, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
(4) : IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(5) : MaxPool2d (kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=False)
)
(fc): Sequential (
(0): Flatten(start_dim=1, end_dim=-1)
(1) : Linear (in_features=6272, out_features=2048, bias=False)
(2): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(3) : Linear (in_features=2048, out_features=10, bias=False)
(4) : IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False

(surrogate_function): ATan(alpha=2.0, spiking=True)

)

Mkdir ./logs/T_4_b_128_SGD_1lr_0.1_CosALR_64_amp.

Namespace (T=4, T _max=64, amp=True, b=128, cupy=False, data_dir='/userhome/datasets/
—FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, j=4, 1lr=0.1, lr_scheduler=
— 'CosALR', momentum=0.9, opt='SGD', out_dir='./logs', resume=None, step_size=32)
./logs/T_4_b_128_SGD_lr_0.1_CosALR_64_amp

epoch=0, train 10ss=0.028124165828697957, train_ acc=0.8188267895299145, test loss=0.
—023525000348687174, test_acc=0.8633, max_test_acc=0.8633, total_ time=16.
—86261749267578

Namespace (T=4, T_max=64, amp=True, b=128, cupy=False, data_dir="'/userhome/datasets/
—FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, Jj=4, 1lr=0.1, lr_scheduler=
—'CosALR', momentum=0.9, opt='SGD', out_dir='./logs', resume=None, step_size=32)

./logs/T_4_b_128_SGD_1lr_0.1_CosALR_64_amp

(AN

1
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epoch=1, train 10oss=0.018544567498163536, train acc=0.883613782051282, test_ loss=0.
—02161250041425228, test_acc=0.8745, max_test_acc=0.8745, total time=16.
—618073225021362

Namespace (T=4, T_max=64, amp=True, b=128, cupy=False, data_dir="'/userhome/datasets/
—FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, Jj=4, 1lr=0.1, lr_scheduler=

—'CosALR', momentum=0.9, opt='SGD', out_dir='./logs', resume=None, step_size=32)

./logs/T_4_b_128_SGD_1lr_0.1_CosALR_64_amp

epoch=62, train_loss=0.0010829827882937538, train_acc=0.997512686965812, test_ loss=0.
—011441250185668468, test _acc=0.9316, max_ test acc=0.933, total time=15.
—~976636171340942

Namespace (T=4, T_max=64, amp=True, b=128, cupy=False, data_dir='/userhome/datasets/
—FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, j=4, 1lr=0.1, lr_scheduler=

— 'CosALR', momentum=0.9, opt='SGD', out_dir='./logs', resume=None, step_size=32)
./logs/T_4_b_128_SGD_lr_0.1_CosALR_64_amp

epoch=63, train 1loss=0.0010746361010835525, train acc=0.9977463942307693, test_ loss=0.
—01154562517106533, test_acc=0.9296, max_test_acc=0.933, total time=15.83976149559021

a7 64 INZIG, VIZRENMIALE LR IR AT
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1.000 8
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e
E

0.875 | 8
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Accuracy on test set
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TEZ5 64 4~ epoch J5, i MHXAE IR AT LAIAE] 93.3%, %}F SNN MM & @ IEHE A PERE, (UUBART

Fashion-MNIST ] BenchMark H{# fii Normalization, random horizontal flip, random vertical flip, random translation,

random rotation /] ResNet18 %] 94.9% 1EHi=

1.6.4 Tt YmttE

IEMIATHERSCH A, B EE A SNN, WA kit 202 M Z i)z, W AR R a2
Mg s . BRI, SR BRATAYRILE A R R iy m e il o

class Net (nn.Module) :

def _ init_ (self, T):

self.static_conv = nn.Sequential (
nn.Conv2d (1, 128, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (128),

self.conv = nn.Sequential (

neuron.IFNode (surrogate_function=surrogate.ATan()),

EET )

1.6. BHiEEzh: EF#EFR SNN iR5I Fashion-MNIST 45



https://github.com/zalandoresearch/fashion-mnist

spikingjelly, & fTha4 alpha

(€A

PAEEFRAN DR ER —T, NGRS, MIBRCRAAT. EFATHTE—A> python SUF, S AMKAKIR,
HHEOBTE L batch_size=1 WRHMERE, VBN ZE KK R —IKE &R

from matplotlib import pyplot as plt

import numpy as np

from spikingjelly.clock_driven.examples.conv_fashion_mnist import PythonNet
from spikingjelly import visualizing

import torch

import torch.nn as nn

import torchvision

test_data_loader = torch.utils.data.DataLoader (

dataset=torchvision.datasets.FashionMNIST (
root=dataset_dir,
train=False,
transform=torchvision.transforms.ToTensor (),
download=True),

batch_size=1,

shuffle=True,

drop_last=False)

MBRAFIZR AL, B Log_dir FSRT, MEUGEFRLS, FHheBuhdfdas. f£ CPU _LisfrRil:

net = torch.load('./logs/T_4_b_128_SGD_lr_0.1_CosALR_64_amp/checkpoint_max.pth', 'cpu
— ")y ["net "]
encoder = nn.Sequential (
net.static_conv,
net.conv[0]
)

encoder.eval ()

HRoR, BRI K R, EAZISES, IFAE R R M 3o, Seo AT BT, AL
Xt feature_map MBREEM 7IH—fb, FFEMETEE LA E] [0, 10,

with torch.no_grad() :
#BEEE-RA2HEHEE, RENKE LK — K
for img, label in test_data_loader:

fig = plt.figure (dpi=200)

plt.imshow (img.squeeze () .numpy (), cmap='gray')
#EEMANRMENE KRR R (1, 1, 28, 28], FOANEE EL
< ‘batch'', ® 1\ % FE & °channel'’

# W ARA imshow ~ B, LA - squeeze() ' W R Z & 28, 28]

(AN

1
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plt.title('Input image', fontsize=20)
plt.xticks ([])
plt.yticks ([1])
plt.show ()
out_spikes = 0
for t in range(net.T):
out_spikes += encoder (img) .squeeze ()
# encoder (img) W R~ & ' [1, 128, 28, 28] ", EFE H ° squeeze() .
A R~% " ri1zs, 28, 28]
if t == 0 or t == net.T - 1:
out_spikes_c = out_spikes.clone ()
for i in range (out_spikes_c.shape[0]):
if out_spikes_c[i] .max () .item() > out_spikes_c[i].min().item() :
# X & ) feature mapBh H — ., £ B 7 £ & bif
out_spikes_c[i] = (out_spikes_c[i] - out_spikes_c[i].min()) /_
— (out_spikes_c[i] .max () — out_spikes_c[i] .min())
visualizing.plot_2d_spiking_feature_map (out_spikes_c, 8, 16, 1, None)
plt.title ('$\\sum_ S_{t}$ at St
plt.show ()

'+ str(t) + 'S$', fontsize=20)

THERER 2 AR, PARAERITIR ©=0 FliR)a t=7 W20 i aedn th i) Rt ke 32, Sy
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Input 1mage
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ZStatt:O
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Input 1mage
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Statt:()

WEERTDAZCEL, AR 1) R T bkt 32, Sy ARFHEGT IR AFCRR , RIIXAP H 22~ (kb b, AR
i Y 20 1 FE
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1.7 ANN #% SNN

AR¥FEVEE : Dinglianhao, fangweil23456
AR HFETFE XA spikingjelly.clock_driven.ann2snn, FEHUMPREIZRIFHT ANN &4 SNN, I
H.7E SpikingJelly #E42 b 3475 L.

BRMSEIT R AMESLI: T ONNX FIEET PyTorch. 1T ONNX RFsE, AHi4< PyTorch H{5EHR ,
JE A SR 2D (19140 ResNet) . —i R H AN !

1.7.1 ANN %535 SNN 93 iS Bl

SNN AHHCT ANN, 7k ikt R 00 , 5 M RIRE . 78 ANN KATIERAG 4K, SNN B I
TR VER. H AT 12 HE T B33 MG ANN SEH05] SNN, 72 SNN U608l it
AL SN AR ANN AT SNN SRR, Be SNN 00y SR R IIBIRATD, WU Tat, #
114 FA 2 TER b SO T B RN ANN A 04 3 RIE?

BN, ANN 16 ReLU £ TAELHERT AT SNN o IF W 2858 CRAAZEIRE Vinresnora AT B9 %
HORATERSRI A e, 01T DS M FRE T HEF TR . XL BURO MR TE IRy, HUBLIR I s
it FBEEIY Soft Jrst.

5238 IF #ETThikp A BSTRFIMA B X R

FAIa SIEER AL IF #2200, WA KA o 208 . 5 Je e ARSI, e IF M 2002
il B AT I A TF MIZTCRI A 2

import torch

from spikingjelly.clock_driven import neuron
from spikingjelly import visualizing

from matplotlib import pyplot as plt

import numpy as np

plt.rcParams|['figure.dpi'] = 200

if _node = neuron.IFNode (v_reset=None)

T = 128

x = torch.arange(-0.2, 1.2, 0.04)
plt.scatter (torch.arange (x.shape[0]), x)
plt.title('Input $x_{i}$ to IF neurons')
plt.xlabel ('Neuron index $i$'")
plt.ylabel ("Input S$x_{1}$")
plt.grid(linestyle="-.")

plt.show ()
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Input z; to IF neurons

T T T T T T T

0.6 @

Input z;
[ J

0.4r ®

0.2r @

0.0r @

—02r—@

0 5 10 15 20 25 30
Neuron index

BTk, B ABAZ IFHEITZE, Hiafr 1=128 4, WERKMZICL I kb . kb & o

35

s_list = []
for t in range(T):

s_list.append(if_node (x) .unsqueeze (0))

out_spikes = np.asarray (torch.cat (s_list))
visualizing.plot_1d_spikes (out_spikes, 'IF neurons\' spikes and firing rates', 't',
< 'Neuron index $i$")

plt.show ()

1.7. ANN %%3& SNN
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< (BN AN [N [ N [ N
'216 ||““““I|| “ ||I””””|| II ||““““I|| “ ||I””””|| II ||““““I|| “
H
R T A A A
4
A T e A R i
o I b A Bt b
|I|I | | |I |I|I | | |I |I | I| |I |I | | |I |I|I | I| |I
| | | | | | | | | |
I e i
0 15 30 45 60 75 90 105 120

t

TTPAKBL, Bkih R BRAE—E T A, SR o IR/MRIE L .
FPOK, LRFAT Y IF 2 kb TR M A o ML, H5 ReLU(z;) Xt H:

plt.subplot (1, 2, 1)

firing_rate = np.mean (out_spikes, axis=1)
plt.plot (x, firing_rate)

plt.title('Input $x_<{i}$ and firing rate')
plt.xlabel ('Input S$x_{i}S$")

plt.ylabel ('Firing rate')
plt.grid(linestyle="-.")

plt.subplot (1, 2, 2)

plt.plot(x, x.relu())

plt.title('Input $x_{i}$ and ReLU ($x_{1}$)")
plt.xlabel ('Input $x_{i}$")
plt.ylabel ('"ReLU ($x_{1}$)")
plt.grid(linestyle="'-.")

plt.show ()
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Input z; and firing rate Input z; and ReLU(x;)
T T T T T T T T 1.2 T T T T T T T ]
1.0 .
1.0 .
0.8F d
0.8F d
% 0.6 ) -~
; g
g
t = 0.6 1
& =
= Q
[ oot
=04t ]
04F 1
0.2 d
0.2 1
0.0 . 0.0 .
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
—-0.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2 —-0.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2
Input z; Input z;

APAEEL, WHERIHEL L, FEERERE, R em T 1, FL IF e ek ile ANN
ReLU fy A KT 1 G OL

EiSUEEA

SCHRT X ANN %% SNN SR {IL T A g B Bt . BRISTERH, SNN Hiiy IF #1220 2 ReLU 3% oR KI0fe i 1a) L
TelmAliits

FERPMZ A5E— 2 B AJZ, 1HE SNN MIZE TR AR r AR, ANN Hii i R &R . BUE i AT E N
z € [0, 1) XFFRAIAE B IF #Zen, HFEHRAL V EEmFRAE L -

Vi =Vic1 4+ 2 — VinreshotdBt

fol:
Vinweshota B MR, SEHBEH 1.0, 0, HhisHkid . T IR 1 0 T4 B bRl A % e, (R A
a1

T

Z ‘/t Z ‘/t 1+ 2T — ‘/threshold Z et

t=1 t=1

A Ve BT E) A2 WJQI_JHQLP%U\T3
Vr =W ZtT—1 b

=z V;&hreshold % =z Vvthreshold
Hot N o T b p kb8, st &R ro A 2 = Vinreshoaa B :

Vr =W
T‘/threshold

N
T

!

r=a—

! Rueckauer B, Lungu I-A, Hu Y, Pfeiffer M and Liu S-C (2017) Conversion of Continuous-Valued Deep Networks to Efficient Event-Driven

Networks for Image Classification. Front. Neurosci. 11:682.
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BOEDT EUR )25 T TS LT
r=ala>0)

KA, ERXIPRRFIZE TR, SCHR > T 2 U ) R

Vi

’I"l _ erlfl + bl Y
TVYthreshold

VAU L SCHRT 55 1. ann2snn w77 T L 3 BEOK 5 Sk 55

IR B Bkoh i P 4

A S AR A T

L. ANN g T BRI AN th 74—k (Batch Normalization ). #tUH—fb B7ERF ANN fij 5 —{LFI
0 (. X5 SNN AR T . UL, ATDAKE BN B B0 i # siTa iy 2402+ (Linear, Conv2d)

2. FREGHFARIEE, ANN RO4EZ 50 ST I T3 2R HITE 10,11 YERIY, X 20 SR T4 (LAY —
)

@ BatchNorm %z 1k

iR 8 BatchNorm £ %8 ~ (BatchNorm.weight), 8 (BatchNorm.bias), u (BatchNorm.
running_mean) , ¢ (BatchNorm.running_var, o = J/running_var)., & % ¥ E L iE R
torch.nn.BatchNorm1d . ZErfisk (40 Linear) G &% W #1 b . BatchNorm 2 ¥ UL 3t 2 % Batch-
Norm [ SHGH T 12 R B SEEG Wb, SIS0 B A B i 1 Fl A BatchNorm BAH[R] . Xt
PR Wb AR N

b="1(b—p)+p
(o)
& B —1E

XFRHASHH, BER R T HE AR KR, A ARSI Apre . i KR A SR E
A2, AR W

W= A
LR b

- b

"=3
ANN 42 H 10407 BRI 7, (LR P o0 A T AE R IR BB, X & SEC IR M2 7
BRI, 8 T AR R, BRI LA T I A (A AR p AP0, STk

R RLRE N 99.9.
FIPAE A IR, FATRZ MR, EEUE LR e 5 . M IRYRBIALR BV %5 IR AU R o
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St AR ER R R ) ReLU J0% BRACEN TF 2270, X1 ANN thigFagfl, FoA175 2k 1%
RS R R BT TF MIE 0] PSRRI ReLU JIE R4, 2518 T RAE SRS IF #0270 55X 45 3 52 i
/e X F ANN Hi i kb, B aidca BB T 2. B iy 2060 5 T2 & 2T ke ]
P R i kb e > o AL IRATTIR SRR BT avgpool2d. ELRT, MKHRFEILHIS, SNN T8 AfH
JEMIBLI A . {57 Poisson gl R 2y K HER R B

S E5TEEE
ann2snn HEZLFE 2022 4F 4 H Sk — R KB . BUH T parser £ simulator i3S, i i converter 2584t 1
ZHIM A ZE. HEIW O EEmERS, H A T2k a8 a3 m.

@ Converter 2% T ReLU f) ANN 546>k SNN., 3 LS 1 DAY =Rl Je LAY & Joe K L i
B, BRI RS2 RS BB, O R b e 4 DL BB X LTS U s R (R DL o B AT
ZAF S K mode BEE N “max[#2]_. 99.9% HLFLEHARAFI 99.9% HYBLIE /Ol BRI T BB B
METE 2L 24 mode BCE N “99.9% [#1]_. G, M PR 24 E S R, BImTA
A B F R AEX AT EA T BR o il X AP AT 2 248 mode B 0-1 13F AL

1.7.2 R3] MNIST

BAEFAIMN ann2snn | B BB, X MNIST #fide it ik

WA LI M 2 4544 (I, “ann2snn.sample_models.mnist_cnn®) :

class ANN (nn.Module) :
def @ init__ (self):

super () .__init__ ()

self.network = nn.Sequential (
nn.Conv2d (1, 32, 3, 1),
nn.BatchNorm2d (32, eps=le-3),
nn.RelLU(),
nn.AvgPool2d (2, 2),

nn.Conv2d (32, 32, 3, 1),
nn.BatchNorm2d (32, eps=le-3),
nn.RelLU(),

nn.AvgPool2d (2, 2),

nn.Conv2d (32, 32, 3, 1),
nn.BatchNorm2d (32, eps=le-3),
nn.RelU(),

nn.AvgPool2d (2, 2),

nn.Flatten (),

nn.Linear (32, 10),

[y
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nn.RelLU ()

def forward(self,x):
x = self.network (x)

return x

VR 0RAE R F5 B tensor JEFFAUTENL, BAAEMZEHE X —4> nn.Flatten ik, 7 forward pR%LH 52
{1 F 22 X i) Flatten | A~ 2 view BRET.

TE XA S I

torch.random.manual_seed (0)

torch.cuda.manual_seed (0)

device = 'cuda'

dataset_dir = 'G:/Dataset/mnist’'
batch_size = 100

T = 50

RXHLE Tt — 2 LHERR I O I A HERR I )2
WEREAEIN R, O ER IR s . oA . Miskedigl, fian:

lr = l1le-3

epochs = 10

# 2 Mk B H

loss_function = nn.CrossEntropyLoss ()
# £ A Adamff 1t &

optimizer = torch.optim.Adam(ann.parameters(), lr=1r, weight_decay=5e-4)

UIZE ANN, 7RI, FRATHIEIZE T 10 4> epoch. YIZRIIIHKAMER FALMLRE LA T -

Epoch: 0 100% | NIIEEEEEE 600/600 [00:05<00:00, 112.04it/s]
Validating Accuracy: 0.972
Epoch: 1 100 || INNEEEEEEE 600/600 [00:05<00:00, 105.43it/s]
Validating Accuracy: 0.986
Epoch: 2 100 | 600/600 [00:05<00:00, 107.49it/s]
Validating Accuracy: 0.987
Epoch: 3 100% NI 600/600 [00:05<00:00, 109.26it/s]
Validating Accuracy: 0.990
Epoch: 4 100% || 600/600 [00:05<00:00, 103.98it/s]
Validating Accuracy: 0.984
Epoch: 5 100 | NEIEEEEEE 600/600 [00:05<00:00, 100.42it/s]
Validating Accuracy: 0.989
Epoch: 6 100 | 600/600 [00:06<00:00, 96.24it/s]

[y
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Validating Accuracy: 0.991
Epoch: 7 100% | INIEEEEEE 600/600 [00:05<00:00, 104.97it/s]
Validating Accuracy: 0.992
Epoch: 8 100% || 600/600 [00:05<00:00, 106.45it/s]
Validating Accuracy: 0.991
Epoch: 9 100 || 600/600 [00:05<00:00, 111.93it/s]
Validating Accuracy: 0.991

GRS, FATHRE N F R PR i P i -

model.load_state_dict (torch.load('SJ-mnist-cnn_model-sample.pth'))
acc = val (model, device, test_data_loader)

[}

print ('ANN Validating Accuracy: "% (acc))

LS N

100% IR 200/200 [00:02<00:00, 89.44it/s]
ANN Validating Accuracy: 0.9870

il Converter AT AR i, HIFESHOPE ARG A RECRITT . Bl MaxNorm, F52EE
X —A~ “ann2snn.Converter*, Ff HIEMFLAY forward 251X 4

model_converter = ann2snn.Converter (mode='max', dataloader=train_data_loader)

snn_model = model_converter (model)

snn_model it 245 3k i SNN %

BB, FAT5r B OB “max®, 99.9%, 1.0/2, 1.0/3, 1.0/4, “LO/S*NL T SNN 4
T4 BUREE T S8R .

print ('Converting using MaxNorm')
model_converter = ann2snn.Converter (mode='max', dataloader=train_data_loader)
snn_model = model_converter (model)

print ('Simulating...")

mode_max_accs = val (snn_model, device, test_data_loader, T=T)
print ('SNN accuracy (simulation time-steps) : ' % (T, mode_max_accs[—-1]))
print('-——-—-- ")

print ('Converting using RobustNorm')

model_converter = ann2snn.Converter (mode='99.9%', dataloader=train_data_loader)
snn_model = model_converter (model)

print ('Simulating...")

mode_robust_accs = val (snn_model, device, test_data_loader, T=T)
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print ('SNN accuracy (simulation time-steps) : ' % (T, mode_robust_accs[-11))

print ('Converting using 1/2 max (activation) as scales...')

model_converter = ann2snn.Converter (mode=1.0 / 2, dataloader=train_data_loader)
snn_model = model_converter (model)

print ('Simulating...")

mode_two_accs = val (snn_model, device, test_data_loader, T=T)

o

print ('SNN accuracy (simulation time-steps) : "% (T, mode_two_accs[-11))

print ('Converting using 1/3 max (activation) as scales')
model_converter = ann2snn.Converter (mode=1.0 / 3, dataloader=train_data_loader)
snn_model = model_converter (model)

print ('Simulating...")

mode_three_accs = val (snn_model, device, test_data_loader, T=T)
print ('SNN accuracy (simulation time-steps) : ' % (T, mode_three_accs[-1]))
print('-———— ")

print ('Converting using 1/4 max (activation) as scales')

model_converter = ann2snn.Converter (mode=1.0 / 4, dataloader=train_data_loader)
snn_model = model_converter (model)

print ('Simulating..."')

mode_four_accs = val (snn_model, device, test_data_loader, T=T)

o

print ('SNN accuracy (simulation time-steps) : ' % (T, mode_four_accs[-1]))

print ('Converting using 1/5 max (activation) as scales')

model_converter = ann2snn.Converter (mode=1.0 / 5, dataloader=train_data_loader)
snn_model = model_converter (model)

print ('Simulating..."')

mode_five_accs = val (snn_model, device, test_data_loader, T=T)

print ('SNN accuracy (simulation time-steps) : ' % (T, mode_five_accs[-1]))

pUR SEuEEt hE

Converting using MaxNorm

100% I 500/600 [00:04<00:00, 128.25it/s] Simulating...

1005 | IIEE | 200/200 [00:13<00:00, 14.44it/s] SNN accuracy (simulation 50 time-
—steps): 0.9777

Converting using RobustNorm

100% I 500/600 [00:19<00:00, 31.06it/s] Simulating...

[y
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#HLI)
1005 | RN 200/200 [00:13<00:00, 14.75it/s] SNN accuracy (simulation 50 time-
—steps): 0.9841
Converting using 1/2 max (activation) as scales...
100% I 500/600 [00:04<00:00, 126.64it/s] ]Simulating...
100 BB  200/200 [00:13<00:00, 14.90it/s] SNN accuracy (simulation 50 time-
—steps): 0.9844
Converting using 1/3 max (activation) as scales
100% || 600/600 [00:04<00:00, 126.27it/s] Simulating...
100 BB  200/200 [00:13<00:00, 14.73it/s] SNN accuracy (simulation 50 time-
—steps): 0.9828
Converting using 1/4 max(activation) as scales
100% || 600/600 [00:04<00:00, 128.94it/s] Simulating...
1005 | RN 200/200 [00:13<00:00, 14.47it/s] SNN accuracy (simulation 50 time-
—steps): 0.9747
Converting using 1/5 max(activation) as scales
1005 | I 600/600 [00:04<00:00, 121.18it/s] Simulating...
1005 | RN 200/200 [00:13<00:00, 14.42it/s] SNN accuracy (simulation 50 time-
—steps): 0.9487

RGBT DA B2 AR P o BERUREREE BE 200 ALFT 11s SEA (GTX 2080t ) o ARHEASIZL byt 1 i
I TSP HERR R, FRATTAT DAZ A ) BB R A HER R 1R

fig = plt.figure()

plt.plot (np.arange (0, T), mode_max_accs, label='mode: max')
plt.plot (np.arange (0, T), mode_robust_accs, label='mode: 99.9%")
plt.plot (np.arange (0, T), mode_two_accs, label='mode: 1.0/2")
plt.plot (np.arange (0, T), mode_three_accs, label='mode: 1.0/3")
plt.plot (np.arange (0, T), mode_four_accs, label='mode: 1.0/4")
plt.plot (np.arange (0, T), mode_five_accs, label='mode: 1.0/5")
plt.legend()

plt.xlabel ('t")

plt.ylabel ('Acc')

plt.show ()

AR BCE R DMFRIR R EER, AR, (R 2R, AR, (B . HArA

AR B O 7 RIS
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1.8 58{t%>] DQN

AHARVEF : fangweil 23456, lucifer2859

A H AL ) SNN T 5230 PyTorch ‘& 51§ REINFORCEMENT LEARNING (DQN) TUTORIAL, #1544
T B T R RS, oA EARR @ X R AR

1.8.1 EXEMA

fE ANN B2, B CartPole FIAHLR WML ZZ1E A, AR5 CNN REEHURAE. ] SNN 52
B, WA PARAM R, (HEATR) Gym #5845 2 Wikt , SUR s ETE S, AT To R B A i ik
528 TN, T BEAMERE , FRATE 4 A TE i Ay CartPole %) Observation, HJJ Cart Position, Cart Velocity,
Pole Angle 7/l Pole Velocity At Tip, %@/ 4 4> float STTRIYEEA . YRR AURD WL TR ZAMAH Y 3, FHHE
TR

BACLEUCH 4 4 float JURAVEAL, 1L FRINTAE L SNN. FEIER, 7 Deep Q Learning 1, HiZK
2%7e Q eRAK, 1 Q pREUN I HH V%2 — N ESE. X EWRE TN SNN fieJo— 2 A fk th ko, 75 W19
I Q eR A LAt O A 1, (EATEARAY Q gk, WORSARMZE . 1k SNN I ELLEN T IEARE, Z
HIBAR P > RAT 55, 28 doe 25 1) i e i 2 O o AR, B BT T I 2 B i e ki, R AT
HIRAFEI . AEXAMESH, AR TR A bk KOs, BORFTRESARE, Nt lkeh At A2
e LS HET A, ATRRRIKh R HURRIME AR O, 7, 2, ..., Lo

FAVEE 75 —Fh R A {7 SNN i Hh P2 AL 7 v REph s BB BCE TR K, SR St
ST ZI AR . AT i ZocdER R g, AFREAKEAMEATT, HE forward
PRACEITT . LIF #2204 MR TF 2 O R fRT R A AR Y, DRIERATT () LIF ookl s -

class NonSpikingLIFNode (neuron.LIFNode) :
def forward(self, dv: torch.Tensor):
self.neuronal_charge (dv)
# self.neuronal_fire()
# self.neuronal_reset ()

return self.v

K, BT Deep Q Spiking Network, W25 S5H{ER {8, 423 He-IF i 285041 4%-NonSpikingLIF
MZTC, EHR-IF A TR gt fER , 1418 -NonSpikingLIF i 28 o n] AR /E— Ik SRas -

class DQSN (nn.Module) :
def __init__ (self, input_size, hidden_size, output_size, T=16):
super () .__init__ ()
self.fc = nn.Sequential (
nn.Linear (input_size, hidden_size),
neuron. IFNode (),
nn.Linear (hidden_size, output_size),

NonSpikingLIFNode (tau=2.0)

[y
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self. T =T
def forward(self, x):
for t in range(self.T):

self.fc(x)

return self.fc[-1].v

1.8.2 )k

GRERHACES, 5 ANN A LPHIF . HEIEERZ, ANN (MW 2005 A, AT env &

[a] i) Observation 1 ki A o
ANN FJER A A -

for i_episode in range (num_episodes) :
# Initialize the environment and state
env.reset ()
last_screen = get_screen()
current_screen = get_screen()
state = current_screen - last_screen
for t in count () :

# Select and perform an action

action = select_action(state)
_, reward, done, _ = env.step(action.item())
reward = torch.tensor ([reward], device=device)

# Observe new state
last_screen = current_screen
current_screen = get_screen|()
if not done:
next_state = current_screen - last_screen
else:

next_state = None

# Store the transition in memory

memory.push (state, action, next_state, reward)

# Move to the next state

state = next_state

[y
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# Perform one step of the optimization (on the target network)
optimize_model ()
if done:
episode_durations.append(t + 1)
plot_durations ()
break
# Update the target network, copying all weights and biases in DQON
if i_episode % TARGET_UPDATE == O:
target_net.load_state_dict (policy_net.state_dict())
SNN IR AN, AT AN S A b A5 22 il B R BB S 4
for i_episode in range (num_episodes) :
# Initialize the environment and state
env.reset ()
state = torch.zeros([1l, n_states], dtype=torch.float, device=device)
total_reward = 0
for t in count () :
action = select_action(state, steps_done)
steps_done += 1
next_state, reward, done, _ = env.step(action.item())
total_reward += reward
next_state = torch.from_numpy (next_state) .float ().to(device) .unsqueeze (0)
reward = torch.tensor ([reward], device=device)
if done:
next_state = None
memory.push (state, action, next_state, reward)
state = next_state
if done and total_reward > max_reward:
max_reward = total_reward
torch.save (policy_net.state_dict (), max_pt_path)
print (f 'max_reward={max_reward/, save models')
optimize_model ()
if done:
print (f'Episode: i_episode/}, Reward: {total_reward}')
writer.add_scalar ('Spiking-DON-state-' + env_name + '/Reward',6 total_
—reward, 1_episode)
(BEF)
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break

if i_episode % TARGET_UPDATE ==
target_net.load_state_dict (policy_net.state_dict())

A=A TEEZRIHTTE, SNNZARERY, IR RETRERRS, A2 TR/ reset . # R FIRIA
a0 -

def select_action(state, steps_done):
if sample > eps_threshold:
with torch.no_grad() :
ac = policy_net (state) .max (1) [1].view(l, 1)
functional.reset_net (policy_net)

def optimize_model () :

state_action_values = policy_net (state_batch) .gather (1, action_batch)

next_state_values = torch.zeros (BATCH_SIZE, device=device)
next_state_values|[non_final mask] = target_net (non_final_next_states) .max (1) [0].
—detach ()

functional.reset_net (target_net)

optimizer.step ()

functional.reset_net (policy_net)

SEEEAES ] UL T clock_driven/examples/Spiking. DQN_state.py. H] DAM iy 4T B3 B sh 1 45

>>> from spikingjelly.clock_driven.examples import Spiking_DQN_state
>>> Spiking_DQN_state.train (use_cuda=False, model_dir="'./model/CartPole-v0', log_dir=

—'./log', env_name='CartPole-v0', hidden_size=256, num_episodes=500, seed=1)

Episode: 509, Reward: 715

Episode: 510, Reward: 3051
Episode: 511, Reward: 571

complete

state_dict path is./ policy_net_256.pt
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1.8.3 iz M 4EEr CartPole

FTATMARSS 2% LT Rt B B i B KRR EY policy_net_256_max.pt, FEA EEAMPIAN iz
frelay BEL, FIZET 512 IR 243 It CartPole:

>>> from spikingjelly.clock_driven.examples import Spiking_DQON_state
>>> Spiking_DQN_state.play (use_cuda=False, pt_path='./model/CartPole-v0/policy_net_

—256_max.pt', env_name='CartPole-v0', hidden_size=256, played_frames=300)

UIZREFH SNN 4% i CartPole HY A F53l, HBIHPREA R Wiold played_frames. play &L
Zxi i SNN A IF 1 28 oA (17 BT 4 kb A 0Bt . DA S )2 NonSpikingLIF i 28 JUAE fie Jr i %) e L -
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U5 16 AR :

U5 32 AR -
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g5 500 A~ [l S P BB 28 :
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300
250
200
150
100
50
0
-50

0 0 50 1001502002503003504004505005¢

FHAA )AL 25 2CH ANN Y12 500 A [ A ) PERE I 22 (G2 BRI AR RT WL T clock_driven/examples/DQN_state.py):
12U I ' ' I I I I I I I '
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REAEVEE . lucifer2859

ARATEAREA] SNN HEFT 5B actor-critic.py. TEHIRVRCE L FY3E T ISR A KA KAE ST, A B AR 20 5t
RGBT .

ARAH A ] DQN —FEFRATHE ) 55—l i 1 B B SNIN it AR (BT ¥k R ooy BEBCE R 5 K,
HA Kk, I 2o a i 20 B R i (. M E TS B R 2 e AR R i, NS doR A
20, HH forward pEHI . LIF M4 0K EAME IF MZICIREEZ f BBy, I EATT B LIF
ZIURNE:

class NonSpikingLIFNode (neuron.LIFNode) :
def forward(self, dv: torch.Tensor):
self.neuronal_charge (dv)
# self.neuronal_fire()
# self.neuronal_reset ()

return self.v

Rk, IEEIATH Spiking Actor-Critic Network, [M 4% Iy 45 #4 45 7 fa] B0, 4z 45-IF 1 28 Jo-4x 1 -
NonSpikingLIF #11Z5C, 4xME4%-IF #f & o B g A 1F ), 14 % #2-NonSpikingLIF #ft £ 75 W A] DAF £F:
— AP

class ActorCritic (nn.Module) :
def _ init_ (self, num_inputs, num_outputs, hidden_size, T=16):

super (ActorCritic, self).__init__ ()

self.critic = nn.Sequential (
nn.Linear (num_inputs, hidden_size),
neuron. IFNode (),
nn.Linear (hidden_size, 1),

NonSpikingLIFNode (tau=2.0)

self.actor = nn.Sequential (
nn.Linear (num_inputs, hidden_size),
neuron. IFNode (),
nn.Linear (hidden_size, num_outputs),

NonSpikingLIFNode (tau=2.0)

self. T =T

def forward(self, x):

for t in range(self.T):

[y
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(Fz E70)
self.critic(x)
self.actor (x)
value = self.critic[-1].v
probs = F.softmax(self.actor[-1].v, dim=1)
dist = Categorical (probs)
return dist, value
1.9.1 ISP %
WIZFR RS, 5 ANN A JLFAITE, A env 2% 5] Observation VE %A .
SNN [YIZE TN T, TR A SR S A KO B
while step_idx < max_steps:
log_probs = []
values = []
rewards = []
masks = []
entropy = 0
for _ in range (num_steps) :
state = torch.FloatTensor (state) .to (device)
dist, value = model (state)
functional.reset_net (model)
action = dist.sample ()
next_state, reward, done, _ = envs.step(action.cpu() .numpy())
log_prob = dist.log_prob (action)
entropy += dist.entropy () .mean ()
log_probs.append (log_prob)
values.append (value)
rewards.append(torch.FloatTensor (reward) .unsqueeze (1) .to (device))
masks.append (torch.FloatTensor (1 — done) .unsqueeze (1) .to(device))
state = next_state
step_idx += 1
if step_idx % 1000 == O:
test_reward = test_env ()
(ZE N )
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o

print ('Step: , Reward: ' % (step_idx, test_reward))
writer.add_scalar('Spiking-A2C-multi_env-' + env_name + '/Reward',6 test_

—reward, step_idx)

next_state = torch.FloatTensor (next_state) .to (device)
_, next_value = model (next_state)
functional.reset_net (model)

returns = compute_returns (next_value, rewards, masks)

log_probs = torch.cat (log_probs)

returns = torch.cat (returns) .detach ()

values = torch.cat (values)

advantage = returns - values

actor_loss = - (log_probs * advantage.detach()) .mean()
critic_loss = advantage.pow(2) .mean ()

loss = actor_loss + 0.5 * critic_loss - 0.001 * entropy

optimizer.zero_grad/()
loss.backward()

optimizer.step ()

T —ATREIER M2, SNNZ2ARER, HILERETEREG, NS TR reset.
SERAAHE ] LT clock_driven/examples/Spiking A2C.py. B PAM A 4T H.322 /8 301145

>>> python Spiking_A2C.py

1.9.2 ANN 5 SNN f9t48EX EE

W%k 1eS A PRITPEREH 22
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1.10 3&{t%>) PPO

REAEVEE . lucifer2859

AATHAEM] SNN BB L ppo.py. TEHPRIRE L FIEE T AT DA BRAH IR S, PR A AR 0 R AU
M -

ARAH A ] DQN —FEFRATHE ) 55—l i 1 B B SNIN it AR (BT ¥k R ooy BEBCE R 5 K,
HA Kk, I 2o a i 20 B R i (. M E TS B R 2 e AR R i, NS doR A
20, HH forward pEHI . LIF M4 0K EAME IF MZICIREEZ f BBy, I EATT B LIF
ZIURNE:

class NonSpikingLIFNode (neuron.LIFNode) :
def forward(self, dv: torch.Tensor):
self.neuronal_charge (dv)
# self.neuronal_fire()
# self.neuronal_reset ()

return self.v

Rk, IEEIATH Spiking Actor-Critic Network, [M 4% Iy 45 #4 45 7 fa] B0, 4z 45-IF 1 28 Jo-4x 1 -
NonSpikingLIF #11Z5C, 4xME4%-IF #f & o B g A 1F ), 14 % #2-NonSpikingLIF #ft £ 75 W A] DAF £F:
— AP

class ActorCritic (nn.Module) :
def _ init_ (self, num_inputs, num_outputs, hidden_size, T=16, std=0.0):

super (ActorCritic, self).__init__ ()

self.critic = nn.Sequential (
nn.Linear (num_inputs, hidden_size),
neuron. IFNode (),
nn.Linear (hidden_size, 1),

NonSpikingLIFNode (tau=2.0)

self.actor = nn.Sequential (
nn.Linear (num_inputs, hidden_size),
neuron. IFNode (),
nn.Linear (hidden_size, num_outputs),

NonSpikingLIFNode (tau=2.0)

self.log_std = nn.Parameter (torch.ones (1, num_outputs) * std)

self. T =T

[y
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def forward(self, x):
for t in range(self.T):
self.critic(x)
self.actor (x)
value = self.critic[-1].v
mu = self.actor[-1].v
std = self.log_std.exp () .expand_as (mu)
dist = Normal (mu, std)

return dist, value

1.10.1 JIIZM4E

YEIBAERAS, 5 ANN RAJLFEAHRE, {8 env 1% [ Observation {E A% A
SNN IR, FRATS PRI Grid AR P A5 Rl i K AR S

# GAE
def compute_gae (next_value, rewards, masks, values, gamma=0.99, tau=0.95):
values = values + [next_value]
gae = 0
returns = []
for step in reversed(range (len(rewards))):
delta = rewards[step] + gamma * values[step + 1] * masks[step] - values|[step]
gae = delta + gamma * tau * masks[step] * gae
returns.insert (0, gae + values|[step])

return returns

# Proximal Policy Optimization Algorithm
# Arxiv: "https://arxiv.org/abs/1707.06347"
def ppo_iter (mini_batch_size, states, actions, log_probs, returns, advantage):
batch_size = states.size (0)
ids = np.random.permutation (batch_size)
ids = np.split(ids[:batch_size // mini_batch_size * mini_batch_size], batch_size /
</ mini_batch_size)
for i in range(len(ids)):
yield states[ids[i], :], actions[ids[i], :], log_probs[ids[i], :]1,-o

—returns([ids[i], :]1, advantage[ids[i], :]

def ppo_update (ppo_epochs, mini_batch_size, states, actions, log_probs, returns,.
—advantages, clip_param=0.2):
for _ in range (ppo_epochs):
for state, action, old_log_probs, return_, advantage in ppo_iter (mini_batch_

—size, states, actions, log_probs, returns, advantages):

ZET )
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dist, value = model (state)
functional.reset_net (model)
entropy = dist.entropy () .mean()

new_log_probs = dist.log_prob (action)

ratio = (new_log_probs - old_log_probs) .exp()

surrl = ratio * advantage

surr2 = torch.clamp(ratio, 1.0 - clip_param, 1.0 + clip_param) * advantage

actor_loss = - torch.min(surrl, surr2) .mean/()

critic_loss = (return_ - value) .pow(2) .mean ()

loss = 0.5 * critic_loss + actor_loss - 0.001 * entropy

optimizer.zero_grad()
loss.backward ()

optimizer.step ()

while step_idx < max_steps:

log_probs = []
values = []
states = []
actions = []
rewards = []
masks = []

entropy = 0

for _ in range (num_steps) :
state = torch.FloatTensor (state) .to (device)
dist, value = model (state)

functional.reset_net (model)

action = dist.sample ()

next_state, reward, done, _ = envs.step(torch.max(action, 1) [1].cpu() .numpy())

log_prob = dist.log_prob(action)

entropy += dist.entropy () .mean ()

log_probs.append (log_prob)
values.append (value)
rewards.append (torch.FloatTensor (reward) .unsqueeze (1) .to (device))

masks.append (torch.FloatTensor (1 — done) .unsqueeze (1) .to(device))

[y
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states.append (state)

actions.append (action)

state = next_state

step_idx += 1

if step_idx % 100 ==
test_reward = test_env ()
print ('Step: , Reward: ' % (step_idx, test_reward))
writer.add_scalar ('Spiking-PPO-' + env_name + '/Reward',6 test_reward, .

—step_idx)

next_state = torch.FloatTensor (next_state) .to (device)
_, hext_value = model (next_state)
functional.reset_net (model)

returns = compute_gae (next_value, rewards, masks, values)

returns = torch.cat (returns) .detach ()
log_probs = torch.cat (log_probs) .detach()
values = torch.cat (values) .detach ()
states = torch.cat (states)

actions = torch.cat (actions)

advantage = returns - values

ppo_update (ppo_epochs, mini_batch_size, states, actions, log_probs, returns,.

—advantage)

T ATEEVER R 2, SNN 2 ARASRT, B &R, AEETHRMY reset.
SEEREARS ] UL T clock_driven/examples/Spiking PPO.py. B PAM 4T B3 5 sh il 45 :

>>> python Spiking_PPO.py

1.10. 38{t%> PPO
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1.10.2 ANN 5 SNN g9 EEXEE

gk 1eS AL BRIPERE M 25

10UV
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FAAHFEAEFE )7 ) ANN I 1e5 AN ERA M RE B2k (52 p 0L A] I T clock_driven/examples/PPO.py):
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1.11 F|/H Spiking LSTM I & F X AR 53 EES

RHFEMEE : LiutaoYu, fangweil23456

AT HOFREH B Spiking LSTM i s2 3 PyTorch [)'E 7 #AE NLP From Scratch: Classifying Names with a
Character-Level RNNo XJ 5. o SCHRBRE AT 2 WL (00 FH AT 0 RFAE Y RNN R 28 67 744 700 5 o A AR AR
TP T I AR AN, AR R IR R i o AR A AN 25 A7 97 Spiking LSTM 3k
XPRERIAT /2. BARS, AZFERGTE 18 Fhifk S M iy LTk IR £ £ EIlZ% Spiking LSTM 52,
0 2% AT AR — Nk IR R PF 5 T D L8 TR E . Se B AT LT clock _driven/examples/spiking_lstm_text.py.

1.11.1 EERIE

B, B BIEBEE N, it . WA s, FRATRT AR B — NG T Bk [ R
i, Bl {language: [names ...]1} . #f—2PHl, FRATRAERETL I 4:1 09 LL BRI 530 YN ZRER A 4R
Bl category_lines_train fil category_lines_test ., XHENRFEEAEILAN)GE LM P& :
all_categories BEIIESMENIFE, n_categories=18 MEZESEIEE, n_letters=58 &

i names WA RIS S E G TR

# split the data into training set and testing set

numExamplesPerCategory = []

category_lines_train = {}

category_lines_test = {}

testNumtot = 0O

for ¢, names in category_lines.items () :
category_lines_train[c] = names[:int (len(names) *0.8)]
category_lines_test[c] = names[int (len(names)*0.8) :]
numExamplesPerCategory.append([len (category_lines[c]), len(category_lines_

—trainfc]), len(category_lines_test([c])])

testNumtot += len (category_lines_test[c])

AL, FATNS TIRBAEFAY randomTrainingExample () BREL, DAEYEANFESOE T AT st
P T IRZRE 2 X 1ineToTensor () fl randomChoice () Wi ERER. B 16 B4k~ one-hot
K, JEE AT MBS P RE LA

# Preparing [x, y] pair
def randomPair (sampleSource) :
o
Args:
sampleSource: '"train', 'test', 'all'
Returns:
category, line, category_tensor, line_tensor

mn

category = randomChoice (all_categories)

ZET D)
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(CCANY)

if sampleSource == 'train':

line = randomChoice (category_lines_train[category])
elif sampleSource == 'test':

line = randomChoice (category_lines_test[category])
elif sampleSource == 'all':

line = randomChoice (category_lines[category])
category_tensor = torch.tensor([all_categories.index(category)], dtype=torch.

—~float)

line_tensor = lineToTensor (line)

return category, line, category_tensor, line_tensor

1.11.2 #Ji& Spiking LSTM & M £&

FATFIH spikingjelly H1iY ran B3 (rnn. SpikingLSTM () ) K45 Spiking LSTM 1 28 [ 28 . T AE e i v] 2
383 Long Short-Term Memory Spiking Networks and Their Applications . #j AJZMZ TG M T n_letters

Bz A 22 0 M n_hidden W] HAT/E X, HithEMAITTNEEFT n_categories . FATHE LSTM Hy%i
B2 G EERZ, A softmax KA 4x 4% )2 P BAE HEA T A PR DA SRR SR .

from spikingjelly.clock_driven import rnn

n_hidden = 256

class Net (nn.Module) :

def _ init_ (self, n_letters, n_hidden, n_categories):
super () .__init__ ()
self.n_input = n_letters

self.n_hidden = n_hidden
self.n_out = n_categories
self.lstm = rnn.SpikingLSTM(self.n_input, self.n_hidden, 1)

self.fc = nn.Linear(self.n_hidden, self.n_out)

def forward(self, x):
x, _ = self.lstm(x)
output = self.fc(x[-1])
output = F.softmax (output, dim=1)

return output
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1.11.3 WK%k

B, RATFIAILMN L net |, & L4 K TRAIN_EPISODES . %43 % learning_rate %, XHF
IR mse_loss K RECR Adam REAZ XYL L% . B4 epoch IR REANT : 1) MIIZRE
FREALIER—REAS , KRB AHIFRZE , JE4640 A tensor; 2) WGl A, HEFTRT MRS, FREUE 2R AN
A= 3) FIH mse_loss PRGN 28 IR F FLIEHR 45 one-hot Hif 2z [ 220, RIRIZEH1 2% 4)
MERAL , HEFIMESEG 5) FIRHOR BN Z S IER, H RIS, DARBUSE R eI Zad fe b
FEXFUNRAEIMERf % (4/F plot_every 4> epoch i15H—1K); 6) % plot_every 4> epoch EMIALE |-
MA—, HGETHMHAER R . Mo, FENZd R, RAOTSICRMERIK avg_losses . YIZREHER R
accuracy_rec AR test_accu_rec , PAETMEINGHCR, HIENATERIELHIE . 16
WHTERZ G, BATSRAEMN W R LORAS DU T3 [, ] DARAAAH R AS &, DATE IR 250 #T .

# IF _TRAIN = 1
TRAIN_EPISODES = 1000000
plot_every = 1000

learning_rate = le-4

net = Net (n_letters, n_hidden, n_categories)

optimizer = torch.optim.Adam(net.parameters (), lr=learning_rate)

print ('Training...")
current_loss = 0
correct_num = 0

avg_losses = []
accuracy_rec = []
test_accu_rec = []
start = time.time ()
for epoch in range (1, TRAIN_EPISODES+1):
net.train ()
category, line, category_tensor, line_tensor = randomPair('train')

label_one_hot = F.one_hot (category_tensor.to(int), n_categories) .float ()

optimizer.zero_grad()

out_prob_log = net(line_tensor)

loss = F.mse_loss (out_prob_log, label_one_hot)
loss.backward()

optimizer.step ()

# - REHEE, FEEENLYRES. BEFETEREZHAALAAR! (2020.11.3)

# functional.reset_net (net)

current_loss += loss.data.item()

guess, _ = categoryFromOutput (out_prob_log.data)

[y
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if guess == category:

correct_num += 1

# Add current loss avg to list of losses

if epoch % plot_every == 0:
avg_losses.append (current_loss / plot_every)
accuracy_rec.append(correct_num / plot_every)
current_loss = 0

correct_num = 0

#EFNGE— B RBEE AT — KR

if epoch % plot_every == 0: # int (TRAIN_EPISODES/1000)
net.eval ()

with torch.no_grad() :
numCorrect = 0
for i in range (n_categories):
category = all_categories|[i]
for tname in category_lines_test[category]:
output = net (lineToTensor (tname))
#BEAT-RE, FEEENLE RS, REFE?
# functional.reset_net (net)
guess, _ = categoryFromOutput (output.data)
if guess == category:
numCorrect += 1
test_accu = numCorrect / testNumtot
test_accu_rec.append(test_accu)
print ('Epoch %d 2%d%$% (%s); Avg_loss ¢.4f; Train accuracy $.4f; Testo
—accuracy ¢.4f' % (
epoch, epoch / TRAIN_EPISODES * 100, timeSince (start), avg_losses[-1],

— accuracy_rec[-1], test_accu))

torch.save(net, 'char_rnn_classification.pth')

np.save('avg_losses.npy', np.array(avg_losses))

np.save ('accuracy_rec.npy', np.array (accuracy_rec))

np.save ('test_accu_rec.npy', np.array(test_accu_rec))

np.save ('category_lines_train.npy', category_lines_train, allow_pickle=True)
np.save ('category_lines_test.npy', category_lines_test, allow_pickle=True)

# x = np.load('category_lines_test.npy', allow pickle=True) # B IEWH ¥ &

# xdict = x.item()

plt.figure()
plt.subplot (311)
plt.plot (avg_losses)

(AN
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plt.title('Average loss'")
plt.subplot (312)

plt.plot (accuracy_rec)
plt.title('Train accuracy')
plt.subplot (313)

plt.plot (test_accu_rec)
plt.title('Test accuracy')
plt.xlabel ("Epoch (*1000)")
plt.subplots_adjust (hspace=0.6)
plt.savefig('TrainingProcess.svg')

plt.close ()

X% IF_TRAIN = 1, fF Python Console #3247 $run ./spiking_lstm_text.py , HiilF:

Backend Qt5Agg is interactive backend. Turning interactive mode on.
Training...

Epoch 1000 0% (Om 18s); Avg_loss .0806
L1930
.0537

.0938

.0525; Train accuracy 0.0830; Test accuracy
.1470; Test accuracy
Epoch 3000

Epoch 4000 0% (1m 14s); Avg_loss

% (Om 55s); Avg_loss .0503; Train accuracy

0
Epoch 2000 0% (Om 37s); Avg_loss 0.0514; Train accuracy
0 0 .1650; Test accuracy
0

o O O O
o O O O

.0494; Train accuracy 0.1920; Test accuracy

Epoch 998000 99% (318m 54s); Avg_loss 0.0063; Train accuracy 0.9300; Test accuracy O.
5036

Epoch 999000 99% (319m 14s); Avg_loss 0.0056; Train accuracy 0.9380; Test accuracy O.
5004

Epoch 1000000 100% (319m 33s); Avg_loss 0.0055; Train accuracy 0.9340; Test accuracy.
—0.5118

NEER T NG RE R R AR A AR R R B R A2 Al . (EAE R — R, i3k
B, 7E2477 Spiking LSTM W 2% B AE —IK1s4 T G E B M4 functional . reset_net (net) XJT 4%
R BEWW . FATE N A 24 5 M 2550 A2 B TR Z2 (e iy, T L 4% 5 Bl 2haft— B 4 <
BRI, 2R IR A
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Average loss

0.04 -
0.02 -
0 200 400 600 800 1000
Train accuracy
0.75 - ) B R o
0.50 -
0.25 -
0 200 400 600 800 1000
Test accuracy
0.4 -
0.2 1

0 200 400 600 800 1000
Epoch (*1000)

1.11.4 WLER

MR, BATE R E S AN RIS AERI M, BEHET=J0rmro i (1) 5 RZ R e
HERSAE; (2) LR P AL FRBFS AT H 8 TWRFPiE S 5 (3) 1155 Confusion matrix, 5 —473R HFEACR
TR, W25 B T A SRR, R A R IO IE A AR

# IF_TRAIN = 0

print ('Testing...")

net = torch.load('char_rnn_classification.pth'")

ZET )
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EVEESLE ST ES
print ('Calculating testing accuracy...')
numCorrect = 0
for i in range(n_categories):
category = all_categories|[i]
for tname in category_lines_test[category]:
output = net (lineToTensor (tname))
#EA-NE, REEEMENRS. RFFE?
# functional.reset_net (net)
guess, _ = categoryFromOutput (output.data)
if guess == category:
numCorrect += 1
test_accu = numCorrect / testNumtot

print ('Test accuracy: {:.3f}, Random guess: {:.3f}'.format (test_accu, 1/n_categories))

# LA PSR LA HE T HMHER
n_predictions = 3
for j in range(3):
first_name = input ("HFHMA - NMHEKUNHABHE THEMFER: ")
print ("\n> 2s' % first_name)
output = net (lineToTensor (first_name))
#BAT-RE, FEEENLEHNRS. BEFE?
# functional.reset_net (net)
# Get top N categories
topv, topi = output.topk(n_predictions, 1, True)

predictions = []

for i in range (n_predictions):
value = topv[0][i].item()
category_index = topi[O0][i].item()
print (' (%.2f1) $s' % (value, all_categories[category_index]))

predictions.append([value, all_categories[category_index]])

# W & confusion4s [
print ('Calculating confusion matrix...")
confusion = torch.zeros(n_categories, n_categories)

n_confusion = 10000

# Keep track of correct guesses in a confusion matrix

for i in range(n_confusion):
category, line, category_tensor, line_tensor = randomPair('all')
output = net (line_tensor)
$PEA—KE, FEEERLHRS. REFE?

(AN

~
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# functional.reset_net (net)
guess, guess_1i = categoryFromOutput (output.data)
category_1i = all_categories.index (category)

confusion[category_i] [guess_i] += 1

confusion = confusion / confusion.sum(1)

np.save ('confusion.npy', confusion)

# Set up plot

fig = plt.figure(figsize=(10, 8))

ax = fig.add_subplot (111)

cax = ax.matshow (confusion.numpy ())

fig.colorbar (cax)

# Set up axes

ax.set_xticklabels([''] + all_categories, rotation=90)
ax.set_yticklabels([''] + all_categories)

# Force label at every tick
ax.xaxis.set_major_locator (ticker.MultipleLocator (1))
ax.yaxis.set_major_locator (ticker.MultipleLocator (1))
# sphinx_gallery_thumbnail_ number = 2

plt.show ()

plt.savefig('ConfusionMatrix.svg')

plt.close ()

%5 IF_TRAIN = 0, £ Python Console F1iZfT $run ./spiking_lstm_text.py, #HIF:

Testing...

Calculating testing accuracy...

Test accuracy: 0.512, Random guess: 0.056
FRA-AHERANAHBELE THMER > YU
> YU

(0.18) Scottish

(0.12) English

(0.11) Italian

FRMAN—ANBEKRUNAGEE THMFER:> Yu
> Yu

(0.63) Chinese

(0.23) Korean

(0.07) Vietnamese
FRA-—ANMHERUABEE THMER > Zou
> Zou

(1.00) Chinese

(0.00) Arabic

(0.00) Polish

[y
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Calculating confusion matrix...

T E &R T Confusion matrix, X F 28 AE , FERMA G He— 2 BT e b, R /D=4 1RYE , U Arabic Al Greek,
A S S R A S 7 1RY, U0 Korean 1 Chinese, Spanish £l Portuguese, English ] Scottish.,

Chinese
Czech
Dutch
English
French
German
Japanese
Korean
Polish
Portuguese
Russian
Scottish
Spanish
Vietnamese

2
o
©
-
<

Greek
Irish
Italian

Arabic

Chinese

Czech

Dutch

- 0.8

English

French
German
Greek
Irish
Italian
Japanese
Korean
Polish
Portuguese
Russian
Scottish
Spanish

Vietnamese

112 Z1BEN
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1121 BSEBESLEE

Spikinglelly H7 46 Kk Z 5 il (spikingjelly.clock_driven.rnn Bg4)) , filfllspikingjelly.
clock_driven.layer.Dropout, FiIRZMEIZPEAE MultiStep, TR forward AL
E SCI) e R AL i [ A% 4 -

WA Xe, WY,
AR FIZ P E4A MultiStep, Hllillspikingjelly.clock_driven.layer.MultiStepDropout, N
FIX M forward REUE LI EZ AP Rl ] 7445 -

A X, t=0,1,...,T -1, &Y, t=0,1,...,T —1
— DAL RR R, AT MR D) W M AR, spikingjelly.clock driven.layer.

MultiStepContainer fefit TARF R AT 3, KRB TR, FHAE forward pRALHSLBIAER
B]_ERPEER, AR AR B

class MultiStepContainer (nn.Sequential) :
def __init__(self, *args):

super () .__init__ (*args)

def forward(self, x_seq: torch.Tensor):
mirrn
:param x_seq: shape=[T, batch_size, ...]
:type x_seq: torch.Tensor
:return: y_seq, shape=[T, batch_size, ...]
:rtype: torch.Tensor
mrrmn
y_seq = []
for t in range (x_seq.shape[0]) :

y_seq.append (super () . forward (x_seql[t]))

for t in range(y_seq.__len__()):
y_seql[t] = y_seq[t].unsqueeze (0)

return torch.cat (y_seq, 0)

AV XA Aok A2 — IF # & e:

from spikingjelly.clock_driven import neuron, layer, functional
import torch

neuron_num 4

T =8
if node = neuron.IFNode ()
x = torch.rand ([T, neuron_num]) * 2

for t in range(T):

EET I
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print (f'if_node output spikes at t={t}', if_node(x[t]))

functional.reset_net (1f_node)

ms_if node = layer.MultiStepContainer (if_node)
print ("multi step if_node output spikes\n", ms_if_node (x))

functional.reset_net (ms_if_node)

oA

if_node output spikes at t=0 tensor
if_node output spikes at t=1 tensor

if_node output spikes at t=2 tensor

if_node output spikes at t=4 tensor
if _node output spikes at t=5 tensor

if_node output spikes at t=6 tensor

~

O O B O B O -
~

B PO P P O -
~ =

o P Ok O B P O

([
([
(l
if_node output spikes at t=3 tensor ([
([
(l
([
(l

if_node output spikes at t=7 tensor
multi step if_node output spikes

tensor ([[1., 1., 1., O.],

’ ’
.7 4

.7

.7

[
[
[
[
[
[
[
[

=~ P P P O P O
O O B O B O
~
= P O B P P O
<
o B O O B B

PR i 2 g A R o

1.12.2 BSEBEEEEE

TELMERIEREANREI, FATE LM EAEBA TS, SR % 125 1535 (step-by-step) W7, BlAN_ESCH#Y:

if node = neuron.IFNode ()
x = torch.rand ([T, neuron_num]) * 2
for t in range(T):

print (£'if_node output spikes at t={t}', if_node(x[t]))

%Y k3% (step-by-step), FEIIZAERT IR, JiTEHBANMELE t = 0 (% Yo, RIGHITEBAM LS
=115 Y, - , AN EAE A 205 Y, t = 0,1, T — 1o Bl R e (e
MO, M1, M2 HSjE BB ERRRIREL)
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net = nn.Sequential (MO, M1, M2)

for t in range(T):

Y[t] = net(X[t])

i ! i ! i : 3 !
i ! i : i : i !
i L P . |
! ; ! ; ! i ! ;
! ; ! ; ! ; ! ;
(6 (=) (e e () ()
i ! i ! i ; i !
E i : i E ' 5 i
(@ @) ) ()e)
! S i ! i ; !
A o I a
. 1 . I . ! . H
! ; ! ; ! i ! ;
! ; ! ; ! i ! ;
()b ) () ) () () ) () () ()
| L P ] |
: i ! i ! i ! :
: i ! i ! i ! t=3

XFF SNN PAK RNN, - Hi [ (4R BE A AR A 25 I A AR AR IR, 12 4 15 46 1820 VT B I 28 LA [l I 2 B4R
&, BATATUAMRAZBARR], BAT A 75— R R BRI e — 2 WA A I 2 RS Bl
WRERX RS (€ Mo, ML, M2 #REL P ARRRIRIL):

net = nn.Sequential (MO, M1, M2)

Y = net (X)

I 1) P R A T S TR ) R U 2 s -

........................................

2+ :z* i ) ) )
: t=1__t=2 _t=3_ E

t=0 =

ERE R
@

BAVFRIEFN AN 2 EAE 3 (layer-by-layer) . % EA%457E RNN DA S SNN il iz i, 40 Low-activity
supervised convolutional spiking neural networks applied to speech commands recognition 3 5 % 2 1T 52 ) 5 20 3k
Wa— 2L AN 2R S, RGLERHE BT8R, AR A BT https:/github.com/romainzimmer/s2net .
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BF A5 & EAE SR DR E I AE, (H RN EESEE SME . B &R H A TR,
H AU E—ERIIRSHE, Bl torch.nn.Linear, % ¥ E#HSHmBE IR 1E:

for t in range(T):

y[it] = fc(x[t]) # x.shape=[T, batch_size, in_features]

T 1 &A% 36 W AT DAFFA T35

y = fc(x) # x.shape=[T, batch_size, in_features]
TR ESWE, AT AR shape=[T, batch_size, ...] B4 AP M shape=[T *
batch_size, ...]1 )5, FREAX—EIWE, EBHIERTE _FAER. spikingjelly.clock_driven.

layer.SeqToANNContainer f£ forward PEHUEAT T IXARRYSEH . FATHT DA B Bl XM

with torch.no_grad() :
T = 16
batch_size = 8
x = torch.rand ([T, batch_size, 4])
fc = SeqToANNContainer (nn.Linear (4, 2), nn.Linear (2, 3))

print (fc (x) .shape)

oA

torch.Size ([16, 8, 3])

ARG R shape=[T, batch_size, ...1, WDAEEZEAT T —ZEM%E.

1.12.3 BRAEEE

{fiffl SeqToANNContainer X}IARTSH) ANN EFfTEE G, M4 state_dict HEMZLF .keys ()
DR, FERFEATESN I T — %8s . Bilan:

net_step_by_step = nn.Sequential (
nn.Conv2d (3, 16, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (16),

neuron. IFNode ()

net_layer_by_layer = nn.Sequential (
layer.SegToANNContainer (
nn.Conv2d (3, 16, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (16),

)y
neuron.MultiStepIFNode ()

[y
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print ('net_step_by_step.state_dict:', net_step_by_step.state_dict () .keys())

print ('net_layer_by_ layer.state_dict:', net_layer_by_layer.state_dict () .keys())

A

net_step_by_step.state_dict: odict_keys(['0O.weight', 'l.weight', 'l.bias', 'l.running_
—mean', 'l.running_var', 'l.num_batches_tracked']

net_layer_by_layer.state_dict: odict_keys(['0.0.weight', '0.1.weight', '0.1.bias', '0O.
—J1.running_mean', '0O.l.running_var', '0O.l.num_batches_tracked'])

PR —HE, S M B TR A R R M. flan, AT E — A2 2 R4 Spiking ResNet-18
(spikingjelly.clock_driven.model.spiking resnet.spiking resnet18), HZF XM EE
i nE ANN [Tl 84 E . BB SeqToANNContainer #E# AN LS, state_dict 5 ANN )
HAMIE, ToEEEME . AT R E, FATT AR seqToANNContainer Xf ANN Z4%%, 1Ml
A ANN R ai e A . N B A

class NetStepByStep (nn.Module) :
def _ init__ (self):
super () .__init__ ()
self.conv = nn.Conv2d (3, 16, kernel_size=3, padding=1, bias=False)
self.bn = nn.BatchNorm2d (16)

self.sn = neuron.IFNode ()

def forward(self, x):
# x.shape = [N, C, H, W]

x = self.conv (x)
x = self.bn(x)

x = self.sn(x)
return x

class NetLayerByLayerl (NetStepByStep) :

def forward(self, x_seq):
# x_seq.shape = [T, N, C, H, W]
x_seq = functional.seq _to_ann_forward(x_seq, [self.conv, self.bn])
x_seq = functional.multi_step_forward (x_seq, self.sn)

return x_seq

class NetLayerByLayer2 (NetStepByStep) :

(AN
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def _ init__ (self):

super () .__init__ ()

# replace single-step neuron to multi-step neuron
del self.sn
self.sn = neuron.MultiStepIFNode ()

def forward(self, x_seq):
# x_seq.shape = [T, N, C, H, W]
x_seq = functional.seq to_ann_forward(x_seq, [self.conv, self.bn])
x_seq = self.sn(x_seq)

return x_seq

NetStepByStep, NetLayerBylLayerl, NetLayerByLayer?2 [ state_dict.keys () &M,
BARUA W] DAE AT AR .

1.13 (£ CUDA 1iap)# T 5& R & EITIE

AREAEEHE: fangweil 23456

1.13.1 CUDA IniEfy#2 T

frspikingjelly.clock _driven.neuron it T 2 MAKIMETC. SHABRMLEL, £ %0
T cupy Jqiditi. cupy Jui A RE AT R R T4 CUDA W%, R HEBRIA pytorch JEsin SR . BRAELE
FATIE L AR R 2L, SR HE P LIF f 28 TTi is A TAER -

from spikingjelly.clock_driven import neuron, surrogate, cu_kernel_opt

import torch

def cal_forward_t (multi_step_neuron, x, repeat_times):
with torch.no_grad():
used_t = cu_kernel_opt.cal_fun_t (repeat_times, x.device, multi_step_neuron, x)
multi_step_neuron.reset ()

return used_t * 1000

def forward_backward (multi_step_neuron, x):
multi_step_neuron (x) .sum() .backward()
multi_step_neuron.reset ()

x.grad.zero_ ()

EETI0
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def cal_forward_backward_t (multi_step_neuron, x, repeat_times):
x.requires_grad_ (True)
used_t = cu_kernel_opt.cal_fun_t (repeat_times, x.device, forward_backward, multi_

—step_neuron, x)

return used_t * 1000

device = 'cuda:0'
repeat_times = 1024

ms_1lif = neuron.MultiStepLIFNode (surrogate_function=surrogate.ATan (alpha=2.0))

ms_lif.to(device)
N =2 ** 20
print ('forward'")
ms_lif.eval ()
for T in [8, 16, 32, 64, 128]:
X = torch.rand (T, N, device=device)
ms_1lif.backend = 'torch'
print (T, cal_forward_t(ms_lif, x, repeat_times), end=', ")
ms_lif.backend = 'cupy'

print (cal_forward_t (ms_1lif, x, repeat_times))

print ('forward and backward')
ms_lif.train()
for T in [8, 16, 32, 64, 128]:
X = torch.rand(T, N, device=device)
ms_lif.backend = 'torch'
print (T, cal_forward_backward_t (ms_1lif, x, repeat_times), end=', ')
ms_lif.backend = 'cupy'

print (cal_forward_backward_t (ms_lif, x, repeat_times))

SLIG ML 24 ] Intel(R) Xeon(R) Gold 6148 CPU @ 2.40GHz 1Y) CPU Hll GeForce RTX 2080 Ti 1) GPU., i=afT45 84N
T

forward

8 1.9180845527841939, 0.8166529733273364
16 3.8143536958727964, 1.6002442711169351
32 7.6071328955436, 3.2570467449772877

64 15.181676714490777, 6.82808195671214
128 30.344632044631226, 14.053565065751172

GETI0
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(Fz 70
forward and backward
8 8.131792200288146, 1.6501817200662572
16 21.89934094545265, 3.210343387223702
32 66.34630815216269, 6.41730432241161
64 226.20835550819152, 13.073845567419085
128 827.6064751953811, 26.71502177403795
N ERP )R RINEA R
Execution time of Running Forward with 22° Neurons
' ' ' ' 30.34
30+ HEM backend=’torch’ 8
BN backend=’cupy’

25 b
=
Eoaot ]
(<]
E
-

15.18
g 157 14.05 7
+—
=]
Q
%
510 1
[ 6.83
or 3.81 3.96 )
1.92 1.6
0

8 16 32 64 128
simulation duration T (step)

1.13. fiEf CUDA #3092 T 5% B %153 1T InE 95




spikingjelly, Z{ThRZ alpha

Execution time of Running Forward and Backward with 22° LIF Neurons

E backend="torch’ 8
BN backend='cupy’

800 |

700 [

execution time (ms)
w = ot D
o o o o
o o o o

T T T T

[\

]

)
T

—_

o

o
T

66.35
oL 813,165 301 ﬁi&@ 12,07
8 16 32 64 128
simulation duration T (step)

AIPAKEL, (A cupy )5 umid B R e e R A pytorch 5 i .

1.13.2 MNERERK P E ML

IRAELEFRATE ) 22 20 cupy s &0, BT SEIet 17 3R 5) © 4% 8 547 SNN 73 Fashion-MNIST H) 2%
TATATEE S —FWGE5H, TLFHF T H M)

class CupyNet (nn.Module) :
def _ init_ (self, T):
super () .__init__ ()

self.T T

self.static_conv = nn.Sequential (
nn.Conv2d (1, 128, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (128),

self.conv = nn.Sequential (

neuron.MultiStepIFNode (surrogate_function=surrogate.ATan (), backend='cupy

layer.SegToANNContainer (
nn.MaxPool2d (2, 2), # 14 * 14
nn.Conv2d (128, 128, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (128),

EET D)
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neuron.MultiStepIFNode (surrogate_function=surrogate.ATan (), backend='cupy
—"')
layer.SegToANNContainer (
nn.MaxPool2d (2, 2), # 7 * 7
nn.Flatten(),
)
)
self.fc = nn.Sequential (
layer.SeqgToANNContainer (nn.Linear (128 * 7 * 7, 128 * 4 * 4, bias=False)),
neuron.MultiStepIFNode (surrogate_function=surrogate.ATan (), backend='cupy
")y
layer.SegToANNContainer (nn.Linear (128 * 4 * 4, 10, bias=False)),
neuron.MultiStepIFNode (surrogate_function=surrogate.ATan (), backend='cupy
")y

def forward(self, x):
x_seq = self.static_conv(x) .unsqueeze (0) .repeat (self.T, 1, 1, 1, 1)

# [N, C, H, W] -> [1, N, C, H, W] -> [T, N, C, H, W]

return self.fc(self.conv(x_seq)) .mean (0)

SEEEMMRIG A W Fspikingjelly.clock driven.examples.conv_fashion _mnist. AT SeT
A 3R =) A% F) A A7 SNN 2.3 Fashion-MNIST W 5E 4 Fa 1R i AS %4 (Intel(R) Xeon(R) Gold 6148 CPU @
2.40GHz ij CPU F1 GeForce RTX 2080 Ti {] GPU) 3247, Z5BF:

(pytorch—env) root@e8b6e4800daed4011eb0918702bd7ddedd51c~fangwl1598-0:/# python -m.
—spikingjelly.clock_driven.examples.conv_fashion_mnist -opt SGD —-data_dir /userhome/

—datasets/FashionMNIST/ —amp —-cupy

Namespace (T=4, T_max=64, amp=True, b=128, cupy=True, data_dir='/userhome/datasets/
—FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, Jj=4, 1lr=0.1, lr_scheduler=
—'CosALR', momentum=0.9, opt='SGD', out_dir='./logs', resume=None, step_size=32)
CupyNet (
(static_conv): Sequential (
(0): Conv2d(l, 128, kernel size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
(1) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
)
(conv) : Sequential (
(0): MultiStepIFNode (

v_threshold=1.0, v_reset=0.0, detach_reset=False

E T
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(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(1) : SeqToANNContainer (
(module) : Sequential (
(0) : MaxPool2d(kernel_size=2, stride=2, padding=0, dilation=1, ceil_
—mode=False)
(1) : Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(2) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
)
)
(2): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(3): SeqToANNContainer (
(module) : Sequential (
(0) : MaxPool2d(kernel_size=2, stride=2, padding=0, dilation=1, ceil_
—mode=False)

(1) : Flatten(start_dim=1, end_dim=-1)

)
(fc): Sequential (
(0) : SeqToANNContainer (
(module) : Linear (in_features=6272, out_ features=2048, bias=False)
)
(1) : MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(2): SeqToANNContainer (
(module) : Linear (in_features=2048, out_features=10, bias=False)
)
(3): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False

(surrogate_function): ATan (alpha=2.0, spiking=True)

)
Mkdir ./logs/T_4_b_128_SGD_lr_0.1_CosALR_64_amp_cupy.
Namespace (T=4, T_max=64, amp=True, b=128, cupy=True, data_dir='/userhome/datasets/

[Cayl
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—FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, j=4, 1lr=0.1,
—'CosALR', momentum=0.9, opt='SGD',
./logs/T_4_b_128_SGD_lr_0.1_CosALR_64_amp_cupy
epoch=0, train_ loss=0.028574782584865507,
—020883125430345536, test_acc=0.8725,
—037598133087158

Namespace (T=4, T_max=64, amp=True, b=128,
—FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, j=4, 1r=0.1,
—'CosALR', momentum=0.9, opt='SGD',

./logs/T_4_b_128_SGD_lr_0.1_CosALR_64_amp_cupy

epoch=62, train_ loss=0.001055751721853287,
—010815625159442425, test _acc=0.934,
—059867858886719

Namespace (T=4, T _max=64, amp=True, b=128,
—FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, 7j=4, 1lr=0.1,
—'CosALR', momentum=0.9, opt='SGD',
./logs/T_4_b_128_SGD_lr_0.1_CosALR_64_amp_cupy
epoch=63, train_loss=0.0010632637413514631,
—010720000202953816, test_acc=0.9324,
—128222703933716

out_dir='./logs', resume=None, step_size=32)

train_acc=0.8175080128205128, test_loss=0.
max_test_acc=0.8725, total_time=13.

cupy=True, data_dir='/userhome/datasets/

out_dir='./logs', resume=None, step_size=32)

train_acc=0.9977463942307693, test_loss=0.
max_test_acc=0.9346, total_time=

cupy=True, data_dir='/userhome/datasets/
out_dir='./logs', resume=None, step_size=32)

train_acc=0.9980134882478633, test_ loss=0.
max_test_acc=0.9346, total_time=11.

(€A

lr_scheduler=

lr_scheduler=

11.

lr_scheduler=

AT IERARIE 93.46%, 51k A CUDA 38404 42 70 55 1% B A 4

&utd
Srad AR SR IR A AR il 20T

heik HE 93.3% FIZTCIL, WAL
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Accuracy on train set

1.000 - —— Naive PyTorch with step-by-step 4
—— CUDA Multi-Step with layer-by-layer

0.975 |

0.950

0.925 -

accuracy
=

0.875 |

0.850

0.825

0 10 20 30 40 50 60
iteration

100 Chapter 1. %3



spikingjelly, Z{ThaZ alpha

Accuracy on test set

Naive PyTorch with step-by-step
—— CUDA Multi-Step with layer-by-layer

0.93 -

0.92

091

accuracy
g

0.89

0.88

0.87 1

0.86 =

0 10 20 30 40 50 60

epoch
PIA M2 T se MR R BN LRR T, A AOTERENS AT 22 5%, RIRE/Z CUDA Al PyTorch BT iR 22 5L

e 75 HAEFICR T IR F5 2R iR, FATAI A%, —A> epoch RFEI ARG M 25 1) 69%, HE
AT HEART.

1.14 5128

AREARVEH : Yanqi-Chen
AR SR A0 0 I KA 5

1.14.1 I MLERkS

AR R LR 2 R 2%

import torch
from torch import nn

from spikingjelly.clock_driven import neuron

net = nn.Sequential (

EET D)
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nn.Linear (784, 100, bias=False),
neuron. IFNode (),
nn.Linear (100, 10, bias=False),

neuron.IFNode ()

TEM AT Z A, FAVCOE— I Has . AR E M2, iBF device I backend -2
#, WILAHEE M numpy $(4LE# PyTorch JKEHUREAIF A HLAEFRATH PyTorch J5ii, CPU #EATAREE.

from spikingjelly.clock_driven.monitor import Monitor

mon = Monitor (net, device='cpu', backend='torch'")

ROFERRE— P 415 LR 98 Ttk o (EURE B HE DL Zh BRI A T BN SR IR, IRAETT IR SR Z Rl
LT E M A RE

mon.enable ()

HMZFLABEPLEI A X ~ U(L,3)

neuron_num = 784

T =38

batch_size = 3

x = torch.rand ([T, batch_size, neuron_num]) * 2 + 1

x = x.cuda ()

for t in range(T):

net (x[t])

IBATEE R Z I, AT DA A WA A I 2% 4% J2 A 22 0 1 ey kb IR G K dE . Monitor 11 s A B0 st Tk
W S ASPAES Z 2 RO B i, BB AR — K T WBNEE, SRR ER TR
[batch_size, ... (MZTA-T)] EIRKHKE.

TEME ARG, WRTGEEE S BRI T T —RiICR, TR reset JNAFEC AL,

mon.reset ()

WERA PR E A O R (I EIHSHE S, WIgARDs), A disable JrikEi s,

mon.disable ()

e AR S IRE , AIAE NIRRT ZACRIEIL enable JT{AHRTEM -

102 Chapter 1. %3




spikingjelly, Z{ThaZ alpha

1.14.2 B ZEMLE

W LA )RR SRR 2 AP, AR B3 X5

import torch
from torch import nn
from spikingjelly.cext import neuron as cext_neuron

from spikingjelly.clock_driven import layer

neuron_num = 784

T =28

batch_size = 3

x = torch.rand ([T, batch_size, neuron_num]) * 2 + 1
x = x.cuda ()

net = nn.Sequential (

layer.SegToANNContainer (
nn.Linear (784, 100, bias=False)
)y
cext_neuron.MultiStepIFNode (alpha=2.0),
layer.SegToANNContainer (
nn.Linear (100, 10, bias=False)
) s
cext_neuron.MultiStepIFNode (alpha=2.0),

mon = Monitor (net, cpu', 'torch')
mon.enable ()

net (x)

1.14.3 SEHgiiiE

FIAl, s SCRR TS 202 1 P B R R S AR R ORI R 0 s BT AR . B BE AT AR E R — )2 144
P (41 PyTorch (R A FRFAFER ) ] DARSE FTA T2 1R . DAX R IR B2 I 4531 5513 SR ol -

IEESH all=True i, ILRIHIZITHE KR

print (mon.get_avg_firing_rate(all=True)) # tensor (0.2924)

WA AR RERHE 2

print (mon.get_avg_firing rate(all=False, module_name='1"')) # tensor (0.3183)

print (mon.get_avg_firing_rate(all=False, module_name='3"')) # tensor (0.0333)
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115 #HERESRIERLE

REFAEL : fangweil23456

spikingjelly.datasets HEEM T # H KM A TESERLE , {245 N-MNIST', CIFAR10-DVS?, DVS128 Ges-
ture’, N-Caltech10172¢ 1% 1 'ASLDVS* %, Fifg B4 H AL FREGEAG ISR TR, TF R A A ] DAAREEFA R TR
IMFERERID . FEATTHERE T, FATRFLA DVS128 Gesture {5l , J7m An{a) {ff F 450 HHE 424 BAh 22 1 25 5500
.

1.15.1 HBaTHNFIHTE

CIFAR10-DVS S8 4E S RF A8 T #k. SR B 8 T EEHRSE, 168 ST R IR e S/ 2 1 T 203 5L
PEEEMR H S N download U3 . HAHHHEEN downloadable () pREUE X TIZEEE S BRES BB T
2, 1M resource_url_md5 () BRAUE LT SCER T 2EH A MDS . /-1 -

from spikingjelly.datasets.cifarl0_dvs import CIFAR10DVS
from spikingjelly.datasets.dvsl28_gesture import DVS128Gesture

print ('CIFAR10-DVS downloadable', CIFAR10DVS.downloadable())
print ('resource, url, md5/n', CIFAR10DVS.resource_url_md5())

print ('DVS128Gesture downloadable', DVS128Gesture.downloadable())

print ('resource, url, md5/n', DVS128Gesture.resource_url_md5())

A

CIFAR10-DVS downloadable True
resource, url, mdb

[('airplane.zip', 'https://ndownloader.figshare.com/files/7712788",
—'0afd5c4bf9ael06af762a77b180354fdd"), ('automobile.zip', 'https://ndownloader.
—~figshare.com/files/7712791"', '8438dfeba3bc970c94962d995b1b%bdd"'), ('bird.zip',
—'https://ndownloader.figshare.com/files/7712794"', 'a9c207c¢91c55b9dc2002dc21c684d785
'), ('cat.zip', 'https://ndownloader.figshare.com/files/7712812",
—'52c63c677c2b15fa5146a8daf4d56687'), ('deer.zip', 'https://ndownloader.figshare.com/
—~files/7712815"', 'b6bf21f6c04d21bad4e23fc3e36c8adal3'), ('dog.zip', 'https://
—ndownloader.figshare.com/files/7712818"', 'f£379ebdf6703d16e0a690782e62639c3"), (

G0

! Orchard, Garrick, etal. “Converting Static Image Datasets to Spiking Neuromorphic Datasets Using Saccades.” Frontiers in Neuroscience, vol.
9, 2015, pp. 437-437.

21, Hongmin, et al. “CIFAR10-DVS: An Event-Stream Dataset for Object Classification.” Frontiers in Neuroscience, vol. 11, 2017, pp. 309—
309.

3 Amir, Arnon, et al. “A Low Power, Fully Event-Based Gesture Recognition System.” 2017 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), 2017, pp. 7388-7397.

4 Bi, Yin, etal. “Graph-Based Object Classification for Neuromorphic Vision Sensing.” 2019 IEEE/CVF International Conference on Computer
Vision (ICCV), 2019, pp. 491-501.
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(€A

—'frog.zip', 'https://ndownloader.figshare.com/files/7712842",
—'cad6ed91214b1c7388a5f6ee56d08803"), ('horse.zip', 'https://ndownloader.figshare.
—com/files/7712851"', 'elcbbf77bec584ffbf913f00e682782a'), ('ship.zip', 'https://
—ndownloader.figshare.com/files/7712836"', '41c7bd7d6b251be82557c6cce9a7d5¢9"), (
—'truck.zip', 'https://ndownloader.figshare.com/files/7712839"',
—'89f3922£d147d%aeff89e76a2b0b70a7") ]
DVS128Gesture downloadable False
resource, url, mdb5

[ ('DvsGesture.tar.gz', 'https://ibm.ent.box.com/s/3hig58wwlpbbjrinh367ykfdf60xsfm8/
—folder/50167556794"', '8a5cT71fblle24e5cabbll866cabc00al'), ('gesture_mapping.csv',
—'https://ibm.ent .box.com/s/3hig58wwlpbbjrinh367ykfdf60xsfm8/folder/50167556794",
—'109b2ae64a0elf3ef535b18ad7367fd1"), ('LICENSE.txt', 'https://ibm.ent.box.com/s/
3hig58wwlpbbjrinh367ykfdf60xsfm8/folder/50167556794",
—'065e10099753156£f18f51941e6e44b66'), ('README.txt', 'https://ibm.ent.box.com/s/
3hig58wwlpbbirinh367ykfdf60xsfm8/folder/50167556794",
—'a0663d3b1d8307¢c329a43d949ee32d19") ]

DVS128 Gesture ¥(#a A LR A T, HEM resource_url_md5 () PRESHT I H REUT 2 b ht
B R ik, DVS128 Gesture %3545 A PAM https://ibm.ent.box.com/s/3hig58ww 1 pbbjrinh367ykfdf60xsfm8/folder/
50167556794 HEAT T4, box WA SCRAEA LR AR 00 68 AT B R 3k, R 7 75 2 T3l A R i
FEF#. BEIEE TS E: /datasets/DVS128Gesture/download, F#E5EMJE XD I H 54t
LWy

| -— DvsGesture.tar.gz
| -— LICENSE.txt
| —— README.txt

' —— gesture_mapping.csv

1.15.2 3%Hx Event #iB8

AEINGRERIIALE, HhS M data_type="event ' FIRIATEIT Event Fidis

from spikingjelly.datasets.dvsl28_gesture import DVS128Gesture

root_dir = 'D:/datasets/DVS128Gesture’

train_set = DVS128Gesture (root_dir, train=True, data_type='event')

IBATX BN, IR & 58 AT AR

L REHRE R EAAAE, WAL, W T MD5 /5, #iABdRELIRG, PR ITE. R EEdE
RS H R extract X432

2. DVS128 Gesture FIEEMEA, RAERFDEIMERSGT T, XA R R G AT R I F A —1> AER
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PG T 2T, MVEA A esv SUPERARERE AP A2 AL B AR 2 MR AP 295 X
B, BARIBOCEH AR A FG, RZ N IGNNES . WEER S Boh 2 LRtk , fai
MU B F 325 SCPF BB I R

i T AR Ay 4T

The [D:/datasets/DVS128Gesture/download] directory for saving downloaed files already.
—exists, check files...

Mkdir [D:/datasets/DVS128Gesture/extract].

Extract [D:/datasets/DVS128Gesture/download/DvsGesture.tar.gz] to [D:/datasets/
—DVS128Gesture/extract].

Mkdir [D:/datasets/DVS128Gesture/events_np].

Start to convert the origin data from [D:/datasets/DVS128Gesture/extract] to [D:/
—datasets/DVS128Gesture/events_np] in np.ndarray format.

Mkdir [('D:/datasets/DVS128Gesture//events_np//train', 'D:/datasets/DVS128Gesture//
—events_np//test').

Mkdir [('O', '1', '10', '2', '3"', '"4', '5', ‘'gr, 7', '8', '9'] in [D:/datasets/
—DVS128Gesture/events_np/train] and [('O', '1', '10', '2', '3°"', "4', '5', ‘'g', '7', '8
—'", '9'] in [D:/datasets/DVS128Gesture/events_np/test].

Start the ThreadPoolExecutor with max workers = [8].

Start to split [D:/datasets/DVS128Gesture/extract/DvsGesture/user02_fluorescent.
—aedat] to samples.
[D:/datasets/DVS128Gesture/events_np/train/0/user02_fluorescent_0.npz] saved.
[D:/datasets/DVS128Gesture/events_np/train/1/user02_fluorescent_0.npz] saved.

[D:/datasets/DVS128Gesture/events_np/test/8/user29_lab_0.npz] saved.
[D:/datasets/DVS128Gesture/events_np/test/9/user29_lab_0.npz] saved.
[D:/datasets/DVS128Gesture/events_np/test/10/user29_lab_0.npz] saved.

Used time = [1017.27s].

All aedat files have been split to samples and saved into [ ('D:/datasets/
—DVS128Gesture//events_np//train', 'D:/datasets/DVS128Gesture//events_np//test')].

RPN TFHIGN RN, T LR 27 ln, FASHRTRZH 4 events_np XfF¥k,
Ho & N ZRFeAnmm i 4k -

| -— events_np
| |—— test

| "—— train

T2

event, label = train_set[0]

for k in event.keys():
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(% L0

print (k, event[k])
print ('label', label)

(GEILTHIPSE

t [80048267 80048277 80048278 ... 85092406 85092538 85092700]
x [49 55 55 ... 60 85 45]

y [82 92 92 ... 96 86 90]

p [1 00 ... 10 0]

label 0O

Hr event i LA U7 6% Events B, #820 ['t', 'x', 'y', 'p'l;label 2HIEAIFRZ, DVSI28
Gesture 4 11 25,

1.15.3 3%HY Frame #{iB

FFJFE IR Bvent FRV AL Frame iy, 28 MR, IROTRA MR . . BATRFELR Event 51
PCH E(zi, yis ti;pi),0 < i < N; & H split_by="number' FK/RM Event & N Fib 714, #ir¥ys)
A4y k frames_num=20, gt T B, iCBEHY Frame 58 PR —W0N F(5), 1 (p, 2, y) MEEAR
FEHN F(j,p,x,y); F(j) &M Bvent Ji &S [T ji F j, 11 Event B4k -

. N|
J= LTJ )
) EGHY, it i<T -1
g N, if j=T-1
jr—1
F(,p,,y) = Y Ty (pir i, i)
=

Horp [ R TEEE, Ly oy (i @i, y) RRTEREL, 2 HALY (0, 2,y) = (piy 22, y:) BHBUEA 1, 5002 0,
BT R, EAE RO S I IR UEA TR ), B0 Frame $digE:

train_set = DVS128Gesture (root_dir, train=True, data_type='frame', frames_number=20,.

—split_by='number")

AT R -

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test].
Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/0].
Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/1].

ZET D)

5 Fang, Wei, et al. “Incorporating Learnable Membrane Time Constant to Enhance Learning of Spiking Neural Networks.” ArXiv: Neural and

Evolutionary Computing, 2020.
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Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/10].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/2].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/3].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/4].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/5].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/6].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/7].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/8].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/9].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/0].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/1].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/10].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/2].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/3].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/4].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/5].

Mkdir [D:/datasets/DVS128Gesture/frames_number_ 20_split_by_number/train/6].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/7].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/8].

Mkdir [D:/datasets/DVS128Gesture/frames_number_ 20_split_by_number/train/9].

Start ThreadPoolExecutor with max workers = [8].

Start to integrate [D:/datasets/DVS128Gesture/events_np/test/0/user24_fluorescent_0.
—npz] to frames and save to [D:/datasets/DVS128Gesture/frames_number_20_split_by_
—number/test/0].

Start to integrate [D:/datasets/DVS128Gesture/events_np/test/0/user24_fluorescent_led_
—0.npz] to frames and save to [D:/datasets/DVS128Gesture/frames_number_20_split_by_
—number/test/0].

Frames [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/9/user23_lab_
—0.npz] saved.Frames [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/

—train/9/user23_led_0.npz] saved.

Used time = [102.11s].

E17)E, MPHFE LM frames_number_20_split_by_number U, 33X BUAARCT AU AE LY
Frame % .

B

frame, label = train_set[0]

print (frame. shape)
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FrE

(20, 2, 128, 128)

HH 1R Frame i :

from spikingjelly.datasets import play_frame
frame, label = train_set[500]

play_frame (frame)

BB PR -
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1.15.4 EEhtaEERiReg

o 1 B R (R B AR 2y, AR A LR RS, Bling: 10 ms B—K, MKEN L ms MEE, ATRATS
#| math.floor (L / 10) Wi. EMETEEEBIGE P MERYKEREAME, HHSHEIRFEKER
M o i R AR 2R i spikingjelly. datasets. pad_sequence_collate fllspikingjelly.
datasets.padded_sequence_mask ] AR 78 B RTASEE K BE 34T X 55 FA 5 o

ENIIEMEE

import torch
from torch.utils.data import Dataloader
from spikingjelly.datasets import pad_sequence_collate, padded_sequence_mask, dvsl128_
—~gesture
root='D:/datasets/DVS128Gesture’
train_set = dvsl128_gesture.DVS128Gesture (root, data_type='frame', duration=1000000, .
—train=True)
for i in range(5):
X, y = train_set[i]
print (£f'x[{i}].shape=[T, C, H, W]={x.shape}')
train_data_loader = Dataloader (train_set, collate_fn=pad_sequence_collate, batch_
—size=5H)
for x, y, x_len in train_data_loader:
print (f'x.shape=[N, T, C, H, W]={tuple(x.shape) ")

print (f'x_len={x_len}")

mask = padded_sequence_mask (x_len) # mask.shape = [T, N]
print (f 'mask=\n{mask.t () .int () }")
break

i A -

The directory [D:/datasets/DVS128Gesture\duration_1000000] already exists.
x[0] .shape=[T, C, H, W]=(6, 2, 128, 128)
, Wl=(6, 2, 128, 128)
, Wl=(5, 2, 128, 128)

x[1].shape=[T, C, H 2
H 2
x[3].shape=[T, C, H, Wl=(5, 2, 128, 128)
H 2
H 7

x[2] .shape=[T, C,
x[4] .shape=[T, C, , Wi=(7, , 128, 128)

, Wl=(5, 7, 2, 128, 128)
%x_len=tensor([6, 6, 5, 5, 7])

x.shape=I[N, T, C,

mask=
tensor((([1, 1, 1, 1, 1, 1, O],
r«, 1, 1, 1, 1, 1, 01,
r1, 1, 1, 1, 1, 0, 01,
rt, 2, 1, 1, 1, 0, 01,
[+, 1, 12, 1, 1, 1, 111, dtype=torch.int32)
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1.15.5 BEMRSFHE

HHERER IR P A X . AP A HRERAEF S K%L custom_integrate_function PAKARTF
frames 1) 304344 custom_integrated_frames_dir_name. custom 1ntegrate_functlon EHFF
E LR REL, AR events, H, W, HH events g2 pythono Fil, K [ 'x', 'y', 'p'l

fﬁjﬂ numpy .ndarray 8. HRHEEE, wEHdREE. fla, X DVS ?%é&ﬁ% H=128, W=128,
XA B IR [ {E Y 1% 42 frames.,

custom_integrated_frames_dir_name A PAA None, FEXFHILT, 1547 frames 1) X Je 44 &0k

ﬁﬁi custom_integrate_function._ _name_ ,

B, FA 1 SCGXAE— R T3 BEPLR 4 events — 0o, SRIEBLN A 2 Wt. FATAT5E LA ek :

import spikingjelly.datasets as sjds

def integrate_events_to_2_frames_randomly (events: Dict, H: int, W: int):

index_split = np.random.randint (low=0, high=events['t'].__len__())

frames = np.zeros([2, 2, H, W])

t, x, v, p = (events[key] for key in ('t', 'x', 'y', 'p'))

frames[0] = sjds.integrate_events_segment_to_frame(x, v, p, H, W, 0, index_split)

frames[1l] = sjds.integrate_events_segment_to_frame(x, y, p, H, W, index_split, .
—events['t'].__len_ ())

return frames

BN AR

train_set = DVS128Gesture (root_dir, train=True, data_type='frame', custom_integrate_

—function=integrate_events_to_2_frames_randomly)

BfT5E5)5, E root_dir H3E FHPLT integrate_events_to_2_frames_randomly 3 fFJe, {#4F
T AT frame £4f5

R NP 132 s

from spikingjelly.datasets import play_frame
frame, label = train_set[500]

play_frame (frame)
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DREHESRA SRR B T30, B APT SCRASRIBCE 25 6 -

1.16 435 DVS128 Gesture

ERHEFEE : fangweil23456
T N RORAD 22 S A 052, JRATTHUAL I T DVSI128 Gesture $rfindl. £ Rk, FRA14414%H SNN

%} DVS128 Gesture 33 &£ 36474325, FA K3 [ Incorporating Learnable Membrane Time Constant to Enhance
Learning of Spiking Neural Networks' —SCA /4%, Horb & 5o ] LIF #2750, ikt &Rk,

! Fang, Wei, etal. “Incorporating learnable membrane time constant to enhance learning of spiking neural networks.” Proceedings of the [IEEE/CVF
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JEsCee o B AR IR AE S, SR AR AR RN SR H G T AZE AR $KI: - Parametric-Leaky-Integrate-and-
Fire-Spiking-Neuron

TEARBAE, FMTH B I EAEZE, REPIA E A I GRE L o

1.16.1 5E LM 3%

Js 3 Peee TR YR el B R A E A A SRR T A SRR AR I 2

t=0 X,
t=1 X,
e
t =
t=T—1 %_
1
Input ' Spiking Encoder Classifier Output

X1 DVS128 Gesture ##i4E, Neonv = 1, Naown = 5, Nyec = 2,

FLIR I 9 B 2544 {c128k3s1-BN-LIF-MPk2s2)*5-DP-FC512-LIF-DP-FC110-LIF-APk10s10}, H:rft APk10s10 2
WOMEMBBIRE

FEB 2 LT
cl28k3sl: torch.nn.Conv2d(in_channels, out_channels=128, kernel_size=3,

padding=1)
BN:torch.nn.BatchNorm2d (128)
MPk2s2: torch.nn.MaxPool2d (2, 2)

DP: spikingjelly.clock_driven.layer.Dropout (0.5)

International Conference on Computer Vision. 2021.
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FC512: torch.nn.Linear (in_features, out_features=512

APklOsI0: torch.nn.AvgPoolld (2, 2)

] R I, BRI E S L 0y 5 M4, AU ST -

class VotingLayer (nn.Module) :
def _ init_ (self, voter_num: int):
super () .__init__ ()
self.voting = nn.AvgPoolld(voter_num, voter_num)
def forward(self, x: torch.Tensor):
# x.shape = [N, voter_num * C]
# ret.shape = [N, C]

return self.voting(x.unsqueeze (1)) .squeeze (1)

class PythonNet (nn.Module) :

def _ init_ (self, channels: int):
super () .__init__ ()
conv = []

conv.extend (PythonNet.conv3x3 (2, channels))
conv.append (nn.MaxPool2d (2, 2))
for i in range(4):
conv.extend (PythonNet .conv3x3 (channels, channels))
conv.append (nn.MaxPool2d (2, 2))
self.conv = nn.Sequential (*conv)
self.fc = nn.Sequential (
nn.Flatten (),
layer.Dropout (0.5),
nn.Linear (channels * 4 * 4, channels * 2 * 2, bias=False),
neuron.LIFNode (tau=2.0, surrogate_function=surrogate.ATan(), detach_
—reset=True),
layer.Dropout (0.5),
nn.Linear (channels * 2 * 2, 110, bias=False),
neuron.LIFNode (tau=2.0, surrogate_function=surrogate.ATan (), detach_
—~reset=True)
)
self.vote = VotingLayer (10)

@staticmethod
def conv3x3(in_channels: int, out_channels):
return |
nn.Conv2d(in_channels, out_channels, kernel_size=3, padding=1, .
—~bias=False),
nn.BatchNorm2d (out_channels),
neuron.LIFNode (tau=2.0, surrogate_function=surrogate.ATan (), detach_

—~reset=True)

[y
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1.16.2 5 XA {&IEF0iR %K

WEATERK N T, batchsize Jy N, WM DataLoader HIKEAEHE x . shape=[N, T, 2, 128, 128].
AT S 25 4 BT EM T, el x i Tde, $40h shape=[(T, N, 2, 128, 128].
B oxlt] EAMEL, Bk s bkeh, BROASOE K, RE&EE Tk K RE out_spikes / x.

shape[0], E&£&— shape=[N, 11] HJ tensor,

def forward(self, x: torch.Tensor):
x = x.permute(l, 0, 2, 3, 4) # [N, T, 2, H w] -> [T, N, 2, H, W]
out_spikes = self.vote(self.fc(self.conv(x[0])))
for t in range(l, x.shapel[0O]):
out_spikes += self.vote(self.fc(self.conv(x[t])))

return out_spikes / x.shape[0]

5% 58 S Wkt K AR ont hot JE 3 AR4E ) MSE:

for frame, label in train_data_loader:
optimizer.zero_grad()
frame = frame.float () .to(args.device)
label = label.to(args.device)
label_onehot = F.one_hot (label, 11).float ()

out_fr = net (frame)
loss = F.mse_loss (out_fr, label_onehot)
loss.backward ()

optimizer.step()

functional.reset_net (net)

1.16.3 {&£/ CUDA #Z TR E &1

TR BEF A RS AR AR UR GE , BRI BIAERE : 12 4542 X MR CUDA 3332 049747 42 70 5 1%
SEAE AT it

BRI TS S, (RS, BIAELE RO SUR P 45005 i 2 A 4 -

import cupy

class CextNet (nn.Module) :

(A
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def _ init_ (self, channels: int):
super () .__init__ ()
conv = []

conv.extend (CextNet.conv3x3 (2, channels))
conv.append (layer.SeqgToANNContainer (nn.MaxPool2d (2, 2)))
for i in range (4):
conv.extend (CextNet.conv3x3 (channels, channels))
conv.append (layer.SeqToANNContainer (nn.MaxPool2d (2, 2)))
self.conv = nn.Sequential (*conv)
self.fc = nn.Sequential (
nn.Flatten(2),
layer.MultiStepDropout (0.5),
layer.SegToANNContainer (nn.Linear (channels * 4 * 4, channels * 2 * 2,
—~bias=False)),
neuron.MultiStepLIFNode (tau=2.0, surrogate_function=surrogate.ATan(), .
—detach_reset=True, backend='cupy'),
layer.MultiStepDropout (0.5),
layer.SegToANNContainer (nn.Linear (channels * 2 * 2, 110, bias=False)),
neuron.MultiStepLIFNode (tau=2.0, surrogate_function=surrogate.ATan(),_
—detach_reset=True, backend='cupy')

)
self.vote = VotingLayer (10)

def forward(self, x: torch.Tensor):
X = x.permute (1, 0, 2, 3, 4) # [N, T, 2, H, W] -> [T, N, 2, H, W]
out_spikes = self.fc(self.conv(x)) # shape = [T, N, 110]

return self.vote (out_spikes.mean(0))

@staticmethod
def conv3x3(in_channels: int, out_channels):
return [
layer.SegToANNContainer (
nn.Conv2d(in_channels, out_channels, kernel_size=3, padding=1, .
—bias=False),
nn.BatchNorm2d (out_channels),
)
neuron.MultiStepLIFNode (tau=2.0, surrogate_function=surrogate.ATan(), .
—detach_reset=True, backend='cupy')

]

AR B, 28I R 5 B A R A, B A TSRS Z, B0 convad, #4Pl layer.
SeqToANNContainer f3%¢. ML HI LA T B[] LB EER
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def forward(self, x: torch.Tensor):
X = x.permute(l, 0, 2, 3, 4) # [N, T, 2, H W] -> [T, N, 2, H, W]
out_spikes = self.fc(self.conv(x)) # shape = [T, N, 110]

return self.vote (out_spikes.mean (0))

1.16.4 KIBATH

N TR, AERAEACHE A KRS AL

parser = argparse.ArgumentParser (description='Classify DVS128 Gesture')
parser.add_argument ('-T', default=16, type=int, help='simulating time-steps')
parser.add_argument ('-device', default='cuda:0', help='device')
parser.add_argument ('-b', default=16, type=int, help='batch size')
parser.add_argument ('-epochs', default=64, type=int, metavar='N'",

help="number of total epochs to run')
parser.add_argument ('-7', default=4, type=int, metavar='N"',

help="number of data loading workers (default: 4)"')
parser.add_argument ('-channels', default=128, type=int, help='channels of Conv2d in.
<SNN"')
parser.add_argument ('-data_dir', type=str, help='root dir of DVS128 Gesture dataset')

parser.add_argument ('-out_dir', type=str, help='root dir for saving logs and.
—checkpoint"')

parser.add_argument ('-resume', type=str, help='resume from the checkpoint path'")
parser.add_argument ('-amp', action='store_true', help='automatic mixed precision.
—training')

parser.add_argument ('-cupy', action='store_true', help='use CUDA neuron and multi-

—step forward mode')

parser.add_argument ('-opt', type=str, help='use which optimizer. SDG or Adam')
parser.add_argument ('-1r', default=0.001, type=float, help='learning rate')
parser.add_argument ('-momentum', default=0.9, type=float, help='momentum for SGD')
parser.add_argument ('-1r_scheduler', default='CosALR', type=str, help='use which.
—schedule. StepLR or CosALR')

parser.add_argument ('-step_size', default=32, type=float, help='step_size for StepLR')
parser.add_argument ('-gamma', default=0.1, type=float, help='gamma for StepLR'")
parser.add_argument ('-T_max', default=32, type=int, help='T_max for CosineAnnealingLR

")

EANRERTEUNGR, W DAKIREE ST, 18 A I FE:

if args.amp:
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with amp.autocast () :
out_fr = net (frame)
loss = F.mse_loss (out_fr, label_onehot)

scaler.scale(loss) .backward()
scaler.step (optimizer)
scaler.update ()

else:
out_fr = net (frame)
loss = F.mse_loss (out_fr, label_onehot)
loss.backward()

optimizer.step()

FRATTI 100 2845 ST i 21 -

if args.resume:
checkpoint = torch.load(args.resume, map_location='cpu')
net.load_state_dict (checkpoint['net'])
optimizer.load_state_dict (checkpoint['optimizer'])

lr_scheduler.load_state_dict (checkpoint['lr_ scheduler'])

start_epoch = checkpoint|['epoch'] + 1

max_test_acc = checkpoint|['max_test_acc']

for epoch in range (start_epoch, args.epochs):

# train...

# test...

checkpoint = {
'net': net.state_dict (),
'optimizer': optimizer.state_dict(),
"lr_scheduler': lr_scheduler.state_dict (),
'epoch': epoch,

'max_test_acc': max_test_acc

torch.save (checkpoint, os.path.join(out_dir, 'checkpoint_latest.pth'))
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1.16.5 iE1Tll%k

SEREIIS LT spikingjelly.clock_driven.examples.classify_dvsg.

FATHE Intel(R) Xeon(R) Gold 6148 CPU @ 2.40GHz" [t) CPU #11 GeForce RTX 2080 Ti ) GPU _FizfTM %% . FAi]
RS EO L5 R 20— (A A X FATEH T=16 1 e 2 i ] T=20, F2h GeForce
RTX 2080 Ti ) 12G BAFANUSMEH T=20; BLoh, IATLT S T HIR AR EINZ:, FEfR ] BESIgUR T4
FE N2

AT AR

(test—env) root@de41£92009cf3011eb0ac59057a81652d2d0-fangwl1714-0:/userhome/test#._
—python -m spikingjelly.clock_driven.examples.classify_dvsg -data_dir /userhome/
—datasets/DVS128Gesture -out_dir ./logs —amp -opt Adam -device cuda:0 -lr_scheduler.
—CosALR -T_max 64 -epochs 256
Namespace (T=16, T _max=64, amp=True, b=16, cupy=False, channels=128, data _dir='/
—userhome/datasets/DVS128Gesture', device='cuda:0', epochs=256, gamma=0.1, 7J=4, 1r=0.
—001, 1lr_scheduler='CosALR', momentum=0.9, opt='Adam', out_dir='./logs', resume=None,
— step_size=32)
PythonNet (
(conv) : Sequential (
(0): Conv2d (2, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
(1) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running
—stats=True)
(2): LIFNode (
v_threshold=1.0, v_reset=0.0, tau=2.0
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(3) : MaxPool2d (kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=False)
(4) : Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),o
—bias=False)
(5) : BatchNorm2d (128, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
(6) : LIFNode (
v_threshold=1.0, v_reset=0.0, tau=2.0
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(7) : MaxPool2d (kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=False)
(8): Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),-
—bias=False)
(9) : BatchNorm2d (128, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
(10) : LIFNode (
v_threshold=1.0, v_reset=0.0, tau=2.0

(surrogate_function): ATan (alpha=2.0, spiking=True)
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)
(11) : MaxPool2d (kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=False)
(12) : Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(13) : BatchNorm2d (128, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
(14) : LIFNode (
v_threshold=1.0, v_reset=0.0, tau=2.0
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(15) : MaxPool2d (kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=False)
(16) : Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),-
—bias=False)
(17) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running
—stats=True)
(18) : LIFNode (
v_threshold=1.0, v_reset=0.0, tau=2.0
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(19) : MaxPool2d (kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=False)
)
(fc): Sequential (
(0): Flatten(start_dim=1, end_dim=-1)
(1) : Dropout (p=0.5)
(2) : Linear (in_features=2048, out_features=512, bias=False)
(3) : LIFNode (
v_threshold=1.0, v_reset=0.0, tau=2.0
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(4): Dropout (p=0.5)
(5): Linear (in_features=512, out_features=110, bias=False)
(6) : LIFNode (
v_threshold=1.0, v_reset=0.0, tau=2.0

(surrogate_function): ATan (alpha=2.0, spiking=True)

)
(vote) : VotingLayer (
(voting) : AvgPoolld(kernel_ size=(10,), stride=(10,), padding=(0,))

)
The directory [/userhome/datasets/DVS128Gesture/frames_number_16_split_by_number].
—already exists.

The directory [/userhome/datasets/DVS128Gesture/frames_number_16_split_by_number].

(AN

1
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—already exists.
Mkdir ./logs/T_16_b_16_c_128_Adam_lr_0.001_CosALR_64_amp.
Namespace (T=16, T_max=64, amp=True, b=16, cupy=False, channels=128, data_dir="'/

—userhome/datasets/DVS128Gesture', device='cuda:0', epochs=256, gamma=0.1, j=4,

— step_size=32)

—04891310722774102, test_acc=0.6180555555555556, max_test _acc=0.6180555555555556
—total time=27.759592294692993

—001, 1lr_scheduler='CosALR', momentum=0.9, opt='Adam', out_dir='./logs', resume=None,

epoch=0, train_1loss=0.06680945929599134, train_acc=0.4032534246575342, test_loss=0.

1r=0.

7

FPA%EL, —A> epoch JHIER 27.76s. FRIBTIIGR, 1A S0H R T e A

(test—env) root@de41£92009cf3011eb0ac59057a81652d2d0-fangwl1714-0:/userhome/test#._
—python -m spikingjelly.clock_driven.examples.classify_dvsg -data_dir /userhome/
—datasets/DVS128Gesture -out_dir ./logs —amp -opt Adam -device cuda:0 -lr_schedu
—CosALR -T_max 64 -cupy -—epochs 256

Namespace (T=16, T_max=64, amp=True, b=16, cupy=True, channels=128, data _dir='/

—userhome/datasets/DVS128Gesture', device='cuda:0', epochs=256, gamma=0.1,

—stats=True)
)
)

—function=ATan, alpha=2.0 tau=2.0)
(2): SeqToANNContainer (

(module) : MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil
—mode=False)
)
(3): SeqToANNContainer (
(module) : Sequential (

(0): Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),

—bias=False)

—stats=True)

)

J=4, 1r=0.
—~001, 1lr_scheduler='CosALR', momentum=0.9, opt='Adam', out_dir='./logs', resume=None,
— step_size=32)
CextNet (
(conv) : Sequential (
(0) : SeqToANNContainer (
(module) : Sequential (
(0): Conv2d (2, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),o
—bias=False)
(1) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running_

(1): MultiStepLIFNode (v_threshold=1.0, v_reset=0.0, detach_reset=True, surrogate_

(1) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running_

ler.

(AN

1
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(4) : MultiStepLIFNode (v_threshold=1.0, v_reset=0.0, detach_reset=True, surrogate_
—function=ATan, alpha=2.0 tau=2.0)
(5): SeqToANNContainer (
(module) : MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil_
—mode=False)
)
(6) : SeqToANNContainer (
(module) : Sequential (
(0): Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(1) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
)
)
(7): MultiStepLIFNode (v_threshold=1.0, v_reset=0.0, detach_reset=True, surrogate_
—function=ATan, alpha=2.0 tau=2.0)
(8): SeqToANNContainer (
(module) : MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil
—mode=False)
)
(9) : SeqToANNContainer (
(module) : Sequential (
(0): Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(1) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_ running_
—stats=True)
)
)
(10) : MultiStepLIFNode (v_threshold=1.0, v_reset=0.0, detach_reset=True, surrogate_
—function=ATan, alpha=2.0 tau=2.0)
(11): SeqgToANNContainer (
(module) : MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil__
—mode=False)
)
(12) : SeqgToANNContainer (
(module) : Sequential (
(0): Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(1) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
)
)
(13): MultiStepLIFNode (v_threshold=1.0, v_reset=0.0, detach_reset=True, surrogate_

(AN
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—function=ATan, alpha=2.0 tau=2.0)
(14) : SeqToANNContainer (
(module) : MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil_
—mode=False)
)
)
(fc): Sequential (
(0): Flatten(start_dim=2, end_dim=-1)
(1): MultiStepDropout (p=0.5)
(2): SeqToANNContainer (
(module) : Linear (in_features=2048, out_features=512, bias=False)
)
(3): MultiStepLIFNode (v_threshold=1.0, v_reset=0.0, detach_reset=True, surrogate_
—function=ATan, alpha=2.0 tau=2.0)
(4) : MultiStepDropout (p=0.5)
(5): SeqToANNContainer (
(module) : Linear (in_features=512, out_features=110, bias=False)
)
(6): MultiStepLIFNode (v_threshold=1.0, v_reset=0.0, detach_reset=True, surrogate_
—function=ATan, alpha=2.0 tau=2.0)
)
(vote) : VotingLayer (
(voting) : AvgPoolld (kernel size=(10,), stride=(10,), padding=(0,))

)

The directory [/userhome/datasets/DVS128Gesture/frames_number_16_split_by_number].
—already exists.

The directory [/userhome/datasets/DVS128Gesture/frames_number_16_split_by_number].
—already exists.

Mkdir ./logs/T_16_lb_16_c_128_Adam_lr_0.001_CosALR_64_amp_cupy.

Namespace (T=16, T_max=64, amp=True, b=16, cupy=True, channels=128, data_dir='/
—userhome/datasets/DVS128Gesture', device='cuda:0', epochs=256, gamma=0.1, 7j=4, 1r=0.
001, 1lr_scheduler='CosALR', momentum=0.9, opt='Adam', out_dir='./logs', resume=None,
— step_size=32)

epoch=0, train_loss=0.06690179117738385, train_acc=0.4092465753424658, test_loss=0.
—049108295158172645, test _acc=0.6145833333333334, max_test_acc=0.6145833333333334,
—total time=18.169376373291016

Namespace (T=16, T_max=64, amp=True, b=16, cupy=True, channels=128, data _dir='/
—userhome/datasets/DVS128Gesture', device='cuda:0', epochs=256, gamma=0.1, 7J=4, 1r=0.

—001, 1lr_scheduler='CosALR', momentum=0.9, opt='Adam', out_dir='./logs', resume=None,

Gy
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— step_size=32)
epoch=255, train_loss=0.00021228195577325645, train_acc=1.0, test_loss=0.
—008522209396485576, test acc=0.9375, max_test acc=0.9618055555555556, total time=17.
—49005389213562

UIZE—A~ epoch FEIT Ky 18.17s, HLIZA LA 27.76s P 724 10s. Y12 256 4~ epoch, Ffi 1T PAIKE] fi i 96.18%
AR, SRR ISR 2T -
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Test accuracy
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1.17 BEEFFRSE
KHFEVEL : fangweil 23456

1.17.1 BEEER

G 2 M L B AR, Biltn' — 3¢ Ay SRNN(recurrent networks of spiking neurons), fl17F [&] 7 :

1'Yin B, Corradi F, Bohté S M. Effective and efficient computation with multiple-timescale spiking recurrent neural networks[C]//International

Conference on Neuromorphic Systems 2020. 2020: 1-8.
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Input Layer . .'.....“

SRNN Layer 1 %
e}
SRNN Layer 2 % %%% Neuron
e
.

&/ &/ Model
| I / Forward
—

Connection

Recurrent

Output Layer Connection

v
— ; Recurrence
Of Neuron

AR EERRAS WAL A A EEBR, ZRBER PN —MER, KI5 ML THm—
AW, HARETE ¢ W2 S s, 25 N2 R R A ot + 1] A, JEEAE R
Ao XAJPAH spikingjelly.clock_driven.layer.ElementWiseRecurrentContainer TRHNSEHL,
ElementWiseRecurrentContainer 22— PR, HEER sub_module MINI—/ M B iERE, &
FERTE T DARE I B R ZTCR BB 2 = f(2,y) R A0 ft] N ¢ 2SI A, it]
Fly[t] /& sub_module HYH ARG (R y[t] R 28R L ),

ift] = f(xft],ylt = 1))

Hr f 2R P HEXZE TR B y[-1] =
MAELEFATH ElementWiseRecurrentContainer RAH—ANIF &0, BICRBAERE ML, KM

ilt] = x[t] + ot — 1].

BAVE R EE, HES o[t] = [1.5,0,...,0] BIHIA

T =38
def element_wise_add(x, y):
return x + y
net = ElementWiseRecurrentContainer (neuron.IFNode (v_reset=None), element_wise_add)
print (net)
x = torch.zeros ([T])

x[0] = 1.5

EET D)
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for t in range(T):

print (t, f'x[t]={x[t]}, slt]l={net(x[t])/}")

functional.reset_net (net)

i

ElementWiseRecurrentContainer (
element-wise function=<function element_wise_add at 0x000001FEOF7968B0>

(sub_module) : IFNode (

v_threshold=1.0, v_reset=None, detach_ =False
(surrogate_function): Sigmoid(alpha=1.0, spiking=True)
)

)

0 x[t]=1.5, s[t]=1.0

1 x[t]=0.0, s[t]=1.0

2 x[t]=0.0, s[t]=1.0

3 x[t]=0.0, s[t]=1.0

4 x[t]=0.0, s[t]=1.0

5 x[t]=0.0, s[t]=1.0

6 x[t]=0.0, s[t]=1.0

7 x[t]=0.0, s[t]=1.0

AIPAREL, B TAAfEE R, BME ¢ > 10 oft] =0, dTHmbmbkeh ezl A, MEclaeRrs R
M

T PME ] spikingjelly.clock_driven.layer.LinearRecurrentContainer SEINHEE L) 4 it
WO SBUEDR

1.17.2 FRBEIE

23 S Y ARSI i, W spikingjelly.clock_driven.layer.SynapseFilter R IOk
ARG ST, RISl ) R TR, T DA BATIRAS I Sl il -

stateful_conv = nn.Sequential (
nn.Conv2d (3, 16, kernel_size=3, padding=1, stride=1),
SynapseFilter (tau=100, learnable=True)

2 Diehl P U, Cook M. Unsupervised learning of digit recognition using spike-timing-dependent plasticity[J]. Frontiers in computational neuroscience,
2015, 9: 99

3 Fang H, Shrestha A, Zhao Z, et al. Exploiting Neuron and Synapse Filter Dynamics in Spatial Temporal Learning of Deep Spiking Neural
Network[J].
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1.17.3 Sequential FashionMNIST _E#43%}LLSELE
Fe N oARAEFLATILE Sequential FashionMNIST _FAf{—AMaTFRAY LT, B0k B EEREAA RSS2 54 B T g 1
25112 BE J] . Sequential FashionMNIST 412 K )5 i) FashionMNIST [& Jy —47—4 780354141, A

BAEF, A FERXFMEO T, FMABAEA —ERICIZRES, AU IERmK 2. HITHSER
Fr—A—3IR A, AR MZEIT S, SRR MAEEE TR —FE, W EER:

TE RS T AR

HEFAMKM R
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import torch

import torch.nn as nn

import torch.nn.functional as F

import torchvision.datasets

from spikingjelly.clock_driven.model import train_classify

from spikingjelly.clock_driven import neuron, surrogate, layer

from spikingjelly.clock_driven. functional import seq to_ann_forward
from torchvision import transforms

import os, argparse

try:
import cupy
backend = 'cupy'
except ImportError:

backend = 'torch'

FATRE Sl A 15 4% Net

class Net (nn.Module) :
def _ init__ (self):
super () .__init__ ()
self.fcl = nn.Linear (28, 32)
self.snl = neuron.MultiStepIFNode (surrogate_function=surrogate.ATan(), detach_
—reset=True, backend=backend)
self.fc2 = nn.Linear (32, 10)
self.sn2 = neuron.MultiStepIFNode (surrogate_function=surrogate.ATan(), detach_

—reset=True, backend=backend)

def forward(self, x: torch.Tensor):
# x.shape = [N, C, H, W]
x.squeeze_ (1) # [N, H, W]

x = x.permute (2, 0, 1) # [W, N, HJ
x = seq_to_ann_forward(x, self.fcl)
x = self.snl(x)
x = seq_to_ann_forward(x, self.fc2)
x = self.sn2(x)

return x.mean (0)

A Net BIE—EK L IG5 IN—A spikingjelly.clock_driven.layer.SynapseFilter,
BE—H M4 statefulSynapseNet :

class StatefulSynapseNet (nn.Module) :
def _ init_ (self):

super () .__init__ ()

EET )
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self.fcl = nn.Linear (28, 32)

self.snl = neuron.MultiStepIFNode (surrogate_function=surrogate.ATan(), detach_
—reset=True, backend=backend)

self.syl = layer.MultiStepContainer (layer.SynapseFilter (tau=2., .
—learnable=True))

self.fc2 = nn.Linear (32, 10)

self.sn2 = neuron.MultiStepIFNode (surrogate_function=surrogate.ATan(), detach_

—reset=True, backend=backend)

def forward(self, x: torch.Tensor):
# x.shape = [N, C, H, W]
x.squeeze_ (1) # [N, H, W]
X = x.permute (2, 0, 1) # [W, N, HJ]
x = self.fcl (x)
x = self.snl(x)
x = self.syl (x)
x = self.fc2(x)
x = self.sn2(x)

return x.mean (0)

FAT4h Net [HEE — 2 Wk op #f & oo B8 — A~ KUt 1% HEspikingjelly.clock_driven.layer.

LinearRecurrentContainer {32 FeedBackNet:

class FeedBackNet (nn.Module) :
def _ init__ (self):
super () .__init__ ()
self.fcl = nn.Linear (28, 32)
self.snl = layer.MultiStepContainer (
layer.LinearRecurrentContainer (
neuron.IFNode (surrogate_function=surrogate.ATan (), detach_reset=True),

32, 32

)
self.fc2 = nn.Linear (32, 10)
self.sn2 = neuron.MultiStepIFNode (surrogate_function=surrogate.ATan(), detach_

—~reset=True, backend=backend)

def forward(self, x: torch.Tensor):
# x.shape = [N, C, H, W]
x.squeeze_ (1) # [N, H, W]
X = x.permute (2, 0, 1) # [W, N, HJ
x = seq_to_ann_forward(x, self.fcl)

x = self.snl (x)
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x = seq_to_ann_forward(x, self.fc2)
x = self.sn2(x)

return x.mean (0)

RN T 3 R AR -

Image Column Image Column Image Column

Concatenate

Recurrent FC

Synapse Filter

Plain Stateful Synapse Feedback

SERLFR AL T spikingjelly.clock_driven.examples.rsnn_sequential_fmnist, F&A]0] A 6y T HEE1T. &f7T
ZHCH:

(pytorch—-env) PS C:/Users/fw> python -m spikingjelly.clock_driven.examples.rsnn_

—sequential_fmnist --h
usage: rsnn_sequential_fmnist.py [-h] [--data-path DATA_PATH] [--device DEVICE] [-b.
—BATCH_SIZE] [-—-epochs N] [-J NJ
[--=1r LR] [--opt OPT] [--lrs LRS] [--step-size STEP_
—SIZE] [-—step—gamma STEP_GAMMA ]
[--cosa-tmax COSA_TMAX] [--momentum M] [--wd W] [--—
—output-dir OUTPUT_DIR]
[-—resume RESUME] [--start-epoch N] [—-—-cache-
—dataset] [-—amp] [--tb] [--model MODEL]
PyTorch Classification Training
optional arguments:
-h, —--help show this help message and exit
——data-path DATA_PATH
G
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(% L0
dataset
—-—device DEVICE device
-b BATCH_SIZE, —--batch-size BATCH_SIZE
—-—epochs N number of total epochs to run
-j N, —--workers N number of data loading workers (default: 16
--1lr LR initial learning rate
-—-opt OPT optimizer (sgd or adam)
--1lrs LRS lr schedule (cosa(CosineAnnealingLR), step (StepLR)) or None

—-—step-size STEP_SIZE
step_size for StepLR
—-—-step—gamma STEP_GAMMA
gamma for StepLR
——cosa—-tmax COSA_TMAX
T_max for CosineAnnealingLR. If none, it will be set to epochs
——momentum M Momentum for SGD
--wd W, —--weight-decay W
weight decay (default: 0)
—-—-output-dir OUTPUT_DIR

path where to save

——resume RESUME resume from checkpoint
—-—start-epoch N start epoch
——cache-dataset Cache the datasets for quicker initialization. It also.

—serializes the transforms

——amp Use AMP training
-—tb Use TensorBoard to record logs
—-model MODEL "plain", "feedback", or "stateful-synapse"

a3 3 s

python -m spikingjelly.clock_driven.examples.rsnn_sequential_fmnist --data-path /raid/

—wfang/datasets/FashionMNIST —--tb --device cuda:0 —--amp --model plain

python -m spikingjelly.clock_driven.examples.rsnn_sequential_fmnist --data-path /raid/

—~wfang/datasets/FashionMNIST —--tb --device cuda:1 --amp —--model feedback

python -m spikingjelly.clock_driven.examples.rsnn_sequential_fmnist --data-path /raid/

—wfang/datasets/FashionMNIST —--tb —--device cuda:2 —--amp —--model stateful-synapse

R R N -
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Train loss
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Train accuracy
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Test accuracy

ol /—\_/_/\ //\/—/\/—N_
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>
Q
s
=N
3
e
65
— plain
ol — feedback
stateful-synapse
6 Zb 4‘0 6‘0 Sb
iteration

PA% L, feedback fll stateful-synapse HHEREANE T plain, KE]H ERAARERMAA B T2
THMZEHIICIZRE T -

1.18 )%k K#EE SNN

AEHEVEL: fangweil 23456

1.18.1 {#H spikingjelly.clock_driven.model

fEspikingjelly.clock_driven.model WE X T —L & HE MY, FHWspikingjelly.
clock_driven.model.spiking resnet Skl A affi Ff X 2L £

KE¥(spikingjelly.clock driven.model FMLE, ERSHLBEE M Z AWML, Flan, Fef16] %
— B HAL R IY) Spiking ResNet-18! :

import torch

import torch.nn.functional as F

BT

! He, Kaiming, et al. “Deep residual learning for image recognition.” Proceedings of the IEEE conference on computer vision and pattern

recognition. 2016.
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(£ b0
from spikingjelly.clock_driven import neuron, surrogate, functional
from spikingjelly.clock_driven.model import spiking_resnet
net = spiking_resnet.spiking_resnetl8 (pretrained=False, progress=True, single_step_
—neuron=neuron.IFNode, v_threshold=1., surrogate_function=surrogate.ATan())
print (net)
B spiking_resnetl18 (pretrained=False, progress=True, single_step_neuron:

callable=None, **kwargs) iafTZS8(P, single_step_neuron ZHELEMELIL, 1M **kwargs &
MZITTHSE. IR E pretrained=True MATPAMNE ANN, Bl ResNet-18 [Tl BB 24, 124745
R

SpikingResNet (
(convl): Conv2d (3, 64, kernel_size=(7, 7), stride=(2, 2), padding=(3, 3),-
—bias=False)
(bnl) : BatchNorm2d (64, eps=1le-05, momentum=0.1, affine=True, track_running
—stats=True)
(snl): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(maxpool) : MaxPool2d(kernel size=3, stride=2, padding=1, dilation=1, ceil
—mode=False)
(layerl): Sequential (
(0) : BasicBlock (
(convl): Conv2d (64, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (64, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(snl): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan(alpha=2.0, spiking=True)
)
(conv2): Conv2d (64, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),-
—~bias=False)
(bn2) : BatchNorm2d (64, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False

(surrogate_function): ATan(alpha=2.0, spiking=True)

(1) : BasicBlock (

EET )
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(convl): Conv2d (64, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),-
—bias=False)
(bnl) : BatchNorm2d (64, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
(snl): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(conv2): Conv2d (64, 64, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),-
—bias=False)
(bn2) : BatchNorm2d (64, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2) : IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False

(surrogate_function): ATan (alpha=2.0, spiking=True)

)
(layer2): Sequential (
(0) : BasicBlock (
(convl): Conv2d (64, 128, kernel_size=(3, 3), stride=(2, 2), padding=(1, 1),-
—bias=False)
(bnl) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
(snl): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan(alpha=2.0, spiking=True)
)
(conv2): Conv2d (128, 128, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
(sn2): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(downsample) : Sequential (
(0): Conv2d (64, 128, kernel_size=(1, 1), stride=(2, 2), bias=False)
(1) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
)
)
(1) : BasicBlock (

(AN
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(convl): Conv2d (128, 128, kernel_ size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running
—stats=True)
(snl): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(conv2): Conv2d (128, 128, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2) : IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False

(surrogate_function): ATan (alpha=2.0, spiking=True)

)
(layer3) : Sequential (
(0) : BasicBlock (
(convl): Conv2d (128, 256, kernel_size=(3, 3), stride=(2, 2), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (256, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
(snl): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan(alpha=2.0, spiking=True)
)
(conv2): Conv2d (256, 256, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (256, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
(sn2): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(downsample) : Sequential (
(0): Conv2d (128, 256, kernel_size=(1, 1), stride=(2, 2), bias=False)
(1) : BatchNorm2d (256, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
)
)
(1) : BasicBlock (

(AN
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(convl): Conv2d (256, 256, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),-
—bias=False)
(bnl) : BatchNorm2d (256, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
(snl): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(conv2): Conv2d (256, 256, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (256, eps=1le-05, momentum=0.1, affine=True, track_running
—stats=True)
(sn2) : IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False

(surrogate_function): ATan (alpha=2.0, spiking=True)

)
(layer4) : Sequential (
(0) : BasicBlock (
(convl): Conv2d (256, 512, kernel_size=(3, 3), stride=(2, 2), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
(snl): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan(alpha=2.0, spiking=True)
)
(conv2): Conv2d (512, 512, kernel_ size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_running
—stats=True)
(sn2): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(downsample) : Sequential (
(0): Conv2d (256, 512, kernel_size=(1, 1), stride=(2, 2), bias=False)
(1) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
)
)
(1) : BasicBlock (

(AN
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(convl): Conv2d (512, 512, kernel_ size=(3, 3), stride=(1, 1), padding=(1, 1),-
—bias=False)
(bnl) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(snl): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(conv2): Conv2d (512, 512, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2) : IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False

(surrogate_function): ATan (alpha=2.0, spiking=True)

)
(avgpool) : AdaptiveAvgPool2d (output size=(1, 1))

(fc): Linear (in_features=512, out_features=1000, bias=True)

L R 2R R AN B S I RV AEEE A YT 245 I 28 BN ) 2 O A -

net = spiking_resnet.spiking_resnetl8 (pretrained=False, progress=True, single_step_
—neuron=neuron.IFNode, v_threshold=1., surrogate_function=surrogate.ATan())

T = 4

N = 2
x = torch.rand ([T, N, 3, 224, 224])
fr = 0.

with torch.no_grad():
for t in range(T):
fr += net(x[t])
fr /=T

print ('firing rate =', fr)

a2 PN R R, HEEspikingjelly.clock_driven.model.spiking resnet.
spiking resnetl8 B Mspikingjelly.clock_driven.model.spiking resnet.

multi_step_spiking resnetl8 FH¥F B M A TUH N EZ S A IT:

net_ms = spiking_resnet.multi_step_spiking_resnetl8 (pretrained=False, progress=True, .
—multi_step_neuron=neuron.MultiStepIFNode, v_threshold=1., surrogate_
—function=surrogate.ATan (), backend='torch'")

print (net_ms)
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MultiStepSpikingResNet (
(convl): Conv2d (3, 64, kernel_size=(7, 7), stride=(2, 2), padding=(3, 3),o
—bias=False)
(bnl) : BatchNorm2d (64, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(snl): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan(alpha=2.0, spiking=True)
)
(maxpool): MaxPool2d (kernel size=3, stride=2, padding=1, dilation=1, ceil
—mode=False)
(layerl): Sequential (
(0): MultiStepBasicBlock (
(convl): Conv2d (64, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),-
—bias=False)
(bnl) : BatchNorm2d (64, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
(snl): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(conv2): Conv2d (64, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (64, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2) : MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy

(surrogate_function): ATan(alpha=2.0, spiking=True)

)
(1): MultiStepBasicBlock (
(convl): Conv2d (64, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (64, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(snl): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan(alpha=2.0, spiking=True)
)
(conv2): Conv2d (64, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (64, eps=1le-05, momentum=0.1, affine=True, track_running

—stats=True)

(AN
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(sn2) : MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy

(surrogate_function): ATan(alpha=2.0, spiking=True)

)
(layer?2): Sequential (
(0): MultiStepBasicBlock (
(convl): Conv2d (64, 128, kernel_ size=(3, 3), stride=(2, 2), padding=(1, 1),-
—bias=False)
(bnl) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(snl): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(conv2): Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2) : MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan(alpha=2.0, spiking=True)
)
(downsample) : Sequential (
(0): Conv2d (64, 128, kernel_size=(1, 1), stride=(2, 2), bias=False)
(1) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
)
)
(1): MultiStepBasicBlock (
(convl): Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
(snl): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(conv2): Conv2d (128, 128, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),
—bilas=False)
(bn2) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running

—stats=True)

(AN
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(sn2) : MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy

(surrogate_function): ATan(alpha=2.0, spiking=True)

)
(layer3): Sequential (
(0): MultiStepBasicBlock (
(convl): Conv2d (128, 256, kernel size=(3, 3), stride=(2, 2), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (256, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(snl): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(conv2): Conv2d (256, 256, kernel_ size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (256, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2) : MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan(alpha=2.0, spiking=True)
)
(downsample) : Sequential (
(0): Conv2d (128, 256, kernel_size=(1, 1), stride=(2, 2), bias=False)
(1) : BatchNorm2d (256, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
)
)
(1): MultiStepBasicBlock (
(convl): Conv2d (256, 256, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (256, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
(snl): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(conv2): Conv2d (256, 256, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),
—bilas=False)
(bn2) : BatchNorm2d (256, eps=1le-05, momentum=0.1, affine=True, track_running

—stats=True)

(AN
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(sn2) : MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy

(surrogate_function): ATan(alpha=2.0, spiking=True)

)
(layerd): Sequential (
(0): MultiStepBasicBlock (
(convl): Conv2d (256, 512, kernel size=(3, 3), stride=(2, 2), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(snl): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(conv2): Conv2d (512, 512, kernel_ size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2) : MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan(alpha=2.0, spiking=True)
)
(downsample) : Sequential (
(0): Conv2d (256, 512, kernel_size=(1, 1), stride=(2, 2), bias=False)
(1) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
)
)
(1): MultiStepBasicBlock (
(convl): Conv2d (512, 512, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
(snl): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(conv2): Conv2d (512, 512, kernel_ size=(3, 3), stride=(1, 1), padding=(1, 1),
—bilas=False)
(bn2) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_running

—stats=True)

(AN
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(sn2) : MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
)
)
(avgpool) : AdaptiveAvgPool2d (output_size=(1, 1))
(fc): Linear (in_features=512, out_features=1000, bias=True)
)
XFT 24, A A% A I ) 4E R -
net = spiking_resnet.spiking_resnetl8 (pretrained=False, progress=True, single_step_
—neuron=neuron.IFNode, v_threshold=1.,
surrogate_function=surrogate.ATan())
T =4
N = 2
x = torch.rand ([T, N, 3, 224, 224])
fr = 0.
with torch.no_grad():
for t in range(T):
fr += net(x[t])
fr /=T
net_ms = spiking_resnet.multi_step_spiking_resnetl8 (pretrained=False, progress=True, .

—multi_step_neuron=neuron.MultiStepIFNode, v_threshold=1., surrogate_

—function=surrogate.ATan (), backend='torch')

net_ms.load_state_dict (net.state_dict ())
with torch.no_grad():
print ('mse of single/multi step network outputs', F.mse_loss (net_ms (x).mean (0),_

—fr))

HRRZ L MR SO VPR AN I T 4R BE RO RS, AEXME LR, AR 3 9 4 I B M T J 1 T

TEMGE B E T

net_ms = spiking_resnet.multi_step_spiking_resnetl8 (pretrained=False, progress=True, .
—T=4, multi_step_neuron=neuron.MultiStepIFNode, v_threshold=1., surrogate_

—function=surrogate.ATan (), backend='torch'")

CE AT R E T

net_ms = spiking_resnet.multi_step_spiking_resnetl8 (pretrained=False, progress=True, .

GANY
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—multi_step_neuron=neuron.MultiStepIFNode, v_threshold=1., surrogate_
—function=surrogate.ATan (), backend='torch'")
net_ms.T = 4
WIZETE forward WK A BB T W, FFRATIE H AL i 2 —
net_ms = spiking_resnet.multi_step_spiking_resnetl8 (pretrained=False, progress=True, .

—multi_step_neuron=neuron.MultiStepIFNode, v_threshold=1., surrogate_
—function=surrogate.ATan (), backend='torch'")

T =4
N = 2

with torch.no_grad():
X = torch.rand ([N, 3, 224, 22471)
yl = net_ms (x.unsqueeze (0) .repeat (T, 1, 1, 1, 1))
functional.reset_net (net_ms)
net_ms.T = T
y2 = net_ms (x)

print (F.mse_loss (yl, y2))

2

tensor (0.)

LM JATE N, TTRRCR ST 2, RS AT R IR 2 458 B2 SNN 123 Fashion-MNIST ,

1.18.2 7£ ImageNet _LiJllZk

ImageNet” 21T EHIGEH FH R BIRLE , %11 SNN I 5 0L H Bk itk o S BAESL R AL T — 111 Z5 ImageNet 1L
keI, {7 spikingjelly.clock_driven.model.train_imagenet , ZACHSFERIR LIS T torchvision o i F I H
T BB P2 AR SRR IR RT3 20, kT AR 5, R TH 2 68 7R B -

import torch

import torch.nn.functional as F

from spikingjelly.clock_driven.model import train_imagenet, spiking_resnet, train_
—~classify

from spikingjelly.clock_driven import neuron, surrogate

def ce_loss(x_seq: torch.Tensor, label: torch.Tensor):
# x_seq.shape = [T, N, C]

return F.cross_entropy (input=x_seqg.mean(0), target=label)

(AN

2 Deng, Jia, et al. “Imagenet: A large-scale hierarchical image database.” 2009 IEEE conference on computer vision and pattern recognition.
IEEE, 2009.
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def cal_accl_acch (output, target):

return train_classify.default_cal_accl_acc5(output.mean(0), target)
if name_ == "'__main__ ':

net = spiking_resnet.multi_step_spiking_resnetl18(T=4, multi_step_neuron=neuron.
—MultiStepIFNode, surrogate_function=surrogate.ATan(), detach_reset=True, backend=
—'cupy')

args = train_imagenet.parse_args ()

train_imagenet.main (model=net, criterion=ce_loss, args=args, cal_accl_accb=cal_

—accl_acch)

FAHEX BARRLARAE N resnet]8_imagenet.py, TrEniTSEL:

(pytorch-env) wfang@onebrain-dgx-al00-01:~/ssd/temp_dir$ python resnetl8_imagenet.py -
—h

[-—step—gamma STEP_GAMMA] [--cosa—-tmax COSA_TMAX] [—-
—momentum M] [--wd W] [--output-dir OUTPUT_DIR] [--resume RESUME] [--start-epoch N].
— [-—cache—-dataset]
[--sync-bn] [-—amp] [--world-size WORLD_SIZE] [--dist-url.
—DIST_URL] [--tb] [--T T] [-—-local_rank LOCAL_RANK]
PyTorch Classification Training
optional arguments:
-h, --help show this help message and exit
——data-path DATA_PATH
dataset
——device DEVICE device
-b BATCH_SIZE, --batch-size BATCH_SIZE
——epochs N number of total epochs to run
-j N, —--workers N number of data loading workers (default: 16)
--1lr LR initial learning rate
-—opt OPT optimizer (sgd or adam)
--1lrs LRS lr schedule (cosa(CosineAnnealingLR), step(StepLR)) or None

—-—step-size STEP_SIZE
step_size for StepLR
——step—gamma STEP_GAMMA
gamma for StepLR
——cosa—-tmax COSA_TMAX
T_max for CosineAnnealingLR. If none, it will be set to epochs

——momentum M Momentum for SGD

[y
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--wd W, —--weight-decay W
weight decay (default: 0)
——-output-dir OUTPUT_DIR

path where to save

——resume RESUME resume from checkpoint
—-—start—-epoch N start epoch
—-—-cache-dataset Cache the datasets for quicker initialization. It also.

—serializes the transforms
——-sync-bn Use sync batch norm
——amp Use AMP training
——world-size WORLD_SIZE
number of distributed processes
——dist-url DIST_URL url used to set up distributed training
-—tb Use TensorBoard to record logs
—T T simulation steps
—-local_rank LOCAL_RANK

FERR B2

python resnetl18_imagenet.py --data-path /raid/wfang/datasets/ImageNet —--1r 0.1 —-—-opt.

—sgd —--lrs cosa —-—amp —--tb --device cuda:7

2R EI%:

python -m torch.distributed.launch —-—-nproc_per_node=8 resnetl8_imagenet.py —--data-

—path /raid/wfang/datasets/ImageNet —--1lr 0.1 —--opt sgd --lrs cosa —-—amp —-tb
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PNy

@misc{SpikingJdelly,
title = {SpikingJdelly},
Yangi and Ding, Jianhao and Chen, Ding and Yu,.

author = {Fang, Wei and Chen,
Yonghong and other contributors},

—2Zhaofei and Zhou, Huihui and Tian,

year = {2020},

howpublished =
{Accessed: YYYY-MM-DD},

{\url{https://github.com/fangweil23456/spikingjelly}},

note =

HAE YYYY-MM-DD 52 BCA B TAR G 895U (SpikingJelly) BUA R A fi o — AU IS A8 H 3

it F {508 (Spikinglelly) (19 H i v] LT Publications using Spikinglelly.
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CHAPTER /

Welcome to SpikingdJelly’ s documentation

SpikingJelly is an open-source deep learning framework for Spiking Neural Network (SNN) based on PyTorch.
« PLAR

7.1 Installation

Note that SpikingJelly is based on PyTorch. Please make sure that you have installed PyTorch before you install Spik-
ingJelly.

The odd version number is the developing version, which is updated with GitHub/Openl repository. The even version

number is the stable version and available at PyPI.

Install the last stable version from PyPI:

pip install spikingjelly

Install the latest developing version from the source codes:

From GitHub:

git clone https://github.com/fangweil23456/spikingjelly.git
cd spikingjelly
python setup.py install

From Openl:
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git clone https://git.openi.org.cn/Openl/spikingjelly.git
cd spikingjelly
python setup.py install

7.1.1 Clock_driven

Author: fangweil23456, lucifer2859

This tutorial focuses on spikingjelly.clock_driven, introducing the clock-driven simulation method, the con-

cept of surrogate gradient method, and the use of differentiable spiking neurons.

The surrogate gradient method is a new method emerging in recent years. For more information about this method, please

refer to the following overview:

Neftci E, Mostafa H, Zenke F, et al. Surrogate Gradient Learning in Spiking Neural Networks: Bringing the Power of
Gradient-based optimization to spiking neural networks[J]. IEEE Signal Processing Magazine, 2019, 36(6): 51-63.

The download address for this article can be found at arXiv .

SNN Compared with RNN

The neuron in SNN can be regarded as a kind of RNN, and its input is the voltage increment (or the product of current
and membrane resistance, but for convenience, clock_driven.neuron uses voltage increment). The hidden state
is the membrane voltage, and the output is a spike. Such spiking neurons are Markovian: the output at the current time is

only related to the input at the current time and the state of the neuron itself.

You can use three discrete equations Charge, Discharge, Reset to describe any discrete spiking neuron:

H(t) = f(V(t=1), X(1))
(t) = g(H( ) ‘/th‘PQh()ld) G(H(t) - ‘/threshold)
where V() is the membrane voltage of the neuron; X (¢) is an external source input, such as voltage increment; H (¢) is

the hidden state of the neuron, which can be understood as the instant before the neuron has not fired a spike; f(V (¢t —

1), X (t)) is the state update equation of the neuron. Different neurons differ in the update equation.

For example, for a LIF neuron, we describe the differential equation of its dynamics below a threshold, and the corre-

sponding difference equation are:

dv (t)
dt

Tm(V(t) =V (t—1)) = =(V(t — 1) = Vieset) + X (2)

= _(V(t) - ‘/Teset) + X(t)

Tm

The corresponding Charge equation is

fV(E=1), X)) =V({E-1)+ i(—(V(t = 1) = Vieser) + X (1))

T’H’ 3

162 Chapter 7. Welcome to SpikingJdelly’ s documentation



https://github.com/fangwei123456
https://github.com/lucifer2859
https://arxiv.org/abs/1901.09948

spikingjelly, Z{ThaZ alpha

In the Discharge equation, S(t) is a spike fired by a neuron, g(x) = O(z) is a step function. RNN is used to call it a
gating function. In SNN, it is called a spiking function. The output of the spiking function is only O or 1, which can
represent the firing process of spike, defined as
1, >0
O(z) =
0, z<0
Reset means the reset process of the voltage: when a spike is fired, the voltage is reset to V,..se¢; If no spike is fired, the

voltage remains unchanged.

Surrogate Gradient Method

RNN uses differentiable gating functions, such as the tanh function. Obviously, the spiking function of SNN g(x) = ©(z)
is not differentiable, which leads to the fact that SNN is very similar to RNN to a certain extent, but it cannot be trained
by gradient descent and back-propagation. We can use a gating function that is very similar to g(x) = ©(x) , but

differentiable o (z) to replace it.

The core idea of this method is: when forwarding, using g(x) = ©(x), the output of the neuron is discrete 0 and 1, and
our network is still SNN; When back-propagation, the gradient of the surrogate gradient function ¢’(z) = o’(x) is used
to replace the gradient of the spiking function. The most common surrogate gradient function is the sigmoid function
olax) = m. « can control the smoothness of the function. The function with larger o will be closer to O(z).
But when it gets closer to x = 0, the gradient will be more likely to explode. And when it gets farther to x = 0, the
gradient will be more likely to disappear. This makes the network more difficult to train. The following figure shows the

shape of the surrogate gradient function and the corresponding Reset equation for different o

O(z) and o(ax) Voltage Reset
10r — ©O(x) 1 L 5 7
olazx),a=>5.0 ' :
- olax),a=10.0 I
08 L o(ax),a =500 [ J 1
— O(x)
0.6 1 o(ar),a =50 7
o(ar),a=10.0
=
+ 1 =[Sk o(azr),a=>50.0
0.4F ::: g === Vieset b
] === Vihreshold
021 1 1
0.0 | I P L L) PN Y R BT A
-1.0 —0.5 0.0 0.5 1.0 0.0 0.5 1.0 1.5 2.0 2.5

The default surrogate gradient function is clock_driven.surrogate.Sigmoid(), clock_driven.

surrogate also provides other optional approximate gating functions. The surrogate gradient function is one of the
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parameters of the neuron constructor in clock_driven.neuron:

class BaseNode (base.MemoryModule) :
def _ init_ (self, v_threshold: float = 1., v_reset: float = 0.,
surrogate_function: Callable = surrogate.Sigmoid(), detach_reset:._
—~bool = False):
:param v_threshold: threshold voltage of neurons

:type v_threshold: float

:param v_reset: reset voltage of neurons. If not "~ “None' ', voltage of neurons.
—that just fired spikes will be set to
‘‘v_reset' . If ‘'None'', voltage of neurons that just fired spikes will.
—subtract "~ 'v_threshold’ "’

:type v_reset: float

:param surrogate_function: surrogate function for replacing gradient of.
—spiking functions during back-propagation

:type surrogate_function: Callable

:param detach_reset: whether detach the computation graph of reset

:type detach_reset: bool

This class is the base class of differentiable spiking neurons.

mmn

If you want to customize the new approximate gating function, you can refer to the code in clock_driven.
surrogate. Usually we define it as torch.autograd.Function, and then encapsulate it into a subclass of

torch.nn.Module.

Embed Spiking Neurons into Deep Networks

After solving the differential problem of spiking neurons, our spiking neurons can be embedded into any network built
using PyTorch like an activation function, making the network an SNN. Some classic neurons have been implemented in

clock_driven.neuron, which can easily build various networks, such as a simple fully connected network:

net = nn.Sequential (
nn.Linear (100, 10, bias=False),
neuron.LIFNode (tau=100.0, v_threshold=1.0, v_reset=5.0)
)
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Example: MNIST classification using a single-layer fully connected network

Now we use the LIF neurons in clock_driven.neuron to build a one-layer fully connected network to classify the
MNIST dataset.

Firstly, we confirm hyperparameters we needed:

parser.add_argument ('—-—device', default='cuda:0', help='Device, e.g., "cpu" or "cuda:0
;}"l)
parser.add_argument ('--dataset-dir', default='./', help='Root directory for saving.

—MNIST dataset, e.g., "./"")

parser.add_argument ('-—-log-dir', default='./', help='Root directory for saving.
—~tensorboard logs, e.g., "./"')

parser.add_argument ('--model-output-dir', default='./', help='Model directory for.
—saving, e.g., "./"")

parser.add_argument ('-b', '—--batch-size', default=64, type=int, help='Batch size, e.g.
—, "64"")

parser.add_argument ('-T', '—--timesteps', default=100, type=int, dest='T', help=

—'Simulating timesteps, e.g., "100"")

parser.add_argument ('-—-1r', '—--learning-rate', default=le-3, type=float, metavar='LR',
— help='Learning rate, e.g., "le-3": ', dest='lr'")
parser.add_argument ('--tau', default=2.0, type=float, help='Membrane time constant,.

—tau, for LIF neurons, e.g., "100.0"")
parser.add_argument ('-N', '—--epoch', default=100, type=int, help='Training epoch, e.g.
<, "100"')

Initialize the DatalLoader:

# Initialize the DataLoader

train_dataset = torchvision.datasets.MNIST (
root=dataset_dir,
train=True,
transform=torchvision.transforms.ToTensor (),
download=True

)

test_dataset = torchvision.datasets.MNIST (
root=dataset_dir,
train=False,
transform=torchvision.transforms.ToTensor (),

download=True

train_data_loader = data.DatalLoader (
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dataset=train_dataset,
batch_size=batch_size,
shuffle=True,
drop_last=True
)
test_data_loader = data.DataLoader (
dataset=test_dataset,
batch_size=batch_size,
shuffle=False,
drop_last=False

Define our network structure:

# Define SNN

net = nn.Sequential (
nn.Flatten(),
nn.Linear (28 * 28, 10, bias=False),
neuron.LIFNode (tau=tau)

)

net = net.to(device)

Initialize the optimizer and encoder (we use a Poisson encoder to encode the MNIST image into spike trains):

# Use Adam optimizer
optimizer = torch.optim.Adam(net.parameters (), lr=1lr)
# Use Poisson encoder

encoder = encoding.PoissonEncoder ()

The training of the network is simple. Run the network for T time steps to accumulate the output spikes of 10
neurons in the output layer to obtain the number of spikes fired by the output layer out_spikes_counter;
Use the firing times of the spike divided by the simulation duration to get the firing frequency of the output layer
out_spikes_counter_frequency = out_spikes_counter / T. We hope that when the real category
of the input image is i, the i-th neuron in the output layer has the maximum activation degree, while the other
neurons remain silent. Therefore, the loss function is naturally defined as the firing frequency of the output layer
out_spikes_counter_frequency and the cross-entropy of 1abel_one_hot obtained after one-hot encoding
with the real category, or MSE. We use MSE because the experiment found that MSE is better. In particular, note that
SNN is a stateful, or memorized network. So before entering new data, you must reset the state of the network. This can

be done by calling clock_driven.functional.reset_net (net) to fulfill. The training code is as follows:

print ("Epoch :". format (epoch))
print ("Training...")
train_correct_sum = 0

(RN
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train_sum = 0
net.train ()
for img, label in tgdm(train_data_loader):
img = img.to (device)
label = label.to(device)
label_one_hot = F.one_hot (label, 10).float ()

optimizer.zero_grad()

# Run for T durations, out_spikes_counter is a tensor with shape=[batch_size, 10]
# Record the number of spikes delivered by the 10 neurons in the output layer.
—during the entire simulation duration
for t in range(T):
if t == 0:
out_spikes_counter = net (encoder (img) .float ())
else:

out_spikes_counter += net (encoder (img) .float ())

# out_spikes_counter / T # Obtain the firing frequency of 10 neurons in the.
—output layer within the simulation duration

out_spikes_counter_frequency = out_spikes_counter / T

# The loss function is the firing frequency of the neurons in the output layer,.
—and the MSE of the real class

# Such a loss function causes that when the category i is input, the firing.
—frequency of the i-th neuron in the output layer approaches 1, while the firing.
—frequency of other neurons approaches 0.

loss = F.mse_loss (out_spikes_counter_frequency, label_one_hot)

loss.backward()

optimizer.step()

# After optimizing the parameters once, the state of the network needs to be.
—reset, because the SNN neurons have "memory"

functional.reset_net (net)

# Calculation of accuracy. The index of the neuron with max frequency in the.
—output layer is the classification result.

train_correct_sum += (out_spikes_counter_frequency.max (1) [1] == label.to(device)) .
—~float () .sum() .item()

train_sum += label.numel ()

train_batch_accuracy = (out_spikes_counter_frequency.max (1) [1] == label.
—to(device)) .float () .mean () .item()

writer.add_scalar('train_batch_accuracy', train_batch_accuracy, train_times)

(AN
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train_accs.append(train_batch_accuracy)

train_times += 1

train_accuracy = train_correct_sum / train_sum

The test code is simpler than the training code:

print ("Testing...")
net.eval ()
with torch.no_grad() :
# Each time through the entire data set, test once on the test set
test_sum = 0
correct_sum = 0
for img, label in tgdm(test_data_loader):
img = img.to (device)
for t in range(T):
if == 0:
out_spikes_counter = net (encoder (img) .float ())
else:

out_spikes_counter += net (encoder (img) .float ())

correct_sum += (out_spikes_counter.max(l)[1] == label.to(device)).float ().
—sum () .item()
test_sum += label.numel ()
functional.reset_net (net)
test_accuracy = correct_sum / test_sum
writer.add_scalar ('test_accuracy', test_accuracy, epoch)
test_accs.append(test_accuracy)
max_test_accuracy = max (max_test_accuracy, test_accuracy)
print ("Epoch : train_acc={}, test_acc={}, max_test_acc={}, train_times={}".
—format (epoch, train_accuracy, test_accuracy, max_test_accuracy, train_times))

print ()

The complete code is located at clock_driven.examples.lif_fc_mnist.py. Inthe code, we also use Ten-

sorboard to save the training log. Here are the (hyper)parameters you can configure:

$ python <PATH>/1if_fc_mnist.py --help

usage: 1lif_fc_mnist.py [-h] [-—-device DEVICE] [--dataset-dir DATASET_DIR] [--log-dir.
—LOG_DIR] [--model-output-dir MODEL_OUTPUT_DIR] [-b BATCH_SIZE] [-T T] [--1r LR] [--
—~tau TAU] [-N EPOCH]

spikingjelly LIF MNIST Training

optional arguments:

[y
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-h, —--help show this help message and exit
——-device DEVICE FEATWIER L, Fliw “cpu” #H “cuda:0” Device, e.g., "cpu" or
—"cuda:0"
—-—dataset-dir DATASET_DIR

REMNISTH EE WML E, Hlw “./” Root directory for saving.
—MNIST dataset, e.g., "./"
--log-dir LOG_DIR % HFtensorboard H E X WA E, #flw “./” Root directory for.
—saving tensorboard logs, e.g., "./"
—-model-output-dir MODEL_OUTPUT_DIR

ERBREFERRZ, fldw “./" Model directory for saving, e.g., "./

"
—

-b BATCH_SIZE, --batch-size BATCH_SIZE
Batch A/, #l#m “64" Batch size, e.g., "64"
-T T, —-timesteps T HEREK, flaw “100” Simulating timesteps, e.g., "100"
—--1lr LR, —--learning-rate LR
% 3 E, flw “le-3” Learning rate, e.g., "le-3":
—-—tau TAU LIF# Z 6 W B 8 % #tau, #l “100.0” Membrane time constant,.
—~tau, for LIF neurons, e.g., "100.0"
-N EPOCH, —--epoch EPOCH
il kepoch, Hl#w “100” Training epoch, e.g., "100"

You can also run it directly on the Python command line:

$ python
>>> import spikingjelly.clock_driven.examples.lif fc_mnist as 1lif_ fc_mnist

>>> 1if_fc_mnist.main ()

#HA##A#H### Configurations #########H

cuda:0

T=100

r=0.001
tau=2.0
epoch=100
HA#AFHAFAFHAHAF AR FAA R FAFEAFAFHAHA
Epoch 0:

Training...

100

—937/937 [01:26<00:00, 10.89it/s]
Testing...
100

[y
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R AR A A AR AR

—157/157 [00:05<00:00, 28.79it/s]
Epoch 0: train acc = 0.8641775613660619, test _acc=0.9071, max test _acc=0.9071, train_
—times=937

Save and load model:

# Save model
torch.save (net, model_output_dir + "/lif_ snn_mnist.ckpt")
# Load model

# net = torch.load (model_output_dir + "/1if snn_mnist.ckpt")

It should be noted that the amount of memory required to train such an SNN is linearly related to the simulation time T.
A longer T is equivalent to using a smaller simulation step size and training is more “fine” , however, the training effect
is not necessarily better. So if T is too large, the SNN will become a very deep network after being expanded in time,

and the gradient is easy to decay or explode. Since we use a Poisson encoder, a larger T is required.

Our model, training 100 epochs on Tesla K80, takes about 75 minutes. The changes in the accuracy of each batch and

the accuracy of the test set during training are as follows:

Accuracy on training batch

1.0 = 650 290 0601

0.8
o
© 0.6 A
3
S 0.4

0.2

0 10000 20000 30000 40000
iteration

Accuracy on test dataset

(95,%‘3&1)
0.8 -
>
(&)
T 0.6
3
O
® 0.4
0.2 1
0 20 40 60 80 100

epoch
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The final test set accuracy rate is about 92%, which is not a very high accuracy rate, because we use a very simple network
structure and Poisson encoder. We can completely remove the Poisson encoder and send the image directly to the SNN.

In this case, the first layer of LIF neurons can be regarded as an encoder.

7.1.2 Clock driven: Neurons

Author: fangweil23456
Translator: YeYumin

This tutorial focuses on spikingjelly.clock_driven.neuron and introduces spiking neurons and clock-

driven simulation methods.

Spiking Nneuron Model

In spikingjelly, we define the neuron which can only output spikes, i.e. 0 or 1,asa “spiking neuron” . Networks
that use spiking neurons are called Spiking Neural Networks (SNNs). spikingjelly.clock_driven.neuron
defines various common spiking neuron models. We take spikingjelly.clock_driven.neuron.LIFNode

as an example to introduce spiking neurons.

First, we need to import the relevant modules:

import torch

import torch.nn as nn

import numpy as np

from spikingjelly.clock_driven import neuron
from spikingjelly import visualizing

from matplotlib import pyplot as plt

And then we create a new LIF neurons layer:

1lif = neuron.LIFNode ()

The LIF neurons layer has some parameters, which are explained in detail in the API documentation:
* tau -membrane time constant
* v_threshold —the threshold voltage of the neuron

* v_reset —the reset voltage of the neuron. If it is not None, when the neuron releases a spike, the voltage will be

reset to v_reset; if it is set to None, the voltage will be subtracted from v_threshold

* surrogate_function —the surrogate function used to calculate the gradient of the spike function during back prop-

agation

The surrogate_function behaves exactly the same as the step function during forward propagation, and we will

introduce its working principle for back propagation later. We can just ignore it now.

7.1. Installation 171



https://github.com/fangwei123456
https://github.com/YEYUMIN

spikingjelly, Z{ThRZ alpha

You may be curious about the number of neurons in this layer. For most neurons layers in spikingjelly.
clock_driven.neuron, the number of neurons is automatically determined according to the shape of the received

input after initialization or re-initialization by calling the reset () function.

Similar to neurons in RNN, spiking neurons are also stateful (they have memory). The state variable of a spiking neuron
is generally its membrane potential V;. Therefore, neurons in spikingjelly.clock_driven.neuron have state

variable v. We can print the membrane potential of the newly created LIF neurons layer:

print (lif.v)
# 0.0

We can find that 11 f.v is now 0.0 because we haven’ t given it any input yet. We give several different inputs and

observe the shape of 1if.v. We can find that it is consistent with the numel of inputs:

x = torch.rand(size=[2, 31)

1if (x)

print ('x.shape', x.shape, 'lif.v.shape', 1lif.v.shape)

# x.shape torch.Size([2, 3]) 1lif.v.shape torch.Size([2, 3])

lif.reset ()

x = torch.rand(size=[4, 5, 6])

1if (x)

print ('x.shape', x.shape, 'lif.v.shape', 1lif.v.shape)

# x.shape torch.Size([4, 5, 6]) 1lif.v.shape torch.Size([4, 5, 6])

lif.reset ()

What is the relationship between V; and input X;? In the spiking neuron, it not only depends on the input X at time-step
t, but also on its membrane potential V;_; at the last time-step t —1.

We often use the sub-threshold (when the membrane potential does not exceed the threshold potential V_{threshold})

V) _
e

neuronal dynamics equation f(V(¢), X (t)) to describe the continuous-time spiking neuron. For example. For

LIF neurons, the equation is:

v (t)

TmT = —(V(t) - V;eset) + X(t)

where 7, is the membrane time constant and V.. is the reset potential. For such a differential equation, X (¢) is not a

constant and it is difficult to obtain a explicit analytical solution.

The neurons in spikingjelly.clock_driven.neuron use discrete difference equations to approximate con-
tinuous differential equations. From the perspective of the discrete equation, the charging equation of the LIF neuron

is:
Tm(m - ‘/t—l> = _(V;E—l - ereset) + Xt
The expression of V; can be obtained as

1
Vi= f(vt—hXt) =Vio1+ 7(_(‘/1‘,—1 - ‘/Teset) + Xt)

Tm
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The corresponding code can be found in spikingjelly.clock_driven.neuron.LIFNode.

neuronal_charge:

def neuronal_charge(self, dv: torch.Tensor):

if self.v_reset is None:

self.v += (x - self.v) / self.tau
else:
if isinstance(self.v_reset, float) and self.v_reset == 0.:
self.v += (x - self.v) / self.tau
else:
self.v += (x — (self.v - self.v_reset)) / self.tau

Different neurons have different charging equations. However, when the membrane potential exceeds the threshold po-
tential, the release of spike and the reset of the membrane potential are the same for all kinds of neurons. Therefore, they
all inherit from spikingjelly.clock_driven.neuron.BaseNode and share the same discharge and reset
equations. The codes of neuronal fire can be found at spikingjelly.clock_driven.neuron.BaseNode.

neuronal_ fire:

def neuronal_ fire(self):

self.spike = self.surrogate_function(self.v - self.v_threshold)

surrogate_function () is a heaviside step function during forward propagation. When input is greater than or
equal to 0, it will return 1, otherwise it will return 0. We regard this kind of tensor whose elements are only O or 1 as

spikes.

The release of spikes consumes the previously accumulated electric charge of the neuron, so there will be an instantaneous

decrease in the membrane potential, which is the neuronal reset. In SNNs, there are two ways to realize neuronal reset:
1. Hard method: After releasing a spike, the membrane potential is directly set to the reset potential V' = V¢ gt

2. Soft method: After releasing a spike, the membrane potential subtracts the threshold voltage V- =V — Vipreshold

It can be found that for neurons using the soft method, there is no need to reset the voltage V,..s.;. For the neurons in
spikingjelly.clock_driven.neuron,when v_reset is set to the a float value (e.g., the default value is 1 .
0), the neuron uses the hard reset; if v_reset is set to None, the soft reset will be used. We can find the corresponding

codes in spikingjelly.clock_driven.neuron.BaseNode.neuronal_fire.neuronal_reset:

def neuronal_ reset (self) :
#
if self.v_reset is None:
self.v = self.v - spike * self.v_threshold
else:

self.v = (1 - spike) * self.v + spike * self.v_reset
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Three Equations to Describe Discrete Spiking Neurons

We can use the three discrete equations: neuronal charge, neuronal fire, and neuronal reset to describe all kinds of discrete
spiking neurons. The neuronal charge and fire equations are:

Hy = f(Vie1, Xy)

St = g(Ht - V;Shreshold) = ®<Ht - Vvthreshold)

where O(x) is the surrogate_function () in the parameters, which is a heaviside step function:

1, >0
O(z) =
0, z<0

The hard reset is:
Vi=Hi- (1= 85;) + Vieset - St
The soft reset is:
Vi = Hi — Vihreshold - St

where V; is the membrane potential of the neuron, X is the external input, such as voltage increment. To avoid confusion,
we use H; to represent the membrane potential after neuronal charge but before neuronal fire, V; is the membrane potential
after the neuronal fire, f(V (t—1), X (¢)) is the neuronal charge function. The difference between neurons is the neuronal

charge.

Clock-driven Simulation

spikingjelly.clock_driven uses a clock-driven approach to simulate SNN.
Next, we will stimulate the neuron and check its membrane potential and output spikes.

Now let us give constant input to the LIF neurons layer and plot the membrane potential and output spikes:

lif.reset ()

x = torch.as_tensor([2.])

T = 150

s_list = []

v_list = []

for t in range(T):
s_list.append(lif (x))
v_list.append(lif.v)

visualizing.plot_one_neuron_v_s (np.asarray(v_list), np.asarray(s_list), v_
—threshold=1if.v_threshold, v_reset=1if.v_reset,

dpi=200)
plt.show()
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The input is with shape=[11, and this LIF neurons layer has only 1 neuron. Its membrane potential and output spikes
change with time-step as follows:

V; and S; of the neuron

10 _____________________________________________________________________________________________________
- V}/hreshuld

- ereset

spike

0 15 30 45 60 75 90 105 120 135
simulating step

We reset the neurons layer and give an input with shape=[32] to see the membrane potential and output spikes of

these 32 neurons:

lif.reset ()
x = torch.rand(size=[32]) * 4
T = 50
s_list = []
v_list = []
for t in range(T):
s_list.append(lif (x).unsqueeze (0))

v_list.append(lif.v.unsqueeze (0))

s_list = torch.cat (s_1list)

v_list = torch.cat (v_1list)

visualizing.plot_2d_heatmap (array=np.asarray(v_1list), title="'Membrane Potentials',.
—xlabel="Simulating Step',
ylabel="Neuron Index', int_x_ticks=True, x_max=T, dpi=200)
visualizing.plot_1d_spikes (spikes=np.asarray(s_list), title='Membrane Potentials',.
—xlabel="Simulating Step',
ylabel="Neuron Index', dpi=200)
plt.show ()

The results are as follows:
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7.1.3 Clock driven: Encoder

Author: Grasshlw, Yangi-Chen, fangweil23456
Translator: YeYumin

This tutorial focuses on spikingjelly.clock_driven.encoding and introduces several encoders.

The Base Class of Encoder

All encodes are based on two base encoders:
1.The stateless base encoder spikingjelly.clock_driven.encoding.StatelessEncoder
2.The stateful base encoder spikingjelly.clock_driven.encoding.StatefulEncoder

There are no hidden states in the stateless encoder, and the spikes spike [t] will be encoded from the input data
x [t] at time-step t. While the stateful encoder encoder = StatefulEncoder (T) will use encode function
to encode the input sequence x containing T time-steps data to spike at the first time of forward, and will output
spike[t % T] at the“t“-th calling forward. The codes of spikingjelly.clock_driven.encoding.

StatefulEncoder. forward are.

def forward(self, x: torch.Tensor):
if self.spike is None:

self.encode (x)

t = self.t

self.t += 1

if self.t >= self.T:
self.t =0

return self.spike[t]

Poisson Encoder

The Poisson encoder spikingjelly.clock driven.encoding.PoissonEncoder is a stateless encoder.
It converts the input data x into a spike with the same shape, which conforms to a Poisson process, i.e., the number of
spikes during a certain period follows a Poisson distribution. A Poisson process is also called a Poisson flow. When a
spike flow satisfies the requirements of independent increment, incremental stability and commonality, such a spike flow
is a Poisson flow. More specifically, in the entire spike stream, the number of spikes appearing in disjoint intervals is
independent of each other, and in any interval, the number of spikes is related to the length of the interval while not the
starting point of the interval. Therefore, in order to realize Poisson encoding, we set the firing probability of a time step

p = x, where x needs to be normalized to [0, 1].

Example: The input image is lena512.bmp , and 20 time steps are simulated to obtain 20 spike matrices.
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import torch

import numpy as np

import matplotlib

import matplotlib.pyplot as plt

from PIL import Image

from spikingjelly.clock_driven import encoding

from spikingjelly import visualizing

# E Nlenal@ %
lena_img = np.array (Image.open('lena512.bmp')) / 255

x = torch.from_numpy (lena_img)

pe = encoding.PoissonEncoder ()

# FE20MM K, WERE DA o E

w, h = x.shape

out_spike = torch.full((20, w, h), 0, dtype=torch.bool)
T = 20

for t in range(T):

out_spike[t] = pe(x)

plt.figure()
plt.imshow (x, cmap='gray')

plt.axis('off")

visualizing.plot_2d_spiking_feature_map (out_spike.float () .numpy (), 4, 5, 30,
—'PoissonEncoder')

plt.axis('off")

plt.show ()

The original grayscale image of Lena and 20 resulted spike matrices are as follows:
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PoissonEncoder

Comparing the original grayscale image to the spike matrix, it can be found that the spike matrix is very close to the

contour of the original grayscale image, which shows the superiority of the Poisson encoder.

After simulating the Poisson encoder with the Lena grayscale image for 512 time steps, we superimpose the spike matrix

obtained in each step, and obtain the result of the superposition of steps 1, 128, 256, 384, and 512, and draw the picture:

%,
superposition = torch.full((w, h), 0, dtype=torch.float)

superposition_ = torch.full((5, w, h), 0, dtype=torch.float)
T = 512
for t in range(T):
superposition += pe(x).float ()
if t == 0 or t == 127 or t == 255 or t == 387 or t == 511:

superposition_[int ((t + 1) / 128)] = superposition
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(£ b0
# H—f
for i in range(5):
min_ = superposition_[i] .min ()
max_ = superposition_[i].max()
superposition_[1i] = (superposition_[i] - min_) / (max_ - min_)
# E A

visualizing.plot_2d_spiking_feature_map (superposition_.numpy(), 1, 5, 30,
—'PoissonEncoder')

plt.axis('off")

plt.show ()

The superimposed images are as follows:

PoissonEncoder

It can be seen that when the simulation is sufficiently long, the original image can almost be reconstructed with the

superimposed images composed of spikes obtained by the Poisson encoder.

Periodic Encoder

Periodic encoder spikingjelly.clock_driven.encoding.PoissonEncoder is an encoder that periodi-
cally outputs spikes from a given spike sequence. spike is set at the initialization of PeriodicEncoder, and we can

alsouse spikingjelly.clock_driven.encoding.PoissonEncoder.encode to setanew spike

class PeriodicEncoder (BaseEncoder) :
def _ init__ (self, spike: torch.Tensor):
super () .__init__ (spike.shape[0])
self.encode (spike)
def encode(self, spike: torch.Tensor):
self.spike = spike
self.T = spike.shapel0]

Example: Considering three neurons and spike sequences with 5 time steps, which are 01000, 10000, and 00001

respectively, we initialize a periodic encoder and output simulated spike data with 20 time steps.
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spike = torch.full((5, 3), 0)

spike[l, 0] =1
spike[0, 1] =1
spike[4, 2] =1

pe = encoding.PeriodicEncoder (spike)

EEV-ELY Ty
out_spike = torch.full((20, 3), 0)
for t in range (out_spike.shape[0]):

out_spike[t] = pe(spike)

visualizing.plot_1d_spikes (out_spike.float () .numpy (), 'PeriodicEncoder', 'Simulating.
—Step', 'Neuron Index',
plot_firing_rate=False)

plt.show ()

PeriodicEncoder

Neuron Index

[ 2 1 6 s 10 12 u 16 18
Sinmlating Step

Latency encoder

The latency encoder spikingjelly.clock_driven.encoding.LatencyEncoder isanencoder that delays
the delivery of spikes based on the input data x. When the stimulus intensity is greater, the firing time is earlier, and there
is a maximum spike latency. Therefore, for each input data x, a spike sequence with a period of the maximum spike

latency can be obtained.

The spike firing time ¢ and the stimulus intensity = € [0, 1] satisfy the following formulas. When the encoding type is
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linear (function_type="'linear"')

ty(z) = (T —1)(1 —x)
When the encoding type is logarithmic (function_type="'log"')
ti = (tmam — ].) - ln(a * T+ ].)

In the formulas, ¢, is the maximum spike latency, and z; needs to be normalized to [0, 1].

Consider the second formula, o needs to satisfy:
(T—-1)—In(ax1+1)=0

This may cause the encoder to overflow:

because « will increase exponentially as 7" increases.

Example: Randomly generate six x, each of which is the stimulation intensity of 6 neurons, and set the maximum spike

latency to 20, then use LatencyEncoder to encode the above input data.

import torch
import matplotlib.pyplot as plt
from spikingjelly.clock_driven import encoding

from spikingjelly import visualizing

# ML AE RN WA TR R E, R E R KK A 20
N = 6

x = torch.rand([N])

T = 20

# KN KRB A Rkt JF 3

le = encoding.LatencyEncoder (T)

# M ERRDEZENRDER
out_spike = torch.zeros ([T, NJ)
for t in range(T):

out_spike[t] = le(x)

print (x)
visualizing.plot_1d_spikes (out_spike.numpy (), 'LatencyEncoder', 'Simulating Step',
— 'Neuron Index',
plot_firing_rate=False)
plt.show ()
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When the randomly generated stimulus intensities are 0. 6650, 0.3704,0.8485,0.0247,0.5589,and 0.1030,
the spike sequence obtained is as follows:

LatencyEncoder

0 2 1 G 5 10 12 1 16 18
Sinulating Step

Weighted phase encoder

Weighted phase encoder is based on binary representations of floats.

Inputs are decomposed to fractional bits and the spikes correspond to the binary value from the leftmost bit to the rightmost
bit. Compared to rate coding, each spike in phase coding carries more information. When phase is K, number lies in the

interval [0, 1 — 27 %] can be encoded. Example when K = 8 in original paper’ is illustrated here:

Phase (K=8)

1 6

Spike weight w(t)
192/256

1
7
1

1/256 0
1
1

128/256
255/256

— ||| =N
—lo|lo|lo|N|w
— |||~
—lo|lo|lolN|o

6
7
0
0
0
1

—lo|lo|lo|N|N
— o= |||

I Kim J, Kim H, Huh S, et al. Deep neural networks with weighted spikes[J]. Neurocomputing, 2018, 311: 373-386.
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7.1.4 Clock driven: Use single-layer fully connected SNN to identify MNIST

Author: Yanqi-Chen
Translator: YeYumin

This tutorial will introduce how to train a simplest MNIST classification network using encoders and alternative gradient

methods.

Build a simple SNN network from scratch
When building a neural network in PyTorch, we can simply usenn . Sequent ialto stack multiple network layers to
get a feedforward network. The input data will flow through each network layer in order to get the output.

The MNIST Dateset contains several 8-bit grayscale images with the size of 28 x 28, which include total of 10 categories

from O to 9. Taking the classification of MNIST as an example, a simple single-layer ANN network is as follows:

net = nn.Sequential (
nn.Flatten(),
nn.Linear (28 * 28, 10, bias=False),
nn.Softmax ()

)

We can also use SNN with a completely similar structure for classification tasks. As far as this network is concerned, we
only need to remove all the activation functions first, and then add the neurons to the original activation function position.

Here we choose the LIF neuron:

net = nn.Sequential (
nn.Flatten(),
nn.Linear (28 * 28, 10, bias=False),
neuron.LIFNode (tau=tau)

)

Among them, the membrane potential decay constant 7 needs to be set by the parameter t au.

Train SNN network

First specify the training parameters such as learning rate and several other configurations

The optimizer uses Adam and Poisson encoder to perform spike encoding every time when a picture is input.

# Use Adam optimizer
optimizer = torch.optim.Adam(net.parameters (), lr=1lr)
# Use Poisson encoder

encoder = encoding.PoissonEncoder ()
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The writing of training code needs to follow the following three points:

1. The output of the spiking neuron is binary, and directly using the result of a single run for classification is very
susceptible to interference. Therefore, it is generally considered that the output of the spike network is the firing
frequency (or firing rate) of the output layer over a period of time, and the firing rate indicates the response strength
of the category. Therefore, the network needs to run for a period of time, that is, the average distribution rate

after T time is used as the classification basis.

2. The desired result we hope is that except for the correct neuron firing the highest frequency, the other neurons
remain silent. Cross-entropy loss or MSE loss is often used, and here we use MSE loss which have a better actual

effect.
3. After each network simulation is over, the network status needs to be reset.

Combining the above three points, the code of training loop is as follows:

print ("Epoch :". format (epoch))
print ("Training...")

train_correct_sum = 0

train_sum = 0

net.train ()

for img, label in tgdm(train_data_loader) :
img = img.to (device)
label = label.to(device)

label_one_hot F.one_hot (label, 10).float ()

optimizer.zero_grad/()

# Run for T durations, out_spikes_counter is a tensor with shape=[batch_size, 10]
# Record the number of spikes delivered by the 10 neurons in the output layer.
—during the entire simulation duration
for t in range(T):
if t ==
out_spikes_counter = net (encoder (img) .float ())
else:

out_spikes_counter += net (encoder (img) .float ())

# out_spikes_counter / T # Obtain the firing frequency of 10 neurons in the.
—output layer within the simulation duration

out_spikes_counter_frequency = out_spikes_counter / T

# The loss function is the firing frequency of the neurons in the output layer,.
—and the MSE of the real class

# Such a loss function causes that when the category i is input, the firing.
—frequency of the i-th neuron in the output layer approaches 1, while the firing.

—frequency of other neurons approaches 0.
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loss = F.mse_loss (out_spikes_counter_frequency, label_one_hot)

loss.backward()

optimizer.step()

# After optimizing the parameters once, the state of the network needs to be.
—reset, because the SNN neurons have "memory"

functional.reset_net (net)

# Calculation of accuracy. The index of the neuron with max frequency in the.
—output layer 1s the classification result.

train_correct_sum += (out_spikes_counter_frequency.max (1) [1] == label.to(device)).

—float () .sum() .item()

train_sum += label.numel ()

train_batch_accuracy = (out_spikes_counter_frequency.max (1) [1] == label.
—to(device)) .float () .mean () .item()
writer.add_scalar('train_batch_accuracy', train_batch_accuracy, train_times)

train_accs.append(train_batch_accuracy)

train_times += 1

train_accuracy = train_correct_sum / train_sum

The complete code is located in clock_driven.examples.lif_fc_mnist.py. In the code, we also use Ten-

sorboard to save training logs. You can run it directly on the command line:

$ python <PATH>/1if_fc_mnist.py —--help

usage: 1lif_ fc_mnist.py [-h] [--device DEVICE] [--dataset-dir DATASET_DIR] [--log-dir.
LOG_DIR] [-b BATCH_SIZE] [-T T] [--1r LR] [--gpu GPU]
[-—tau TAU] [-N EPOCH]

spikingjelly MNIST Training

optional arguments:
-h, —-help show this help message and exit
—-device DEVICE EAWMEKE, flw “cpu” H “cuda:0” Device, e.g., "cpu" or
—"cuda:0"
—-—dataset-dir DATASET_DIR
REMNISTH EE WML E, Hlw “./” Root directory for saving.
—MNIST dataset, e.g., "./"
-—-log-dir LOG_DIR {% FFtensorboard H & X W&, Bl “./” Root directory for.
—saving tensorboard logs, e.g., "./"
-b BATCH_SIZE, —--batch-size BATCH_SIZE
-T T, —-timesteps T HEEEK, fl#r “100” Simulating timesteps, e.g., "100"
--1lr LR, —--learning-rate LR

GETI0
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#3 E, flr “le-3" Learning rate, e.g., "le-3":
-—gpu GPU GPU id to use.
—-—tau TAU LIF# £ 00 B il % $tau, #l “100.0” Membrane time constant, .

—~tau, for LIF neurons, e.g., "100.0"

-N EPOCH, —-epoch EPOCH

It should be noted that for training such an SNN, the amount of video memory required is linearly related to the simulation
duration T. A longer T is equivalent to using a smaller simulation step, and the training is more “fine” , but the training
effect is not necessarily better. When T is too large, the SNN will become a very deep network after unfolding in time,

which will cause the gradient to be easily attenuated or exploded.
In addition, because we use a Poisson encoder, a larger T is required.
Training result

Take tau=2.0,T=100,batch_size=128, 1r=1e-3, after training 100 Epoch, four npy files will be output. The

highest correct rate on the test set is 92.5%, and the correct rate curve obtained through matplotlib visualization is as

follows
Train Acc (30496,1.0)
1.00 |||' "n m ' W e ]
0.75 F .
g |
S 050F ]
0.25 F .
0 10000 20000 30000 40000
Iteration
Test ACC (88,0.925)
0.925F — — T T xe— T ]
0.920 [ 1
<8 0.9152— 1
0.910 1
0905 e
0 20 40 60 80 100
Epoch
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Select the first picture in the test set:

Use the trained model to classify and get the classification result.

Firing rate: [[0. O. O. 0. 0. 0. 0. 1. 0. 0.7]

The voltage and spike of the output layer can be visualized by the function in the visualizing module as shown in

the figure below.
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Membrane Potentials
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It can be seen that none of the neurons emit any spikes except for the neurons corresponding to the correct category. The

complete training code can be found in clock_driven/examples/lif_fc_mnist.py.

7.1.5 Clock driven: Use convolutional SNN to identify Fashion-MNIST

Author: fangweil23456
Translator: YeYumin

In this tutorial, we will build a convolutional spike neural network to classify the Fashion-MNIST dataset. The Fashion-
MNIST dataset has the same format as the MNIST dataset, and both are 1 * 28 * 28 grayscale images.

Network structure

Most of the common convolutional neural networks in ANN are in the form of convolution + fully-connected layers. We

also use a similar structure in SNN. Let us import modules, inherit torch.nn.Module to define our network:

import torch

import torch.nn as nn

import torch.nn.functional as F

import torchvision

from spikingjelly.clock_driven import neuron, functional, surrogate, layer
from torch.utils.tensorboard import SummaryWriter

import os

(CaNi))
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import time

import argparse

import numpy as np

from torch.cuda import amp

_seed_ = 2020

torch.manual_seed(_seed_) # use torch.manual_seed() to seed the RNG for all devices.
— (both CPU and CUDA)

torch.backends.cudnn.deterministic = True

torch.backends.cudnn.benchmark = False

np.random. seed (_seed_)

class PythonNet (nn.Module) :
def _ init_ (self, T):
super () .__init__ ()

self. T =T

Then we add convolutional layers and a fully-connected layers to Pyt honNet. We add two Conv-BN-Pooling:

code-block:: python

self.conv = nn.Sequential(
nn.Conv2d(1, 128, kernel_size=3, padding=1, bias=False), nn.BatchNorm2d(128), neu-
ron.IFNode(surrogate_function=surrogate.ATan()), nn.MaxPool2d(2, 2), # 14 * 14

nn.Conv2d(128, 128, kernel_size=3, padding=1, bias=False), nn.BatchNorm2d(128), neu-
ron.IFNode(surrogate_function=surrogate.ATan()), nn.MaxPool2d(2, 2) #7 * 7 )

The input with shape=[N, 1, 28, 28] will be converted to spikes with shape=[N, 128, 7, 7].

Such convolutional layers can actually function as an encoder: in the previous tutorial (classify MNIST), we used a Poisson
encoder to encode pictures into spikes. However, we can directly send the picture to the SNN. In this case, the first spike
neurons layer (SN) and the layers before SN can be regarded as an auto-encoder with learnable parameters. Specifically,

teh auto-encoder is composed of the following layers:

nn.Conv2d (1, 128, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (128),

neuron.IFNode (surrogate_function=surrogate.ATan())

These layers receive images as input and output spikes, which can be regarded as an encoder.

Next, we add two fully-connected layers as the classifier. There are 10 neurons in output layer because the classes number
in Fashion-MNIST is 10.

self.fc = nn.Sequential (

nn.Flatten(),

GANY
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nn.Linear (128 * 7 * 7, 128 * 4 * 4, bias=False),
neuron. IFNode (surrogate_function=surrogate.ATan()),
nn.Linear (128 * 4 * 4, 10, bias=False),

neuron. IFNode (surrogate_function=surrogate.ATan()),

Now let us define the forward function.

def forward(self, x):

x = self.static_conv(x)
out_spikes_counter = self.fc(self.conv(x))
for t in range(l, self.T):

out_spikes_counter += self.fc(self.conv(x))

return out_spikes_counter / self.T

Avoid Duplicated Computing

We can train this network directly, just like the previous MNIST classification. But if we re-examine the structure of the
network, we can find that some calculations are duplicated. For the first two layers of the network (the highlighted part

of the following codes):

self.conv = nn.Sequential (
nn.Conv2d (1, 128, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (128),
neuron.IFNode (surrogate_function=surrogate.ATan()),

nn.MaxPool2d (2, 2), # 14 * 14

nn.Conv2d (128, 128, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (128),
neuron.IFNode (surrogate_function=surrogate.ATan()),

nn.MaxPool2d (2, 2) # 7 * 7

The input images are static and do not change with t. But they will be involved in for loop. At each time-step, they
will flow through the first two layers with the same calculation. We can remove them from for loop in time-steps. The

complete codes are:

class PythonNet (nn.Module) :
def _ init_ (self, T):
super () .__init__ ()

self. T =T

[y
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self.static_conv = nn.Sequential (
nn.Conv2d (1, 128, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (128),

self.conv = nn.Sequential (
neuron. IFNode (surrogate_function=surrogate.ATan()),

nn.MaxPool2d (2, 2), # 14 * 14

nn.Conv2d (128, 128, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (128),
neuron.IFNode (surrogate_function=surrogate.ATan()),

nn.MaxPool2d (2, 2) # 7 * 7

)

self.fc = nn.Sequential (
nn.Flatten (),
nn.Linear (128 * 7 * 7, 128 * 4 * 4, bias=False),
neuron. IFNode (surrogate_function=surrogate.ATan()),
nn.Linear (128 * 4 * 4, 10, bias=False),

neuron. IFNode (surrogate_function=surrogate.ATan()),

def forward(self, x):

x = self.static_conv(x)
out_spikes_counter = self.fc(self.conv(x))
for t in range(l, self.T):

out_spikes_counter += self.fc(self.conv(x))

return out_spikes_counter / self.T

We put these stateless layers to self.static_conv to avoid duplicated calculations.
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Training network

The complete codes are available at spikingjelly.clock_driven.examples.conv_fashion_mnist.

The tarining arguments are:

Classify Fashion-MNIST

optional arguments:

-h, --help show this help message and exit

-T T simulating time-steps

—device DEVICE device

-b B batch size

—epochs N number of total epochs to run

-j N number of data loading workers (default: 4)
—-data_dir DATA_DIR root dir of Fashion-MNIST dataset

—out_dir OUT_DIR root dir for saving logs and checkpoint
—-resume RESUME resume from the checkpoint path

—amp automatic mixed precision training

—-cupy use cupy nheuron and multi-step forward mode
-opt OPT use which optimizer. SDG or Adam

-1lr LR learning rate

—momentum MOMENTUM momentum for SGD

—1lr_scheduler LR_SCHEDULER

use which schedule. StepLR or CosALR
-step_size STEP_SIZE step_size for StepLR
—gamma GAMMA gamma for StepLR

—T_max T_MAX T_max for CosineAnnealingLR

The checkpoint will be saved in the same level directory of the tensorboard log file. The server for training this
network uses Intel(R) Xeon(R) Gold 6148 CPU @ 2.40GHz CPU and GeForce RTX 2080 Ti GPU.

(pytorch—env) root@e8b6e4800daed4011eb0918702bd7ddedd51c-fangwl1598-0:/# python -m.
—spikingjelly.clock_driven.examples.conv_fashion_mnist —-opt SGD -data_dir /userhome/

—datasets/FashionMNIST/ -—amp

Namespace (T=4, T _max=64, amp=True, b=128, cupy=False, data_dir='/userhome/datasets/
—FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, j=4, r=0.1, lr_scheduler=
— 'CosALR', momentum=0.9, opt='SGD', out_dir='./logs', resume=None, step_size=32)
PythonNet (
(static_conv): Sequential (
(0): Conv2d(l, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
(1) : BatchNorm2d (128, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
)

(conv) : Sequential (

[y
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(0) : IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(1) : MaxPool2d (kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=False)
(2): Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),o
—bias=False)
(3) : BatchNorm2d (128, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
(4) : IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(5) : MaxPool2d (kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=False)
)
(fc): Sequential (
(0): Flatten(start_dim=1, end_dim=-1)
(1) : Linear (in_features=6272, out_features=2048, bias=False)
(2): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(3) : Linear (in_features=2048, out_features=10, bias=False)
(4) : IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False

(surrogate_function): ATan (alpha=2.0, spiking=True)

)

Mkdir ./logs/T_4_b_128_SGD_lr_0.1_CosALR_64_amp.

Namespace (T=4, T_max=64, amp=True, b=128, cupy=False, data_dir="'/userhome/datasets/
—FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, 7j=4, 1lr=0.1, lr_scheduler=
— 'CosALR', momentum=0.9, opt='SGD', out_dir='./logs', resume=None, step_size=32)
./logs/T_4_b_128_SGD_1lr_0.1_CosALR_64_amp

epoch=0, train_loss=0.028124165828697957, train_acc=0.8188267895299145, test_loss=0.
—023525000348687174, test_acc=0.8633, max_test_acc=0.8633, total time=16.
—86261749267578

Namespace (T=4, T_max=64, amp=True, b=128, cupy=False, data_dir='/userhome/datasets/
—FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, Jj=4, 1lr=0.1, lr_scheduler=
—'CosALR', momentum=0.9, opt='SGD', out_dir='./logs', resume=None, step_size=32)
./logs/T_4_b_128_SGD_1lr_0.1_CosALR_64_amp

epoch=1, train 1oss=0.018544567498163536, train_ acc=0.883613782051282, test_ loss=0.
—02161250041425228, test_acc=0.8745, max_test_acc=0.8745, total time=16.

(AN

1
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Namespace (T=4, T_max=64, amp=True, b=128, cupy=False, data_dir='/userhome/datasets/
—FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, Jj=4, 1lr=0.1, lr_scheduler=

— 'CosALR', momentum=0.9, opt='SGD', out_dir='./logs', resume=None, step_size=32)

./logs/T_4_b_128_SGD_lr_0.1_CosALR_64_amp

epoch=62, train 1oss=0.0010829827882937538, train acc=0.997512686965812, test loss=0.
—011441250185668468, test_acc=0.9316, max_test_acc=0.933, total time=15.
—976636171340942

Namespace (T=4, T_max=64, amp=True, b=128, cupy=False, data_dir="'/userhome/datasets/
—FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, Jj=4, 1lr=0.1, lr_scheduler=
—'CosALR', momentum=0.9, opt='SGD', out_dir='./logs', resume=None, step_size=32)
./logs/T_4_b_128_SGD_1lr_0.1_CosALR_64_amp

epoch=63, train_loss=0.0010746361010835525, train_acc=0.9977463942307693, test_ loss=0.
—01154562517106533, test_acc=0.9296, max_test_acc=0.933, total time=15.83976149559021

After running 100 rounds of training, the correct rates on the training batch and test set are as follows:

Accuracy on train set

1.000 8

0.975 8

0.950 - 8

0.925 | ]

0.900 8

accuracy

0.875 §

0.850 [ 8

0.825 - 8

0 10 20 30 40 50 60
iteration
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After training for 64 epochs, the highest test set accuracy rate can reach 93.3%, which is a very good accuracy for SNN.

It is only slightly lower than ResNet18 (93.3%) with Normalization, random horizontal flip, random vertical flip, random

translation and random rotation in the BenchMark Fashion-MNIST.

Visual Encoder

As we said in the above text, the first spike neurons layer (SN) and the layers before SN can be regarded as an auto-encoder

with learnable parameters. Specifically, it is the highlighted part of our network shown below:

class Net (nn.Module) :

def _ init_ (self, T):

self.static_conv = nn.Sequential (
nn.Conv2d (1, 128, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (128),

self.conv = nn.Sequential (

neuron.IFNode (surrogate_function=surrogate.ATan()),

GANY
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Now let’ s take a look at the output spikes of the trained encoder. Let’ s create a new python file, import related modules,

and redefine a data loader with batch_size=1, because we want to view pictures one by one:

from matplotlib import pyplot as plt
import numpy as np
from spikingjelly.clock_driven.examples.conv_fashion_mnist import PythonNet
from spikingjelly import visualizing
import torch
import torch.nn as nn
import torchvision
test_data_loader = torch.utils.data.DataLoader (
dataset=torchvision.datasets.FashionMNIST (
root=dataset_dir,
train=False,
transform=torchvision.transforms.ToTensor (),
download=True),
batch_size=1,
shuffle=True,

drop_last=False)

We load net from the checkpoint:

net = torch.load('./logs/T_4_b_128_SGD_lr_0.1_CosALR_64_amp/checkpoint_max.pth', 'cpu
— ")y ["net "]
encoder = nn.Sequential (

net.static_conv,
net.conv[0]
)

encoder.eval ()

Let us extract a image from the data set, send it to the encoder, and check the accumulated value ) -, S; of the output spikes.
In order to show clearly, we also normalize the pixel values of the output feature_map with linearly transformation to
[0, 17.

with torch.no_grad():
# every time all the data sets are traversed, test once on the test set
for img, label in test_data_loader:
fig = plt.figure (dpi=200)
plt.imshow (img.squeeze () .numpy (), cmap='gray')
# Note that the size of the image input to the network is "' [1, 1, 28, 28] " ,_

—~the Oth dimension is "~ "batch' ', and the first dimension is ' " channel "

[y
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# therefore, when calling ' 'imshow’' , first use ' 'squeeze() ' to change the.
—size to ' [28, 28] "
plt.title('Input image', fontsize=20)
plt.xticks ([])
plt.yticks ([])
plt.show ()
out_spikes = 0
for t in range(net.T):
out_spikes += encoder (img) .squeeze ()
# the size of encoder (img) is "' [1, 128, 28, 28] ", the same use.
—  ‘squeeze () transform size to ' [128, 28, 28] "
if t == 0 or t == net.T - 1:
out_spikes_c = out_spikes.clone ()
for i in range (out_spikes_c.shape([0]):
if out_spikes_c[i] .max () .item() > out_spikes_c[i].min().item() :

# Normalize each feature map to make the display clearer

out_spikes_c[i] = (out_spikes_c[i] - out_spikes_c[i].min()) /.

— (out_spikes_c[i] .max () — out_spikes_c[i].min())
visualizing.plot_2d_spiking_feature_map (out_spikes_c, 8, 16, 1, None)
plt.title ("S\\sum_ S S at $t = ' + str(t) + 'S', fontsize=20)

plt.show ()

The following figure shows two input iamges and the cumulative spikes  _, S; encoded by the encoder at t=0 and t=7:

200 Chapter 7. Welcome to SpikingJdelly’ s documentation




spikingjelly, Z{ThaZ alpha

Input 1mage

7.1. Installation 201



spikingjelly, Z{ThRZ alpha

202 Chapter 7. Welcome to SpikingdJelly’ s documentation



spikingjelly, Z{ThaZ alpha

Input 1mage

7.1. Installation 203



spikingjelly, Z{ThRZ alpha

Statt:()

It can be found that the cumulative spikes ), S; are very similar to the origin images, indicating that the encoder has

strong coding ability.
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7.1.6 spikingjelly.clock_driven.ann2snn

Author: Dinglianhao, fangweil23456

This tutorial focuses on spikingjelly.clock_driven.ann2snn, introduce how to convert the trained feedfor-
ward ANN to SNN and simulate it on the SpikingJelly framework.

There are two sets of implementations in earlier implementations: ONNX-based and PyTorch-based. Due to the insta-
bility of ONNX, this version is an enhanced version of PyTorch, which natively supports complex topologies (such as
ResNet). Let’ s have a look!

Theoretical basis of ANN2SNN

Compared with ANN, the generated pulses of SNN are discrete, which is conducive to efficient communication. Today,
with the popularity of ANN, the direct training of SNN requires more resources. Naturally, we will think of using the
now very mature ANN to convert to SNN, and hope that SNN can have similar performance. This involves the problem
of how to build a bridge between ANN and SNN. Now the mainstream way of SNN is to use frequency encoding, so for
the output layer, we will use the number of neuron output pulses to judge the category. Is there a relationship between
the release rate and ANN?

Fortunately, there is a strong correlation between the nonlinear activation of ReLU neurons in ANN and the firing rate of
IF neurons in SNN (reset by subtracting the threshold: math:V_{threshold}). this feature to convert. The neuron update

method mentioned here is the Soft method mentioned in Time-driven tutorial.

Experiment: Relationship between IF neuron spiking frequency and input

We gave constant input to the IF neuron and observed its output spikes and spike firing frequency. First import the relevant

modules, create a new IF neuron layer, determine the input and draw the input of each IF neuron z;:

import torch

from spikingjelly.clock_driven import neuron
from spikingjelly import visualizing

from matplotlib import pyplot as plt

import numpy as np

plt.rcParams['figure.dpi'] = 200

if_node = neuron.IFNode (v_reset=None)

T = 128

x = torch.arange(-0.2, 1.2, 0.04)
plt.scatter (torch.arange (x.shape[0]), x)
plt.title ('Input $x_ S to IF neurons')
plt.xlabel ('Neuron index $is$'")
plt.ylabel ('Input $x_{i/$")

&
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plt.grid(linestyle="-.")
plt.show ()

Input x; to IF neurons
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Next, send the input to the IF neuron layer, and run the T=128 step to observe the pulses and pulse firing frequency of

each neuron:

s_list = []
for t in range(T):

s_list.append(if_node (x) .unsqueeze (0))

out_spikes = np.asarray(torch.cat (s_list))
visualizing.plot_1d_spikes (out_spikes, 'IF neurons\' spikes and firing rates', 't',
— 'Neuron index $i$")

plt.show ()
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It can be found that the frequency of the pulse firing is within a certain range, which is proportional to the size of the

input ;.

Next, let’ s plot the firing frequency of the IF neuron against the input x; and compare it with ReLU(x;):

plt.subplot (1, 2, 1)

firing_rate = np.mean (out_spikes, axis=1)
plt.plot(x, firing_rate)

plt.title('Input $x_<{71}$ and firing rate')
plt.xlabel ('Input $x_{i/$")

plt.ylabel ('Firing rate')
plt.grid(linestyle="'-.")

plt.subplot (1, 2, 2)

plt.plot(x, x.relu())

plt.title('Input $x_{i}$ and ReLU($x_{1i}$)")
plt.xlabel ('"Input S$x_{1}$")
plt.ylabel ('"ReLU ($x_{1/}$)")
plt.grid(linestyle="-.")

plt.show()
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It can be found that the two curves are almost the same. It should be noted that the pulse frequency cannot be higher than

1, so the IF neuron cannot fit the input of the ReLU in the ANN is larger than 1.

Theoretical basis of ANN2SNN

The literature' provides a theoretical basis for analyzing the conversion of ANN to SNN. The theory shows that the IF

neuron in SNN is an unbiased estimator of ReLLU activation function over time.

For the first layer of the neural network, the input layer, discuss the relationship between the firing rate of SNN neurons
r and the activation in the corresponding ANN. Assume that the input is constant as z € [0, 1]. For the IF neuron reset

by subtraction, its membrane potential V changes with time as follows:
Vi=Vii+z— ‘/thresholdet

Where: Vipreshola 18 the firing threshold, usually set to 1.0. 6; is the output spike. The average firing rate in the 7" time

steps can be obtained by summing the membrane potential:

T T T
Z Vi = Z Vie1 + 2T — Vinreshotd Z et
t=1 t=1 t=1
Move all the items containing V; to the left, and divide both sides by 7":
Vo — Vo S 6, N
T =z V;fhresholdT =z ‘/threshold?

! Rueckauer B, Lungu I-A, Hu Y, Pfeiffer M and Liu S-C (2017) Conversion of Continuous-Valued Deep Networks to Efficient Event-Driven

Networks for Image Classification. Front. Neurosci. 11:682.
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Where N is the number of pulses in the time step of 7', and % is the issuing rate r. Use z = Vipresholg@ Which is:

Vr—W

r=q¢— ————

TVthreshold
Therefore, when the simulation time step 7' is infinite:

r=a(a>0)

Similarly, for the higher layers of the neural network, literature” 2% ! further explains that the inter-layer firing rate
satisfies:
Vl
rl=wht=t 4t - T
T‘/threshold

Page 208, 1 Page 208, 1

For details, please refer to . The methods in ann2snn also mainly come from

Converting to spiking neural network

Conversion mainly solves two problems:

1. ANN proposes Batch Normalization for fast training and convergence. Batch normalization aims to normalize the
ANN output to 0 mean, which is contrary to the properties of SNNs. Therefore, the parameters of BN can be

absorbed into the previous parameter layers (Linear, Conv2d)

2. According to the transformation theory, the input and output of each layer of ANN need to be limited to the range

of [0,1], which requires scaling the parameters (model normalization)
4 BatchNorm parameter absorption

Assume that the parameters of BatchNorm are: math:gamma (BatchNorm.weight), 8 (BatchNorm.bias), u
(BatchNorm. .running_mean), o (BatchNorm.running_var, o = +/running_var). For specific param-
eter definitions, see torch.nn.BatchNorm1d . Parameter modules (eg Linear) have parameters W and b . BatchNorm
parameter absorption is to transfer the parameters of BatchNorm to W and b of the parameter module by operation, so
that the output of the new module of data input is the same as when there is BatchNorm. For this, the W and b formulas

for the new model are expressed as:

w=Tw
(o

T 7
b=—(b—p)+5
o
4 Model Normalization

For a parameter module, it is assumed that its input tensor and output tensor are obtained, the maximum value of its input
tensor is: math:lambda_{pre}, and the maximum value of its output tensor is: math:lambda ‘ Then, the normalized weight
:math:hat{ W}* is:

/\pre
W =W x \
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The normalized bias b is:

Although the distribution of the output of each layer of ANN obeys a certain distribution, there are often large outliers in
the data, which will lead to a decrease in the overall neuron firing rate. To address this, robust normalization adjusts the
scaling factor from the maximum value of the tensor to the p-quantile of the tensor. The recommended quantile value in

the literature is 99.9.

So far, what we have done with neural networks is numerically equivalent. The current model should perform the same

as the original model.

In the conversion, we need to change the ReLU activation function in the original model into IF neurons. For average
pooling in ANN, we need to convert it to spatial downsampling. Since IF neurons can be equivalent to the ReLLU activation
function. Adding IF neurons or not after spatial downsampling has minimal effect on the results. There is currently no

lelge 208, 1 with a

very ideal solution for max pooling in ANNSs. The best solution so far is to control the pulse channe
gating function based on momentum accumulated pulses. Here we still recommend using avgpool2d. When simulating,
according to the transformation theory, the SNN needs to input a constant analog input. Using a Poisson encoder will

bring about a reduction in accuracy.

Implementation and optional configuration

The ann2snn framework will receive another major update in April 2022. The two categories of parser and simulator
have been cancelled. Using the converter class replaces the previous solution. The current scheme is more compact and

has more room for transformation settings.

@ Converter class This class is used to convert ReLU’ s ANN to SNN. Three common patterns are implemented here.
The most common is the maximum current switching mode, which utilizes the upper and lower activation limits of the
front and rear layers so that the case with the highest firing rate corresponds to the case where the activation achieves the
maximum value. Using this mode requires setting the parameter mode to “max“[#f2]_. The 99.9% current switching
mode utilizes the 99.9% activation quantile to limit the upper activation limit. Using this mode requires setting the
parameter mode to “99.9%“[#f1]_. In the scaling conversion mode, the user needs to specify the scaling parameters into
the mode, and the current can be limited by the activated maximum value after scaling. Using this mode requires setting

the parameter mode to a float of 0-1.

Classify MNIST

Now we use ann2snn to build a simple convolutional network to classify the MNIST dataset.

First define our network structure (see ann2snn.sample_models.mnist_cnn):

class ANN (nn.Module) :
def _ init_ (self):

super () .__init__ ()

(A
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self.network = nn.Sequential (
nn.Conv2d (1, 32, 3, 1),
nn.BatchNorm2d (32, eps=le-3),
nn.RelLU(),
nn.AvgPool2d (2, 2),

nn.Conv2d (32, 32, 3, 1),
nn.BatchNorm2d (32, eps=le-3),
nn.RelLU(),

nn.AvgPool2d (2, 2),

nn.Conv2d (32, 32, 3, 1),
nn.BatchNorm2d (32, eps=le-3),
nn.RelLU(),

nn.AvgPool2d (2, 2),

nn.Flatten (),
nn.Linear (32, 10),

nn.ReLU ()

def forward(self,x):
x = self.network (x)

return x

Note: If you need to expand the tensor, define a nn . F1at ten module in the network, and use the defined Flatten instead

of the view function in the forward function.

Define our hyperparameters:

torch.random.manual_seed(0)
torch.cuda.manual_seed(0)

device = 'cuda'

dataset_dir = 'G:/Dataset/mnist'
batch_size = 100

T = 50

Here T is the inference time step used in inference for a while.
If you want to train, you also need to initialize the data loader, optimizer, loss function, for example:

Train the ANN. In the example, our model is trained for 10 epochs. The test set accuracy changes during training are as

follows:
After training the model, we quickly load the model to test the performance of the saved model:

The output is as follows:
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Converting with Converter is very simple, you only need to set the mode you want to use in the parameters. For example,

to use MaxNorm, you need to define an ann2snn.Converter first, and forward the model to this object:
snn_model is the output SNN model.

Following this example, we define the modes as max, 99.9%,1.0/2,1.0/3,1.0/4,1.0/ 5 case SNN transfor-

mation and separate inference T steps to get the accuracy.
Observe the control bar output:

The speed of model conversion can be seen to be very fast. Model inference speed of 200 steps takes only 11s to complete

(GTX 2080ti). Based on the time-varying accuracy of the model output, we can plot the accuracy for different settings.

Different settings can get different results, some inference speed is fast, but the final accuracy is low, and some inference

is slow, but the accuracy is high. Users can choose model settings according to their needs.

7.1.7 Reinforcement Learning: Deep Q Learning

Authors: fangweil23456, lucifer2859
Translator: LiutaoYu

This tutorial applies a spiking neural network to reproduce the PyTorch official tutorial REINFORCEMENT LEARNING
(DQN) TUTORIAL. Please make sure that you have read the original tutorial and corresponding codes before proceeding.

Change the input

In the ANN version, the difference between two adjacent frames of CartPole is directly used as input, and then CNN
is used to extract features. We can also use the same method for the SNN version. However, to obtain the frames, the
graphical interface must be activated, which is not convenient for training on a remote server without a graphical interface.
To reduce the difficulty, we directly use CartPole’ s state variables as the network input, which is an array containing 4
floating numbers, i.e., Cart Position, Cart Velocity, Pole Angle and Pole Velocity At Tip. The training code also needs to

be changed accordingly, which will be shown below.

Next, we need to define the SNN structure. Usually in Deep Q Learning, the neural network acts as the Q function,
the output of which should be continuous values. This means that the last layer of the SNN should not output spikes
representing Q function as 0 and 1, which may lead to poor performance. There are several methods to making SNN
output continuous values. For the classification tasks in the previous tutorials, the final output of the network is the firing
rate of each neuron in the output layer, which is obtained by counting the number of spikes in the simulation duration and
then dividing the number by the duration. Through preliminary testing, we found that using firing rate as Q function can
not lead to satisfying performance. Because after simulating 7" steps, the possible firing rates are 0, %7 %, ..., 1, which
are not enough to represent the Q function.

Here, we apply a new method to make SNN output floating numbers. We set the firing threshold of a neuron to be infinity,

which won’ t fire at all, and we adopt the final membrane potential to represent Q function. It is convenient to implement
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such neurons in the SpikingJelly framework: just inherit everything from LIF neuron neuron.LIFNode and

rewrite its forward function.

class NonSpikingLIFNode (neuron.LIFNode) :
def forward(self, dv: torch.Tensor):
self.neuronal_charge (dv)
# self.neuronal_fire()
# self.neuronal_reset ()

return self.v

The structure of the Deep Q Spiking Network is very simple: input layer, IF neuron layer, and NonSpikingLIF neuron
layer, between which are fully linear connections. The IF neuron layer is an encoder to convert the CartPole’ s state

variables to spikes, and the NonSpikingLLIF neuron layer can be regraded as the decision making unit.

class DQSN (nn.Module) :
def _ _init__ (self, input_size, hidden_size, output_size, T=16):
super () .__init__ ()
self.fc = nn.Sequential (
nn.Linear (input_size, hidden_size),
neuron.IFNode (),
nn.Linear (hidden_size, output_size),

NonSpikingLIFNode (tau=2.0)

self. T =T

def forward(self, x):

for t in range(self.T):

self.fc(x)

return self.fc[-1].v

Training the network

The code of this part is almost the same with the ANN version. But note that the SNN version here adopts Observation

returned by env as the input.

Following is the training code of the ANN version:

for i_episode in range (num_episodes) :
# Initialize the environment and state
env.reset ()
last_screen = get_screen|()

current_screen = get_screen()
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state = current_screen - last_screen
for t in count () :

# Select and perform an action

action = select_action(state)
_, reward, done, _ = env.step(action.item())
reward = torch.tensor ([reward], device=device)

# Observe new state
last_screen = current_screen
current_screen = get_screen()
if not done:
next_state = current_screen - last_screen
else:

next_state = None

# Store the transition in memory

memory.push (state, action, next_state, reward)

# Move to the next state

state = next_state

# Perform one step of the optimization (on the target network)
optimize_model ()
if done:
episode_durations.append(t + 1)
plot_durations ()
break
# Update the target network, copying all weights and biases in DQN
if i_episode % TARGET_UPDATE == 0:
target_net.load_state_dict (policy_net.state_dict())

Here is training code of the SNN version. During the training process, we will save the model parameters responsible for

the largest reward.

for i_episode in range (num_episodes) :
# Initialize the environment and state
env.reset ()

state = torch.zeros([1, n_states], dtype=torch.float, device=device)

total_reward = 0

for t in count () :

action = select_action(state, steps_done)

GETI0
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steps_done += 1

next_state, reward, done, _ = env.step(action.item())

total_reward += reward

next_state = torch.from_numpy (next_state) .float () .to(device) .unsqueeze (0)

reward = torch.tensor ([reward], device=device)

if done:

next_state = None

memory.push (state, action, next_state, reward)

state = next_state

if done and total_reward > max_reward:

max_reward = total_ reward
torch.save (policy_net.state_dict (), max_pt_path)
print (f'max_reward={max_reward), save models')

optimize_model ()

if done:
print (f'Episode: i_episode/}, Reward: {total_reward}")
writer.add_scalar ('Spiking-DQON-state-' + env_name + '/Reward',K total_

—reward, 1_episode)
break

if i_episode $ TARGET_UPDATE == 0:
target_net.load_state_dict (policy_net.state_dict())

It should be emphasized here that, we need to reset the network after each forward process, because SNN is retentive

while each trial should be started with a clean network state.

def select_action(state, steps_done):

if sample > eps_threshold:

with torch.no_grad() :

ac = policy_net (state) .max (1) [1].view(l, 1)

functional.reset_net (policy_net)

def optimize_model () :

state_action_values = policy_net (state_batch) .gather (1, action_batch)

GETI0
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next_state_values = torch.zeros (BATCH_SIZE, device=device)
next_state_values|[non_final_mask] = target_net (non_final_next_states) .max (1) [0].

—detach ()

functional.reset_net (target_net)

optimizer.step()

functional.reset_net (policy_net)

The integrated script can be found here clock_driven/examples/Spiking_ DQN_state.py. And we can start the training

process in a Python Console as follows.

>>> from spikingjelly.clock_driven.examples import Spiking_DQN_state
>>> Spiking_DQN_state.train (use_cuda=False, model_dir="'./model/CartPole-v0', log_dir=

—'./log', env_name='CartPole-v0', hidden_size=256, num_episodes=500, seed=1)

Episode: 509, Reward: 715

Episode: 510, Reward: 3051
Episode: 511, Reward: 571

complete

state_dict path is./ policy_net_256.pt

Testing the network

After training for 512 episodes, we download the model policy_net_256_max.pt that maximizes the reward
during the training process from the server, and run the play function on a local machine with a graphical interface to

test its performance.

>>> from spikingjelly.clock_driven.examples import Spiking_DQN_state
>>> Spiking_ DQN_state.play (use_cuda=False, pt_path='./model/CartPole-v0/policy_net_

—256_max.pt', env_name='CartPole-v0', hidden_size=256, played_frames=300)

The trained SNN controls the left or right movement of the CartPole, until the end of the game or the number of continuous
frames exceeds played_ frames. During the simulation, the play function will draw the firing rate of the IF neuron,
and the voltages of the NonSpikingLIF neurons in the output layer at the last moment, which directly determine the

movement of the CartPole.
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The performance after 16 episodes:
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The performance after 32 episodes:
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The reward increases with training:
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7.1.8 Reinforcement Learning: Advantage Actor Critic (A2C)

Author: lucifer2859
Translator: LiutaoYu

This tutorial applies a spiking neural network to reproduce actor-critic.py. Please make sure that you have read the original

tutorial and corresponding codes before proceeding.

Here, we apply the same method as the previous DQN tutorial to make SNN output floating numbers. We set the firing
threshold of a neuron to be infinity, which won’ t fire at all, and we adopt the final membrane potential to represent Q
function. It is convenient to implement such neurons in the SpikingJelly framework: just inherit everything from

LIF neuron neuron.LIFNode and rewrite its forward function.

class NonSpikingLIFNode (neuron.LIFNode) :
def forward(self, dv: torch.Tensor):
self.neuronal_charge (dv)
# self.neuronal_fire()
# self.neuronal_reset ()

return self.v

The basic structure of the Spiking Actor-Critic Network is very simple: input layer, IF neuron layer, and NonSpiking.IF
neuron layer, between which are fully linear connections. The IF neuron layer is an encoder to convert the CartPole’ s

state variables to spikes, and the NonSpikingLLIF neuron layer can be regraded as the decision making unit.

class ActorCritic (nn.Module) :
def __init__ (self, num_inputs, num_outputs, hidden_size, T=16):

super (ActorCritic, self).__init__ ()

self.critic = nn.Sequential (
nn.Linear (num_inputs, hidden_size),
neuron. IFNode (),
nn.Linear (hidden_size, 1),

NonSpikingLIFNode (tau=2.0)

self.actor = nn.Sequential (
nn.Linear (num_inputs, hidden_size),
neuron. IFNode (),
nn.Linear (hidden_size, num_outputs),

NonSpikingLIFNode (tau=2.0)

self. T =T

def forward(self, x):

[y
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for t in range(self.T):
self.critic(x)
self.actor (x)
value = self.critic[-1].v
probs = F.softmax(self.actor[-1].v, dim=1)

dist = Categorical (probs)

return dist, value

Training the network

The code of this part is almost the same with the ANN version. But note that the SNN version here adopts Observation

returned by env as the network input.

Following is the training code of the SNN version. During the training process, we will save the model parameters

responsible for the largest reward.

while step_idx < max_steps:

log_probs = []

values = []

rewards = []

masks = []

entropy = 0

for _

in range (num_steps) :
state = torch.FloatTensor (state) .to(device)
dist, value = model (state)

functional.reset_net (model)

action = dist.sample ()

next_state, reward, done, _ = envs.step(action.cpu() .numpy())

log_prob = dist.log_prob (action)

entropy += dist.entropy () .mean ()

log_probs.append (log_prob)
values.append(value)
rewards.append(torch.FloatTensor (reward) .unsqueeze (1) .to (device))

masks.append (torch.FloatTensor (1 — done) .unsqueeze (1) .to(device))

state = next_state

step_idx += 1

[y
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if step_idx % 1000 == O:
test_reward = test_env ()
print ('Step: , Reward: ' % (step_idx, test_reward))
writer.add_scalar('Spiking-A2C-multi_env—-' + env_name + '/Reward',6 test_

—reward, step_idx)

next_state = torch.FloatTensor (next_state) .to (device)
_, hext_value = model (next_state)
functional.reset_net (model)

returns = compute_returns (next_value, rewards, masks)

log_probs = torch.cat (log_probs)

returns = torch.cat (returns) .detach ()

values = torch.cat (values)

advantage = returns - values

actor_loss = - (log_probs * advantage.detach()) .mean()
critic_loss = advantage.pow(2) .mean ()

loss = actor_loss + 0.5 * critic_loss - 0.001 * entropy

optimizer.zero_grad/()
loss.backward ()

optimizer.step ()

It should be emphasized here that, we need to reset the network after each forward process, because SNN is retentive

while each trial should be started with a clean network state.

The integrated script can be found here clock_driven/examples/Spiking_A2C.py. And we can start the training process

in a Python Console as follows.

>>> python Spiking_A2C.py
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Performance comparison between ANN and SNN

Here is the reward curve during the training process of 1e5 episodes:
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And here is the result of the ANN version with the same settings. The integrated code can be found here

clock_driven/examples/A2C.py.
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7.1.9 Reinforcement Learning: Proximal Policy Optimization (PPO)

Author: lucifer2859
Translator: LiutaoYu

This tutorial applies a spiking neural network to reproduce ppo.py. Please make sure that you have read the original

tutorial and corresponding codes before proceeding.

Here, we apply the same method as the previous DQN tutorial to make SNN output floating numbers. We set the firing
threshold of a neuron to be infinity, which won’ t fire at all, and we adopt the final membrane potential to represent Q
function. It is convenient to implement such neurons in the SpikingJelly framework: just inherit everything from

LIF neuron neuron.LIFNode and rewrite the forward function.

class NonSpikingLIFNode (neuron.LIFNode) :
def forward(self, dv: torch.Tensor):
self.neuronal_charge (dv)
# self.neuronal_fire()
# self.neuronal_reset ()

return self.v

The basic structure of the Spiking Actor-Critic Network is very simple: input layer, IF neuron layer, and NonSpiking.IF
neuron layer, between which are fully linear connections. The IF neuron layer is an encoder to convert the CartPole’ s

state variables to spikes, and the NonSpikingLIF neuron layer can be regraded as the decision making unit.
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class ActorCritic (nn.Module) :
def _ init_ (self, num_inputs, num_outputs, hidden_size, T=16, std=0.0):

super (ActorCritic, self).__init__ ()

self.critic = nn.Sequential (
nn.Linear (num_inputs, hidden_size),
neuron. IFNode (),
nn.Linear (hidden_size, 1),

NonSpikingLIFNode (tau=2.0)

self.actor = nn.Sequential (
nn.Linear (num_inputs, hidden_size),
neuron. IFNode (),
nn.Linear (hidden_size, num_outputs),

NonSpikingLIFNode (tau=2.0)

self.log_std = nn.Parameter (torch.ones (1, num_outputs) * std)

self. T =T

def forward(self, x):

for t in range(self.T):

self.critic(x)

self.actor (x)

value = self.critic[-1].v

mu = self.actor[-1].v

std = self.log_std.exp () .expand_as (mu)
dist = Normal (mu, std)

return dist, wvalue

Training the network
The code of this part is almost the same with the ANN version. But note that the SNN version here adopts Observation
returned by env as the network input.

Following is the training code of the SNN version. During the training process, we will save the model parameters

responsible for the largest reward.

# GAE
def compute_gae (next_value, rewards, masks, values, gamma=0.99, tau=0.95):
values = values + [next_value]

gae = 0

[y
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returns = []

for step in reversed(range (len(rewards))):
delta = rewards[step] + gamma * values[step + 1] * masks[step] - values[step]
gae = delta + gamma * tau * masks[step] * gae
returns.insert (0, gae + values|[step])

return returns

# Proximal Policy Optimization Algorithm
# Arxiv: "https://arxiv.org/abs/1707.06347"
def ppo_iter (mini_batch_size, states, actions, log_probs, returns, advantage):
batch_size = states.size (0)
ids = np.random.permutation (batch_size)
ids = np.split(ids[:batch_size // mini_batch_size * mini_batch_size], batch_size /
</ mini_batch_size)
for i in range(len(ids)):
yield states[ids[i], :], actions([ids[i], :], log_probs[ids[i], :1,-

—returns([ids[i], :], advantage[ids[i], :]

def ppo_update (ppo_epochs, mini_batch_size, states, actions, log_probs, returns,.
—advantages, clip_param=0.2):
for _ in range (ppo_epochs):
for state, action, old_log_probs, return_, advantage in ppo_iter (mini_batch_

—~size, states, actions, log_probs, returns, advantages):

dist, value = model (state)

functional.reset_net (model)

entropy = dist.entropy () .mean()

new_log_probs = dist.log_prob (action)

ratio = (new_log_probs - old_log_probs) .exp()

surrl = ratio * advantage

surr2 = torch.clamp(ratio, 1.0 - clip_param, 1.0 + clip_param) * advantage
actor_loss = - torch.min(surrl, surr2) .mean/()

critic_loss = (return_ - value) .pow(2) .mean ()

loss = 0.5 * critic_loss + actor_loss - 0.001 * entropy

optimizer.zero_grad()
loss.backward()

optimizer.step ()

while step_idx < max_steps:

[y
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log_probs = []
values =[]
states = []
actions = []
rewards = []
masks = []
entropy = 0
for _ in range (num_steps):
state = torch.FloatTensor (state) .to (device)
dist, value = model (state)
functional.reset_net (model)
action = dist.sample ()
next_state, reward, done, _ = envs.step(torch.max(action, 1) [1].cpu() .numpy())
log_prob = dist.log_prob(action)
entropy += dist.entropy () .mean/()
log_probs.append (log_prob)
values.append (value)
rewards.append (torch.FloatTensor (reward) .unsqueeze (1) .to (device))
masks.append(torch.FloatTensor (1 — done) .unsqueeze (1) .to(device))
states.append(state)
actions.append(action)
state = next_state
step_idx += 1
if step_idx % 100 ==
test_reward = test_env ()
print ('Step: , Reward: ' % (step_idx, test_reward))
writer.add_scalar ('Spiking—-PPO-' + env_name + '/Reward',K test_reward,.
—step_idx)
next_state = torch.FloatTensor (next_state) .to (device)
_, next_value = model (next_state)
functional.reset_net (model)
returns = compute_gae (next_value, rewards, masks, values)
returns = torch.cat (returns) .detach ()
log_probs = torch.cat (log_probs) .detach ()
(BRI

228 Chapter 7. Welcome to SpikingJdelly’ s documentation




spikingjelly, % fTha4 alpha

(G AN
values = torch.cat (values) .detach ()
states = torch.cat (states)
actions = torch.cat (actions)
advantage = returns - values

ppo_update (ppo_epochs, mini_batch_size, states, actions, log_probs, returns,.

—advantage)

It should be emphasized here that, we need to reset the network after each forward process, because SNN is retentive

while each trial should be started with a clean network state.

The integrated script can be found here clock_driven/examples/Spiking_ PPO.py. And we can start the training process

in a Python Console as follows.

>>> python Spiking_PPO.py

Performance comparison between ANN and SNN

Here is the reward curve during the training process of 1e5 episodes:
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And here is the result of the ANN version with the same settings. The integrated code can be found here

clock_driven/examples/PPO.py.
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7.1.10 Classifying Names with a Character-level Spiking LSTM

Authors: LiutaoYu, fangweil123456

This tutorial applies a Spiking LSTM to reproduce the PyTorch official tutorial NLP From Scratch: Classifying Names
with a Character-Level RNN. Please make sure that you have read the original tutorial and corresponding codes before
proceeding. Specifically, we will train a spiking LSTM to classify surnames into different languages according to their
spelling, based on a dataset consisting of several thousands of surnames from 18 languages of origin. The integrated script

can be found here ( clock_driven/examples/spiking_lstm_text.py).

Preparing the data

First of all, we need to download and preprocess the data as the original tutorial, which produces a dictionary
{language: [names ...]} . Then, we split the dataset into a training set and a testing set (the ratio is 4:1),
i.e.,, category_lines_trainand category_lines_test . Here, we emphasize several important variables:
all_categories is the list of 18 languages, the length of whichis n_categories=18;n_letters=58is the

number of all characters composing the surnames.

# split the data into training set and testing set
numExamplesPerCategory = []
category_lines_train = {}

category_lines_test = {}

EETFI
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testNumtot = 0

for c, names in category_lines.items() :
category_lines_train[c] = names|[:int (len (names)*0.8)]
category_lines_test[c] = names[int (len (names)*0.8) :]
numExamplesPerCategory.append([len (category_lines[c]), len(category_lines_

—~train(c]), len(category_lines_test([c])])

testNumtot += len(category_lines_test[c])

In addition, we rephrase the function randomTrainingExample () tofunction randomPair (sampleSource)
for different conditions. Here we adopt function 1ineToTensor () and randomChoice () from the original tutorial.
lineToTensor () converts a surname into a one-hot tensor, and randomChoice () randomly choose a sample from

the dataset.

# Preparing [x, y] pair
def randomPair (sampleSource) :
o
Args:
sampleSource: "train', 'test', 'all'
Returns:

category, line, category_tensor, line_tensor

mn

category = randomChoice (all_categories)
if sampleSource == 'train':

line = randomChoice (category_lines_train[category])
elif sampleSource == 'test':

line = randomChoice (category_lines_test[category])
elif sampleSource == 'all':

line = randomChoice (category_lines[category])

category_tensor = torch.tensor([all_categories.index(category)], dtype=torch.
—~float)
line_tensor = lineToTensor (line)

return category, line, category_tensor, line_tensor

Building a spiking LSTM network

We build a spiking LSTM based on the rnn module from spikingjelly . The theory can be found in the paper Long
Short-Term Memory Spiking Networks and Their Applications . The amounts of neurons in the input layer, hidden layer
and output layer are n_letters, n_hidden and n_categories respectively. We add a fully connected layer to

the output layer, and use softmax function to obtain the classification probability.

from spikingjelly.clock_driven import rnn

n_hidden = 256

(RN
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class Net (nn.Module) :

def _ init_ (self, n_letters, n_hidden, n_categories):
super () .__init__ ()
self.n_input = n_letters

self.n_hidden = n_hidden
self.n_out = n_categories
self.lstm = rnn.SpikingLSTM(self.n_input, self.n_hidden, 1)

self.fc = nn.Linear(self.n_hidden, self.n_out)

def forward(self, x):
x, _ = self.lstm(x)
output = self.fc(x[-1])
output = F.softmax (output, dim=1)

return output

Training the network

First of all, we initialize the net , and define parameters like TRAIN_EPISODES and learning_rate. Here we
adopt mse_loss and Adam optimizer to train the network. The process of one training epoch is as follows: 1) randomly
choose a sample from the training set, and convert the input and label into tensors; 2) feed the input to the network, and
obtain the classification probability through the forward process; 3) calculate the network loss through mse_loss; 4)
back-propagate the gradients, and update the training parameters; 5) judge whether the prediction is correct or not, and
count the number of correct predictions to obtain the training accuracy every plot_every epochs; 6) evaluate the
network on the testing set every plot_every epochs to obtain the testing accuracy. During training, we record the
history of network loss avg_losses , training accuracy accuracy_rec and testing accuracy test_accu_rec
, to observe the training process. After training, we will save the final state of the network for testing, and also some

variables for later analyses.

# IF _TRAIN = 1
TRAIN_EPISODES = 1000000
plot_every = 1000

learning_rate = le-4

net = Net(n_letters, n_hidden, n_categories)

optimizer = torch.optim.Adam(net.parameters (), lr=learning_rate)

print ('Training...")
current_loss = 0
correct_num = 0

avg_losses = []

accuracy_rec = []

[y
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test_accu_rec = []
start = time.time ()
for epoch in range (1, TRAIN_EPISODES+1):

net.train ()

category, line, category_tensor, line_tensor = randomPair('train')

label_one_hot = F.one_hot (category_tensor.to(int), n_categories).float ()

optimizer.zero_grad()

out_prob_log = net(line_tensor)

loss = F.mse_loss (out_prob_log, label_one_hot)
loss.backward()

optimizer.step ()

current_loss += loss.data.item()

guess, _ = categoryFromOutput (out_prob_log.data)

if guess == category:

correct_num += 1

# Add current loss avg to list of losses

if epoch % plot_every == 0:
avg_losses.append (current_loss / plot_every)
accuracy_rec.append (correct_num / plot_every)
current_loss = 0

correct_num = 0

# evaluate the network on the testing set every " “plot_every ' epochs to obtain.

—the testing accuracy

if epoch % plot_every == 0: # int (TRAIN_EPISODES/1000)
net.eval ()

with torch.no_grad() :
numCorrect = 0
for i in range (n_categories):
category = all_categories([i]

for tname in category_lines_test[category]:

output = net (lineToTensor (tname))
guess, _ = categoryFromOutput (output.data)
if guess == category:

numCorrect += 1
test_accu = numCorrect / testNumtot
test_accu_rec.append(test_accu)
print ('Epoch %d %d%% (%s); Avg_loss $.4f; Train accuracy

£1 9

—accuracy ¢.4f' S (

Ly

Testo

[y
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epoch,
«» accuracy_rec[-1], test_accu))
torch.save(net, 'char_rnn_classification.pth')

np.save ('avg_losses.npy', np.array(avg_losses))
np.
np
np
np
# x

# xdict

save ('accuracy_rec.npy',
.save ('test_accu_rec.npy',
.save ('category_lines_train.npy',

.save ('category_lines_test.npy',

np.load('category_lines_test.npy',

= x.item()
plt.
plt.
plt
plt

figure ()

subplot (311)

.plot (avg_losses)
.title('Average loss')
plt.subplot (312)
plt

plt

.plot (accuracy_rec)

.title('Train accuracy')
plt.subplot (313)
plt
plt
plt.
plt.
plt.

plt.

.plot (test_accu_rec)
.title ('Test accuracy')
xlabel ("Epoch (*1000)")
subplots_adjust (hspace=0.6)
savefig('TrainingProcess.svg')

close ()

epoch / TRAIN_EPISODES * 100,

category_lines_train,
category_lines_test,

allow_pickle=True)

timeSince (start), avg_losses[-1],

np.array (accuracy_rec))

np.array (test_accu_rec))

allow_pickle=True)
allow_pickle=True)

# way to loading the data

We will observe the following results when executing $run ./spiking_lstm_text.py in Python Console with

IF_TRAIN = 1.

Backend Qt5Agg is interactive backend. Turning interactive mode on.

Training...

Epoch 1000 0% (Om 18s); Avg_loss 0.0525; Train accuracy 0.0830; Test accuracy 0.0806
Epoch 2000 0% (Om 37s); Avg_loss 0.0514; Train accuracy 0.1470; Test accuracy 0.1930
Epoch 3000 0% (Om 55s); Avg_loss 0.0503; Train accuracy 0.1650; Test accuracy 0.0537
Epoch 4000 0% (1m 14s); Avg_loss 0.0494; Train accuracy 0.1920; Test accuracy 0.0938
Epoch 998000 99% (318m 54s); Avg_loss 0.0063; Train accuracy 0.9300; Test accuracy O.
—5036

Epoch 999000 99% (319m 14s); Avg_loss 0.0056; Train accuracy 0.9380; Test accuracy O.
5004

Epoch 1000000 100% (319m 33s); Avg_loss 0.0055; Train accuracy 0.9340; Test accuracy.
—0.5118
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The following picture shows how average loss avg_losses , training accuracy accuracy_rec and testing accuracy

test_accu_rec improve with training.
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Testing the network

We first load the well-trained network, and then conduct the following tests: 1) calculate the testing accuracy of the final
network; 2) predict the language origin of the surnames provided by the user; 3) calculate the confusion matrix, indicating

for every actual language (rows) which language the network guesses (columns).

# IF_TRAIN = 0
print ('Testing...")

[y
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net = torch.load('char_rnn_classification.pth')
# calculate the testing accuracy of the final network
print ('Calculating testing accuracy...')
numCorrect = 0
for i in range (n_categories):
category = all_categories([i]
for tname in category_lines_test[category]:
output = net (lineToTensor (tname))
guess, _ = categoryFromOutput (output.data)
if guess == category:
numCorrect += 1
test_accu = numCorrect / testNumtot
print ('Test accuracy: {:.3f}, Random guess: {:.3f}'.format (test_accu, 1/n_categories))
# predict the language origin of the surnames provided by the user
n_predictions = 3
for j in range(3):
first_name = input ('Please input a surname to predict its language origin:')
print ("\n> 2s' % first_name)
output = net (lineToTensor (first_name))
# Get top N categories
topv, topi = output.topk (n_predictions, 1, True)
predictions = []
for i in range(n_predictions):
value = topv[0][i].item()
category_index = topi[0][i].item()
print (' (%.2f1) %s' % (value, all_categories[category_index]))
predictions.append([value, all_categories|[category_index]])
# calculate the confusion matrix
print ('Calculating confusion matrix...")
confusion = torch.zeros (n_categories, n_categories)
n_confusion = 10000
# Keep track of correct guesses in a confusion matrix
for i in range (n_confusion) :
category, line, category_tensor, line_tensor = randomPair('all')
output = net (line_tensor)
guess, guess_1 = categoryFromOutput (output.data)
category_1i = all_categories.index (category)
T
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confusion[category_i] [guess_i] += 1

confusion = confusion / confusion.sum(1)

np.save ('confusion.npy', confusion)

# Set up plot

fig = plt.figure(figsize=(10, 8))

ax = fig.add_subplot (111)

cax = ax.matshow(confusion.numpy ())

fig.colorbar (cax)

# Set up axes

ax.set_xticklabels([''] + all_categories, rotation=90)
ax.set_yticklabels([''] + all_categories)

# Force label at every tick
ax.xaxlis.set_major_locator (ticker.MultipleLocator (1))
ax.yaxis.set_major_locator (ticker.MultipleLocator (1))
# sphinx_gallery_thumbnail_ number = 2

plt.show ()

plt.savefig('ConfusionMatrix.svg"')

plt.close ()

We will observe the following results when executing $run ./spiking_lstm_text.py in Python Console with
IF_TRAIN = 0.

Testing...

Calculating testing accuracy...

Test accuracy: 0.512, Random guess: 0.056

Please input a surname to predict its language origin:> YU
> YU

(0.18) Scottish

(0.12) English

(0.11) Italian

Please input a surname to predict its language origin:> Yu
> Yu

(0.63) Chinese

(0.23) Korean

(0.07) Vietnamese

Please input a surname to predict its language origin:> Zou
> Zou

(1.00) Chinese

(0.00) Arabic

(0.00) Polish

Calculating confusion matrix...
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The following picture exhibits the confusion matrix, of which a brighter diagonal element indicates better prediction, and
thus less confusion, such as Arabic and Greek. However, some languages are prone to confusion, such as Korean and
Chinese, English and Scottish.
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7.1.11 Propagation Pattern

Authors: fangweil23456

Single-Step and Multi-Step

Most modules in Spikinglelly (except for spikingjelly.clock_driven.rnn), eg., spikingjelly.
clock_driven.layer.Dropout,don’ thaveaMultiStep prefix. These modules’ forward functions define

a single-step forward:
Input X4, output Y;

If a module has a MultiStep prefix, e.g., spikingjelly.clock_driven.layer.MultiStepDropout,

then this module’ s forward function defines the multi-step forward:
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Input X;,t =0,1,....T — 1L,output ¥y, ¢ =0,1,...., T — 1

A single-step module can be easily packaged as a multi-step module. For example, we can use spikingjelly.
clock_driven.layer.MultiStepContainer, which contains the origin module as a sub-module and imple-

ments the loop in time-steps in its forward function:

class MultiStepContainer (nn.Sequential) :
def _ _init__ (self, *args):

super () .__init__ (*args)

def forward(self, x_seq: torch.Tensor):
:param x_seq: shape=[T, batch_size, ...]
:type x_seq: torch.Tensor
:return: y_seq, shape=[T, batch_size, ...]
:rtype: torch.Tensor
y_seq = []
for t in range (x_seq.shape[0]) :

y_seq.append (super () . forward(x_seqlt]))

for t in range(y_seq._ _len__ ()):
y_seql[t] = y_seqgl[t].unsqueeze (0)

return torch.cat (y_seq, 0)

Let us use spikingjelly.clock_driven.layer.MultiStepContainer to implement a multi-step IF

neuron:

from spikingjelly.clock_driven import neuron, layer, functional

import torch

neuron_num = 4
T =28
if_node = neuron.IFNode ()
x = torch.rand ([T, neuron_num]) * 2
for t in range(T):
print (f'if_node output spikes at t={t}', if_node(x[t]))

functional.reset_net (1f_node)

ms_if node = layer.MultiStepContainer (if_node)
print ("multi step if_node output spikes\n", ms_if_node (x))

functional.reset_net (ms_if_node)

The outputs are:
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if_node output spikes at t=0 tensor([1.,

t
if_node output spikes at t tensor ([0.,
t

tensor ([1.,

if_node output spikes at

if_node output spikes at

if_node output spikes at

1
2
3 tensor([0.,
4 tensor([1.,
5

tensor ([1.,

if_node output spikes at 6 tensor([1.,
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~
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~
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t
£
if _node output spikes at t
t
£

if_node output spikes at 7 tensor([1.,

multi step if_node output spikes

tensor ([[1., 1., 1., O.],
(0., 0., 0., 1.1,
(1., 1., 1., 1.7,
(0., 0., 1., 0.1,
1., 1., 1., 1.1,
(1., 0., 0., 0.1,
(1., 0., 1., 1.1,
(1., 1., 1., 0.11)

We can find that the single-step module and the multi-step module have the identical outputs.

Step-by-step and Layer-by-Layer

In the previous tutorials and examples, we run the SNNs step-by-step, e.g.,:

if _node = neuron.IFNode ()
x = torch.rand ([T, neuron_num]) * 2
for t in range(T):

print (£'if_node output spikes at t={t}', if_node(x[t]))

step-by-step means that during the forward propagation, we firstly calculate the SNN’ s outputs Yy at t = 0, then we
calculate the SNN’ s outputs Y7 at ¢t = 1,---, and we can get the outputs at all time-steps Y;,t = 0,1,...,7 — 1. The

followed code is a step-by-step example (we suppose MO, M1, M2 are single-step modules):

net = nn.Sequential (MO, M1, M2)

for t in range(T):

Y[t] = net (X[t])

The computation graph of forward propagation is built as followed:
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The forward propagation of SNN and RNN is along both spatial domain and temporal domain. step-by-step calculates
states of the whole network step by step. We can also use an another order, which is layer-by-layer. layer-by-layer
calculates states layer-by-layer. The followed code is a layer-by-layer example (we suppose MO, M1, M2 are multi-step

modules):

net = nn.Sequential (MO, M1, M2)

Y = net (X)

The computation graph of forward propagation is built as followed:

¥

Wt= t=1__t=2__t=3
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The layer-by-layer method is widely used in RNN and SNN, e.g., Low-activity supervised convolutional spiking neural
networks applied to speech commands recognition calculates outputs of each layer to implement a temporal convolution.

Their codes are availble at https://github.com/romainzimmer/s2net.

The difference between step-by-step and layer-by-layer is the order of traverse the computation graph. The computed
results of both methods are exactly same. However, step-by-step has more degree of parallelism. When a layer is stateless,

e.g., torch.nn.Linear, the step-by-step method may calculate as:
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for t in range(T):

y[it] = fc(x[t]) # x.shape=[T, batch_size, in_features]

The layer-by-layer method can calculate parallelly:

y = fc(x) # x.shape=[T, batch_size, in_features]
For a stateless layer, we can concatenate inputs shape=[T, batch_size, ...] at time dimension as
shape=[T * batch_size, ...] toavoid loop in time-steps. spikingjelly.clock_driven.layer.

SeqgToANNContainer has provided such a function in its forward. We can directly use this module:

with torch.no_grad() :
T = 16
batch_size = 8
X = torch.rand ([T, batch_size, 4])
fc = SeqToANNContainer (nn.Linear (4, 2), nn.Linear (2, 3))

print (fc (x) .shape)

The outputs are

torch.Size ([16, 8, 3]

The outputs have shape=[T, batch_size, ...] and can be directly fed to the next layer.

Wrap Forward Propagation

After we use SeqToANNContainer to wrap stateless ANN’ s layers, the . keys () of network’ s state_dict

will change because we introduce an external wrapper. Here is an example:

net_step_by_step = nn.Sequential (
nn.Conv2d (3, 16, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (16),

neuron.IFNode ()

net_layer_by_layer = nn.Sequential (
layer.SegToANNContainer (
nn.Conv2d (3, 16, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (16),
)y
neuron.MultiStepIFNode ()
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print ('net_step_by_step.state_dict:', net_step_by_step.state_dict () .keys())
print ('net_layer_by_layer.state_dict:', net_layer_by_layer.state_dict () .keys())

The outputs are:

net_step_by_step.state_dict: odict_keys(['0O.weight', "l.weight', 'l.bias', 'l.running_
—mean', 'l.running_var', 'l.num_batches_tracked']
net_layer_by_layer.state_dict: odict_keys(['0.0.weight', '0.l1.weight', '0O.l1.bias', 'O.

—l.running_mean', '0O.l.running_var', '0.l.num_batches_tracked'])

We can find that keys have been changed, which causes some trouble to load model’ s weights. For example, if we
want to build a multi-step Spiking ResNet-18 (spikingjelly.clock_driven.model.spiking_resnet.
spiking_resnet18), and we want to load the pre-train model’ s weights from ANN. If the network is built by
SeqgToANNContainer, it wil be not able to load weights from ANN because keys of state_dict are different. To

avoid such problems, we can wrap forward propagation, rather than wrap layers. Here is an example:

class NetStepByStep (nn.Module) :
def _ init__ (self):
super () .__init__ ()
self.conv = nn.Conv2d (3, 16, kernel_size=3, padding=1, bias=False)
self.bn = nn.BatchNorm2d (16)

self.sn = neuron.IFNode ()

def forward(self, x):
# x.shape = [N, C, H, W]

x = self.conv(x)
x = self.bn(x)

x = self.sn(x)
return x

class NetLayerByLayerl (NetStepByStep) :

def forward(self, x_seq):
# x_seq.shape = [T, N, C, H, W]
x_seq = functional.seq to_ann_forward(x_seq, [self.conv, self.bn])
x_seq = functional.multi_step_forward (x_seq, self.sn)

return x_seq

class NetLayerByLayer2 (NetStepByStep) :
def _ init__ (self):

super () .__init_ ()

7.1. Installation 243



spikingjelly, Z{ThRZ alpha

(€AY

# replace single-step neuron to multi-step neuron
del self.sn
self.sn = neuron.MultiStepIFNode ()

def forward(self, x_seq):
# x_seq.shape = [T, N, C, H, W]
x_seq = functional.seg _to_ann_forward(x_seq, [self.conv, self.bn])
x_seq = self.sn(x_seq)

return x_seq

state_dict.keys () of NetStepByStep, NetLayerByLayerl, NetLayerByLayer2 are identical,

and they can load model weights from each others.

7.1.12 Accelerate with CUDA-Enhanced Neuron and Layer-by-Layer Propagation

Authors: fangweil23456

CUDA-Enhanced Neuron

spikingjelly.clock_driven.neuron provides the multi-step version of neurons. Compared with the single-
step neuron, the multi-step neuron can use cupy backend. The cupy backend fuses operations in a single cuda kernel, which

is much faster than naive pytorch backend. Let us run a simple experiment to compare LIF neurons in both module:

from spikingjelly.clock_driven import neuron, surrogate, cu_kernel_opt

import torch

def cal_forward_t (multi_step_neuron, x, repeat_times):
with torch.no_grad() :
used_t = cu_kernel_opt.cal_fun_t (repeat_times, x.device, multi_step_neuron, x)
multi_step_neuron.reset ()

return used_t * 1000

def forward_backward(multi_step_neuron, x):
multi_step_neuron (x) .sum() .backward()
multi_step_neuron.reset ()

x.grad.zero_ ()

def cal_forward_backward_t (multi_step_neuron, x, repeat_times):

GANTY
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x.requires_grad_ (True)
used_t = cu_kernel_opt.cal_fun_t (repeat_times, x.device, forward_backward, multi_
—step_neuron, x)

return used_t * 1000

device = 'cuda:0'
repeat_times = 1024

ms_1lif = neuron.MultiStepLIFNode (surrogate_function=surrogate.ATan (alpha=2.0))

ms_lif.to(device)
N =2 ** 20
print ('forward')
ms_lif.eval ()
for T in [8, 16, 32, 64, 128]:
X = torch.rand(T, N, device=device)
ms_lif.backend = 'torch'
print (T, cal_forward_t(ms_lif, x, repeat_times), end=', ")
ms_lif.backend = 'cupy'

print (cal_forward_t (ms_1lif, x, repeat_times))

print ('forward and backward')
ms_lif.train()
for T in [8, 16, 32, 64, 128]:
X = torch.rand(T, N, device=device)
ms_1lif.backend = 'torch'
print (T, cal_forward_backward_t (ms_lif, x, repeat_times), end=', ')
ms_1lif.backend = 'cupy'

print (cal_forward_backward_t (ms_1lif, x, repeat_times))

The code is running at a Ubuntu server with Intel(R) Xeon(R) Gold 6148 CPU @ 2.40GHz CPU and GeForce RTX 2080
Ti GPU. The outputs are:

forward

8 1.9180845527841939, 0.8166529733273364
16 3.8143536958727964, 1.6002442711169351
32 7.6071328955436, 3.2570467449772877

64 15.181676714490777, 6.82808195671214
128 30.344632044631226, 14.053565065751172
forward and backward

8 8.131792200288146, 1.6501817200662572

16 21.89934094545265, 3.210343387223702

GETI0
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32 66.34630815216269, 6.41730432241161
64 226.20835550819152, 13.073845567419085
128 827.6064751953811, 26.71502177403795

We plot the results in a bar chart:

Execution time of Running Forward with 22° Neurons
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It can be found that cupy backend is much faster than naive pytorch backend.
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Accelerate Deep SNNs

Now let us use the CUDA-Enhanced Multi-Step neuron to re-implement the network in Clock driven: Use convolutional
SNN to identify Fashion-MNIST and compare their speeds. There is no need to modify the training codes. We can only

change the network’ s codes:

class CupyNet (nn.Module) :
def _ init_ (self, T):
super () .__init__ ()

self. T =T

self.static_conv = nn.Sequential (
nn.Conv2d (1, 128, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (128),

self.conv = nn.Sequential (

neuron.MultiStepIFNode (surrogate_function=surrogate.ATan (), backend='cupy

layer.SegToANNContainer (
nn.MaxPool2d (2, 2), # 14 * 14
nn.Conv2d (128, 128, kernel_size=3, padding=1, bias=False),
nn.BatchNorm2d (128),
)y
neuron.MultiStepIFNode (surrogate_function=surrogate.ATan (), backend='cupy
—")
layer.SegToANNContainer (
nn.MaxPool2d (2, 2), # 7 * 7
nn.Flatten(),
),
)
self.fc = nn.Sequential (
layer.SegToANNContainer (nn.Linear (128 * 7 *~ 7, 128 * 4 * 4, bias=False)),
neuron.MultiStepIFNode (surrogate_function=surrogate.ATan (), backend='cupy
—"')
layer.SegToANNContainer (nn.Linear (128 * 4 * 4, 10, bias=False)),
neuron.MultiStepIFNode (surrogate_function=surrogate.ATan (), backend='cupy
—"')

def forward(self, x):
x_seq = self.static_conv(x) .unsqueeze (0) .repeat(self.T, 1, 1, 1, 1)

# [N/ C/ H, W] -> [l/ N, C/ H, W] -> [T/ N, C/ H, W]

[y
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return self.fc(self.conv(x_seq)) .mean (0)

The fully codes are available at spikingjelly.clock_driven.examples.conv_fashion_mnist. Run
this example with the same arguments and devices as those in Clock driven: Use convolutional SNN to identify Fashion-
MNIST. The outputs are:

(pytorch-env) root@e8b6e4800dae4011eb0918702bd7ddedd51c-fangwl598-0:/# python -m._
—spikingjelly.clock_driven.examples.conv_fashion_mnist -opt SGD -data_dir /userhome/

—datasets/FashionMNIST/ —amp -cupy

Namespace (T=4, T _max=64, amp=True, b=128, cupy=True, data_dir='/userhome/datasets/
—FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, 7j=4, 1lr=0.1, lr_scheduler=
— 'CosALR', momentum=0.9, opt='SGD', out_dir='./logs', resume=None, step_size=32)
CupyNet (
(static_conv): Sequential (
(0): Conv2d(l, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
(1) : BatchNorm2d (128, eps=1e-05, momentum=0.1, affine=True, track_running
—stats=True)
)
(conv) : Sequential (
(0) : MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(1) : SeqToANNContainer (
(module) : Sequential (
(0) : MaxPool2d(kernel_size=2, stride=2, padding=0, dilation=1, ceil_
—mode=False)
(1) : Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(2): BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
)
)
(2): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(3): SeqToANNContainer (
(module) : Sequential (
(0) : MaxPool2d(kernel_size=2, stride=2, padding=0, dilation=1, ceil__
—mode=False)

(1): Flatten(start_dim=1, end_dim=-1)
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)
(fc): Sequential (
(0) : SeqToANNContainer (
(module) : Linear (in_features=6272, out_ features=2048, bias=False)
)
(1): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(2): SeqgToANNContainer (
(module) : Linear (in_features=2048, out_features=10, bias=False)
)
(3): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False

(surrogate_function): ATan (alpha=2.0, spiking=True)

)

Mkdir ./logs/T_4_b_128_SGD_lr_0.1_CosALR_64_amp_cupy.

Namespace (T=4, T_max=64, amp=True, b=128, cupy=True, data_dir='/userhome/datasets/
—FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, j=4, 1lr=0.1, lr_scheduler=
— 'CosALR', momentum=0.9, opt='SGD', out_dir='./logs', resume=None, step_size=32)
./logs/T_4_b_128_SGD_lr_0.1_CosALR_64_amp_cupy

epoch=0, train 1loss=0.028574782584865507, train_acc=0.8175080128205128, test_ loss=0.
—020883125430345536, test_acc=0.8725, max_test_acc=0.8725, total_ time=13.
—037598133087158

Namespace (T=4, T_max=64, amp=True, b=128, cupy=True, data_dir='/userhome/datasets/
—FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, Jj=4, 1lr=0.1, lr_scheduler=
—'CosALR', momentum=0.9, opt='SGD', out_dir='./logs', resume=None, step_size=32)

./logs/T_4_b_128_SGD_lr_0.1_CosALR_64_amp_cupy

epoch=62, train_loss=0.001055751721853287, train_acc=0.9977463942307693, test_ loss=0.
—010815625159442425, test_acc=0.934, max_test_acc=0.9346, total time=11.
—059867858886719

Namespace (T=4, T_max=64, amp=True, b=128, cupy=True, data_dir='/userhome/datasets/
—FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, j=4, 1lr=0.1, lr_scheduler=

— 'CosALR', momentum=0.9, opt='SGD', out_dir='./logs', resume=None, step_size=32)
./logs/T_4_b_128_SGD_lr_0.1_CosALR_64_amp_cupy

epoch=63, train_ 1loss=0.0010632637413514631, train_acc=0.9980134882478633, test_loss=0.

(AN
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—010720000202953816, test_acc=0.9324, max_test_acc=0.9346, total time=11.
—128222703933716

We get 93.46% accuracy, which is very close to 93.3% in 1% f] CUDA 33 3% 444 2 705 1% & 15 %3t 47 v ik . Here are

training logs:

Accuracy on train set
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Accuracy on test set
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In fact, we set an identical seed in both examples, but get a different results, which maybe caused by the numerical errors
between cupy and pytorch functions. It can be found that the training execution time with cupy backend is 69% of the
naive PyTorch SNN.

7.1.13 Neuromorphic Datasets Processing

Authors: fangweil 23456

spikingjelly.datasets provides frequently-used neuromorphic datasets, including N-MNIST!, CIFARI10-
DVS?, DVS128 Gesture®, N-Caltech1017%¢¢231- 1 ASL.DVS*, etc. All datasets are processed by SpikinglJelly in the same
method, which is friendly for developers to write codes for new datasets. In this tutorial, we will take DVS 128 Gesture

dataset as an example to show how to use SpikingJelly to process neuromorphic datasets.

! Orchard, Garrick, etal. “Converting Static Image Datasets to Spiking Neuromorphic Datasets Using Saccades.” Frontiers in Neuroscience, vol.
9, 2015, pp. 437-437.

2 Li, Hongmin, et al. “CIFAR10-DVS: An Event-Stream Dataset for Object Classification.” Frontiers in Neuroscience, vol. 11, 2017, pp. 309
309.

3 Amir, Arnon, etal. “A Low Power, Fully Event-Based Gesture Recognition System.” 2017 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), 2017, pp. 7388-7397.

4 Bi, Yin, etal. “Graph-Based Object Classification for Neuromorphic Vision Sensing.” 2019 IEEE/CVF International Conference on Computer
Vision (ICCV), 2019, pp. 491-501.
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Download Automatically/Manually

SpikingJelly can download some datasets (e.g., CIFAR10-DVS) automatically. When we firstly use these datasets, Spik-
ingJelly will download the dataset to download in the root directory. The downloadable () function of each dataset
defines whether this dataset can be downloaded automatically, and the resource_url_md5 () function defines the

download url and MD5 of each file. Here is an example:

from spikingjelly.datasets.cifarl0_dvs import CIFAR10DVS
from spikingjelly.datasets.dvsl28_gesture import DVS128Gesture

print ('CIFAR10-DVS downloadable', CIFAR10DVS.downloadable())
print ('resource, url, md5/n', CIFAR10DVS.resource_url_md5())

print ('DVS128Gesture downloadable', DVS128Gesture.downloadable())

print ('resource, url, md5/n', DVS128Gesture.resource_url_md5())

The outputs are:

CIFAR10-DVS downloadable True
resource, url, mdb5

[("airplane.zip', 'https://ndownloader.figshare.com/files/7712788"',
—'0afd5c4bf9ae06af762a77b180354fdd"'), ('automobile.zip', 'https://ndownloader.
—figshare.com/files/7712791"', '8438dfeba3bc970c94962d995b1b9%bdd"'), ('bird.zip',
—'https://ndownloader.figshare.com/files/7712794"', 'a9c207c91c5509dc2002dc21c684d785
—"'), ('cat.zip', 'https://ndownloader.figshare.com/files/7712812"',
—'52c63c677c2bl5fab5146a8daf4d56687"), ('deer.zip', 'https://ndownloader.figshare.com/
—files/7712815"', 'b6bf21f6c04d21bade23fc3e36c8ad4al3'), ('dog.zip', 'https://
—ndownloader.figshare.com/files/7712818"', 'f379ebdf6703d16e0a690782e62639c3"), (
—'frog.zip', 'https://ndownloader.figshare.com/files/7712842",
—'cad6ed91214b1c7388a5f6ee56d08803"), ('horse.zip', 'https://ndownloader.figshare.
—com/files/7712851"', 'elcbbf77bec584ffbf913f00e682782a'), ('ship.zip', 'https://
—ndownloader.figshare.com/files/7712836"', '41c7bd7d6b251be82557c6cce9a7d5¢c9"), (
—'truck.zip', 'https://ndownloader.figshare.com/files/7712839"',
—'89f3922£fd147d%aeff89e76a2b0b70a7") ]
DVS128Gesture downloadable False
resource, url, mdb5

[ ('DvsGesture.tar.gz', 'https://ibm.ent.box.com/s/3hig58wwlpbbjrinh367ykfdf60xsfm8/
—folder/50167556794"', '8abc71fblle24e5cabbll866cabc00al'), ('gesture_mapping.csv',
—'https://ibm.ent .box.com/s/3hig58wwlpbbjrinh367ykfdf60xsfm8/folder/50167556794",
—'109b2ae64a0elf3ef535b18ad7367fd1"), ('LICENSE.txt', 'https://ibm.ent.box.com/s/
—3hig58wwlpbbijrinh367ykfdf60xsfm8/folder/50167556794",
—'065e10099753156£f18f51941e6e44b66"'), ('README.txt', 'https://ibm.ent.box.com/s/
—3hig58wwlpbbjrinh367ykfdf60xsfm8/folder/50167556794",
—'a0663d3b1d8307¢c329a43d949ee32d19") ]
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The DVSI128 Gesture dataset can not be downloaded automatically. But its resource_url_md5 () will
tell user where to download. The DVS128 Gesture dataset can be downloaded from https://ibm.ent.box.com/s/
3hiq58ww1pbbjrinh367ykfdf60xsfm8/folder/50167556794. The box website does not allow us to download data by
python codes without login. Thus, the user have to download manually. Suppose we have downloaded the dataset into

E:/datasets/DVS128Gesture/download, then the directory structure is

| -— DvsGesture.tar.gz
| -— LICENSE.txt
| —— README.txt

" —— gesture_mapping.csv

Get Events Data

Let us create train set. We set data_type="event' to use Event data rather than frame data.

from spikingjelly.datasets.dvsl28_gesture import DVS128Gesture

root_dir = 'D:/datasets/DVS128Gesture’

train_set = DVS128Gesture (root_dir, train=True, data_type='event')

SpikingJelly will do the followed work when running these codes:

1. Check whether the dataset exists. If the dataset exists, check MDS5 to ensure the dataset is complete. Then Spik-

ingJelly will extract the origin data into the ext racted folder

2. The sample in DVS128 Gesture is the video which records one actor displayed different gestures under different
illumination conditions. Hence, an AER sample contains many gestures and there is also a adjoint csv file to label the
time stamp of each gesture. Hence, an AER sample is not a sample with one class but multi-classes. SpikingJelly

will use multi-threads to cut and extract each gesture from these files.

Here are the terminal outputs:

The [D:/datasets/DVS128Gesture/download] directory for saving downloaed files already.
—exists, check files...

Mkdir [D:/datasets/DVS128Gesture/extract].

Extract [D:/datasets/DVS128Gesture/download/DvsGesture.tar.gz] to [D:/datasets/
—DVS128Gesture/extract].

Mkdir [D:/datasets/DVS128Gesture/events_np].

Start to convert the origin data from [D:/datasets/DVS128Gesture/extract] to [D:/
—datasets/DVS128Gesture/events_np] in np.ndarray format.

Mkdir [('D:/datasets/DVS128Gesture//events_np//train', 'D:/datasets/DVS128Gesture//
—events_np//test') .

Mkdir ['O', '"1', '10', '2', '3"', "4v, r5', tgr, 'yt vg8', '9'] in [D:/datasets/
—DVS128Gesture/events_np/train] and [('O', '1', '10', '2', '3°"', "4', '5',  ‘'g',  '7', '8

[y
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—', '9'] in [D:/datasets/DVS128Gesture/events_np/test].

Start the ThreadPoolExecutor with max workers = [8].

Start to split [D:/datasets/DVS128Gesture/extract/DvsGesture/user02_fluorescent.
—aedat] to samples.
[D:/datasets/DVS128Gesture/events_np/train/0/user02_fluorescent_0.npz] saved.
[D:/datasets/DVS128Gesture/events_np/train/1/user02_fluorescent_0.npz] saved.

[D:/datasets/DVS128Gesture/events_np/test/8/user29_lab_0.npz] saved.
[D:/datasets/DVS128Gesture/events_np/test/9/user29_lab_0.npz] saved.
[D:/datasets/DVS128Gesture/events_np/test/10/user29_lab_0.npz] saved.

Used time = [1017.27s].

All aedat files have been split to samples and saved into [('D:/datasets/
—DVS128Gesture//events_np//train', 'D:/datasets/DVS128Gesture//events_np//test')].

We have to wait for a moment because the cutting and extracting is very slow. A event s_np folder will be created and

contain the train/test set:

|-— events_np
| |—— test

| "—— train

Print a sample:

event, label = train_set[0]
for k in event.keys():

print (k, event[k])
print ('label', label)

The output is:

t [80048267 80048277 80048278 ... 85092406 85092538 85092700]
x [49 55 55 ... 60 85 45]

y [82 92 92 ... 96 86 90]

p (100 ...10 0]

label O

where event is a dictionary with keys ['t', 'x', 'y', 'p'];"label”is the label of the sample. Note that the

classes number of DVS128 Gesture is 11.
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Get Frames Data

The event-to-frame integrating method for pre-processing neuromorphic datasets is widely used. We use the same method
from’ in SpikingJelly. Data in neuromorphic datasets are in the formulation of E(z;,;,t;, p;) that represent the event’
s coordinate, time and polarity. We split the event’ s number NN into 7" slices with nearly the same number of events in
each slice and integrate events to frames. Note that 7" is also the simulating time-step. Denote a two channels frame as

F(j) and a pixel at (p, x, y) as F'(j, p, x, y), the pixel value is integrated from the events data whose indices are between

71 and j,.:

. N| .

= LTJ -]

, [ X]-(G+1), if j<T-1

T, if =T -1
Jr—1

F(j,p,:c,y) = Z Ip,x,y(piyl'ivyi)

=

where | -] is the floor operation, Z,, , ,, (p;, 5, y;) is an indicator function and it equals 1 only when (p, z,y) = (p;, s, ¥i)-

SpikingJelly will integrate events to frames when running the followed codes:

train_set = DVS128Gesture (root_dir, train=True, data_type='frame', frames_number=20,.

—split_by='number")

The outputs from the terminal are:

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test].
Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/0].
Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/1].
Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/10].
Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/2].
Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/3].
Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/4].
Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/5].
Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/6].
Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/7].
Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/8].
Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/test/9].
Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train].
Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/0].
Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/1].
Mkdir [D:/datasets/DVS128Gesture/frames_number_ 20_split_by_number/train/10].
Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/2].

EETI)

5 Fang, Wei, et al. “Incorporating Learnable Membrane Time Constant to Enhance Learning of Spiking Neural Networks.” ArXiv: Neural and

Evolutionary Computing, 2020.
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Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/3].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/4].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/5].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/6].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/7].

Mkdir [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/train/8].

Mkdir [D:/datasets/DVS128Gesture/frames_number_ 20_split_by_number/train/9].

Start ThreadPoolExecutor with max workers = [8].

Start to integrate [D:/datasets/DVS128Gesture/events_np/test/0/user24_fluorescent_0.
—npz] to frames and save to [D:/datasets/DVS128Gesture/frames_number_20_split_by_
—number/test/0].

Start to integrate [D:/datasets/DVS128Gesture/events_np/test/0/user24_fluorescent_led_
—0.npz] to frames and save to [D:/datasets/DVS128Gesture/frames_number_20_split_by_
—number/test/0].

Frames [D:/datasets/DVS128Gesture/frames_number_ 20_split_by_number/train/9/user23_lab_
—0.npz] saved.Frames [D:/datasets/DVS128Gesture/frames_number_20_split_by_number/

—train/9/user23_led_0.npz] saved.

Used time = [102.11ls].

A frames_number_20_split_by_number folder will be created and contain the Frame data.

Print a sample:

frame, label = train_set[0]

print (frame.shape)

The outputs are:

(20, 2, 128, 128)

Let us visualize a sample:

from spikingjelly.datasets import play_frame
frame, label = train_set[500]

play_frame (frame)

We will get the images like:
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Fixed Duration Integrating

Integrating by fixed duration is more compatible with the practical application. For example, if we set durationas 10 ms,
then a sample with length . ms can be integrated to frames with frame numbermath.floor (L / 10). However, the
lengthes of samples in neuromorphic datasets are not identical, and we will get frames with different frame numbers when
integrating with fixed duration. Fortunately, we can use spikingjelly.datasets.pad_sequence_collate

and spikingjelly.datasets.padded sequence_mask to pad/unpad frames.

Example codes:

7.1. Installation 257



spikingjelly, Z{ThRZ alpha

import torch
from torch.utils.data import Dataloader
from spikingjelly.datasets import pad_sequence_collate, padded_sequence_mask, dvsl128_
—~gesture
root='D:/datasets/DVS128Gesture’
train_set = dvsl28_gesture.DVS128Gesture (root, data_type='frame', duration=1000000, .
—train=True)
for i in range (5):
X, y = train_set[i]
print (£'x[{i}].shape=[T, C, H, W]l={x.shape}')
train_data_loader = Dataloader (train_set, collate_fn=pad_sequence_collate, batch_
—size=5)
for x, y, x_len in train_data_loader:
print (f'x.shape=[N, T, C, H, W]={tuple(x.shape) ")

print (f'x_len={x_len}")

mask = padded_sequence_mask (x_len) # mask.shape = [T, NJ
print (f'mask=\n{mask.t ().int () }")
break

The outputs are:

The directory [D:/datasets/DVS128Gesture\duration_1000000] already exists.
x[0] .shape=[T, C, H, W]=(6, 2, 128, 128)

x[1].shape=[T, C, H, W]=(6, 2, 128, 128)

x[2] .shape=[T, C, H, WI=(5, 2, 128, 128)

x[3].shape=[T, C, H, W]=(5, 2, 128, 128)

x[4].shape=[T, C, H, WI=(7, 2, 128, 128)

x.shape=[N, T, C, H, W]=(5, 7, 2, 128, 128)

%x_len=tensor([6, 6, 5, 5, 71)
mask=

tensor ([[1,
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Custom Integrating Method

SpikingJelly provides user-defined integrating method. The user should provide a function
custom_integrate_function and the name of directory custom_integrated_frames_dir_name for

saving frames.

custom_integrate_function is a user-defined function that inputs are events, H, W. events is a dict
whose keysare ['t', 'x', 'y', 'p'] and values are numpy.ndarray. H is the height of the data and W is
the weight of the data. For example, H=128 and W=128 for the DVS128 Gesture dataset. The function should return

frames.

custom_integrated_frames_dir_name can be None, and then the the name of directory for saving frames

will be set to custom_integrate_function._ _name_ .

For example, if we want to split events to two parts randomly, and integrate two parts to two frames, we can define such

a function:

import spikingjelly.datasets as sjds

def integrate_events_to_2_ frames_randomly (events: Dict, H: int, W: int):

index_split = np.random.randint (low=0, high=events['t'].__len__())

frames = np.zeros([2, 2, H, W])

t, x, v, p = (events[key] for key in ('t', 'x', 'yv', 'p'))

frames[0] = sjds.integrate_events_segment_to_frame(x, v, p, H, W, 0, index_split)
frames[1] = sjds.integrate_events_segment_to_frame(x, vy, p, H, W, index_split, .

—~events['t'].

len__ ())

return frames

Now let us use this function to create frames dataset:

train_set = DVS128Gesture(root_dir, train=True, data_type='frame', custom_integrate_

—function=integrate_events_to_2_frames_randomly)

After the process finished, there will be a integrate_events_to_2_frames_randomly directory in
root_dir. And the integrate_events_to_2_frames_randomly directory will save our frames integrated

by the custom integrating function.

Now let us visualize the frames:

from spikingjelly.datasets import play_frame
frame, label = train_set[500]

play_frame (frame)
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SpikingJelly provides more methods to integrate events to frames. Read the API doc for more details.

7.1.14 Classify DVS128 Gesture

Author: fangweil23456

We have learned how to use neuromorphic datasets in last tutorial Neuromorphic Datasets Processing. Now, let us start
to build a SNN to classify the DVS128 Gesture dataset. We will use the SNN from Incorporating Learnable Membrane

Time Constant to Enhance Learning of Spiking Neural Networks'. We will use LIF neurons and max pooling in this

! Fang, Wei, etal. “Incorporating learnable membrane time constant to enhance learning of spiking neural networks.” Proceedings of the IEEE/CVF

International Conference on Computer Vision. 2021.
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SNN.

The paper™ 2% ! yses an old version of SpikingJelly. The origin codes and logs are available at: Parametric-Leaky-

Integrate-and-Fire-Spiking-Neuron

In this tutorial, we will write codes by the new version of SpikingJelly, and our codes run faster than the origin codes.

Define The Network

The paper’¢ 2 | yse a general structure to build SNNs for different datasets, which is shown in the following figure:

t=20 X, 00\
t=1 X, ol\
t=
t=T-1 XT\\ 0,
1 1
Input ' Spiking Encoder ' Classifier - Output

Neonv = 1, Ngown = 5, Ny, = 2 for the DVS128 Gesture dataset.

The detailed network structure is {cl28k3sl-BN-LIF-MPk2s2}*5-DP-FC512-LIF-DP-FCI110-LIF-APk10s10}, where
APkI0s10 is an additional voting layer.

The meanings of symbol are:

c128k3sl: torch.nn.Conv2d(in_channels, out_channels=128, kernel_size=3,

padding=1)
BN:torch.nn.BatchNorm2d (128)
MPk2s2: torch.nn.MaxPool2d (2, 2)

DP: spikingjelly.clock_driven.layer.Dropout (0.5)
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FC512: torch.nn.Linear (in_features, out_features=512
APklOsI0: torch.nn.AvgPoolld (2, 2)

For simplicity, we firstly implement the network by the step-by-step mode:

class VotingLayer (nn.Module) :
def _ init_ (self, voter_num: int):
super () .__init__ ()
self.voting = nn.AvgPoolld(voter_num, voter_num)
def forward(self, x: torch.Tensor):
# x.shape = [N, voter_num * C]
# ret.shape = [N, C]

return self.voting(x.unsqueeze (1)) .squeeze (1)

class PythonNet (nn.Module) :

def _ init_ (self, channels: int):
super () .__init__ ()
conv = []

conv.extend (PythonNet.conv3x3 (2, channels))
conv.append (nn.MaxPool2d (2, 2))
for i in range(4):
conv.extend (PythonNet .conv3x3 (channels, channels))
conv.append (nn.MaxPool2d (2, 2))
self.conv = nn.Sequential (*conv)
self.fc = nn.Sequential (
nn.Flatten (),
layer.Dropout (0.5),
nn.Linear (channels * 4 * 4, channels * 2 * 2, bias=False),
neuron.LIFNode (tau=2.0, surrogate_function=surrogate.ATan(), detach_
—reset=True),
layer.Dropout (0.5),
nn.Linear (channels * 2 * 2, 110, bias=False),
neuron.LIFNode (tau=2.0, surrogate_function=surrogate.ATan (), detach_
—~reset=True)
)
self.vote = VotingLayer (10)

@staticmethod
def conv3x3(in_channels: int, out_channels):
return |
nn.Conv2d(in_channels, out_channels, kernel_size=3, padding=1, .
—~bias=False),
nn.BatchNorm2d (out_channels),
neuron.LIFNode (tau=2.0, surrogate_function=surrogate.ATan (), detach_

—~reset=True)

[y
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Forward and Loss
We set simulating time-steps as T, batch size as N, then the frames x from DataLoader will have x . shape=[N, T,
2, 128, 128]. We firstly convert x to shape=[T, N, 2, 128, 128].

Then, we send x[t] to the network, accumulate the output spikes and get the firing rate out_spikes / x.

shape [0], which is a tensor with shape=[N, 11].

def forward(self, x: torch.Tensor):
x = x.permute(l, 0, 2, 3, 4) # [N, T, 2, H, K w] -> [T, N, 2, H, W]
out_spikes = self.vote(self.fc(self.conv(x[0])))
for t in range(l, x.shapel[0O]):
out_spikes += self.vote(self.fc(self.conv(x[t])))

return out_spikes / x.shape[0]

The loss is defined by the MSE between firing rate and the label in one hot format:

for frame, label in train_data_loader:
optimizer.zero_grad/()
frame = frame.float () .to(args.device)

label = label.to(args.device)

label_onehot = F.one_hot (label, 11).float ()

out_fr = net (frame)
loss = F.mse_loss (out_fr, label_onehot)
loss.backward ()

optimizer.step ()

functional.reset_net (net)

Accelerate by CUDA Neurons and Layer-by-layer
If the reader is not familiar with propagation pattern in SpikingJelly, please read the previous tutorials: Propagation Pattern
and Accelerate with CUDA-Enhanced Neuron and Layer-by-Layer Propagation.

We have built the net in the step-by-step model, whose codes are user-friendly but run slower. Now let us re-write the net

in the layer-by-layer mode with CUDA neurons:

import cupy

class CextNet (nn.Module) :

[y
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def _ init_ (self, channels: int):
super () .__init__ ()
conv = []

conv.extend (CextNet.conv3x3 (2, channels))
conv.append (layer.SeqgToANNContainer (nn.MaxPool2d (2, 2)))
for i in range (4):
conv.extend (CextNet.conv3x3 (channels, channels))
conv.append (layer.SeqToANNContainer (nn.MaxPool2d (2, 2)))
self.conv = nn.Sequential (*conv)
self.fc = nn.Sequential (
nn.Flatten(2),
layer.MultiStepDropout (0.5),
layer.SegToANNContainer (nn.Linear (channels * 4 * 4, channels * 2 * 2,
—~bias=False)),
neuron.MultiStepLIFNode (tau=2.0, surrogate_function=surrogate.ATan(), .
—detach_reset=True, backend='cupy'),
layer.MultiStepDropout (0.5),
layer.SegToANNContainer (nn.Linear (channels * 2 * 2, 110, bias=False)),
neuron.MultiStepLIFNode (tau=2.0, surrogate_function=surrogate.ATan(),_
—detach_reset=True, backend='cupy')

)
self.vote = VotingLayer (10)

def forward(self, x: torch.Tensor):
X = x.permute (1, 0, 2, 3, 4) # [N, T, 2, H, W] -> [T, N, 2, H, W]
out_spikes = self.fc(self.conv(x)) # shape = [T, N, 110]

return self.vote (out_spikes.mean(0))

@staticmethod
def conv3x3(in_channels: int, out_channels):
return [
layer.SegToANNContainer (
nn.Conv2d(in_channels, out_channels, kernel_size=3, padding=1, .
—bias=False),
nn.BatchNorm2d (out_channels),
)
neuron.MultiStepLIFNode (tau=2.0, surrogate_function=surrogate.ATan(), .
—detach_reset=True, backend='cupy')

]

We can find that the two kind of models are similar. All stateless layers, e,g, Conv2d, will be contained in layer.

SeqToANNContainer. The forward function is defined easily:

264 Chapter 7. Welcome to SpikingJdelly’ s documentation




spikingjelly, % fTha4 alpha

def forward(self, x: torch.Tensor):
X = x.permute(l, 0, 2, 3, 4) # [N, T, 2, H W] -> [T, N, 2, H, W]
out_spikes = self.fc(self.conv(x)) # shape = [T, N, 110]

return self.vote (out_spikes.mean (0))

Code Details

We add more arguments:

parser = argparse.ArgumentParser (description='Classify DVS128 Gesture')
parser.add_argument ('-T', default=16, type=int, help='simulating time-steps')
parser.add_argument ('-device', default='cuda:0', help='device')
parser.add_argument ('-b', default=16, type=int, help='batch size')
parser.add_argument ('-epochs', default=64, type=int, metavar='N"',

help="number of total epochs to run')
parser.add_argument ('-7', default=4, type=int, metavar='N',

help="number of data loading workers (default: 4)")
parser.add_argument ('-channels', default=128, type=int, help='channels of Conv2d in.
—SNN")

parser.add_argument ('-data_dir', type=str, help='root dir of DVS128 Gesture dataset')

parser.add_argument ('-out_dir', type=str, help='root dir for saving logs and.
—checkpoint')

parser.add_argument ('-resume', type=str, help='resume from the checkpoint path'")
parser.add_argument ('-amp', action='store_true', help='automatic mixed precision.
—training')

parser.add_argument ('-cupy', action='store_true', help='use CUDA neuron and multi-

—step forward mode')

parser.add_argument ('-opt', type=str, help='use which optimizer. SDG or Adam')
parser.add_argument ('-1r', default=0.001, type=float, help='learning rate')
parser.add_argument ('-momentum', default=0.9, type=float, help='momentum for SGD'")
parser.add_argument ('-1r_scheduler', default='CosALR', type=str, help='use which.
—schedule. StepLR or CosALR')

parser.add_argument ('-step_size', default=32, type=float, help='step_size for StepLR')
parser.add_argument ('-gamma', default=0.1, type=float, help='gamma for StepLR'")

parser.add_argument ('-T_max', default=32, type=int, help='T_max for CosineAnnealingLR

")

Using automatic mixed precision (AMP) can accelerate training and reduce memory consumption:

if args.amp:

ET W)
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with amp.autocast () :
out_fr = net (frame)
loss = F.mse_loss (out_fr, label_onehot)

scaler.scale(loss) .backward()
scaler.step (optimizer)
scaler.update ()

else:
out_fr = net (frame)
loss = F.mse_loss (out_fr, label_onehot)
loss.backward()

optimizer.step()

We can also resume from a check point:

if args.resume:
checkpoint = torch.load(args.resume, map_location='cpu')
net.load_state_dict (checkpoint['net'])
optimizer.load_state_dict (checkpoint['optimizer'])
lr_scheduler.load_state_dict (checkpoint['lr_ scheduler'])
start_epoch = checkpoint|['epoch'] + 1

max_test_acc = checkpoint|['max_test_acc']

for epoch in range (start_epoch, args.epochs):

# train...

# test...

checkpoint = {
'net': net.state_dict (),
'optimizer': optimizer.state_dict(),
"lr_scheduler': lr_scheduler.state_dict (),
'epoch': epoch,

'max_test_acc': max_test_acc

torch.save (checkpoint, os.path.join(out_dir, 'checkpoint_latest.pth'))
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Star Training

The complete codes are available at spikingjelly.clock_driven.examples.classify_dvsg.

We train the net in a linux server with Intel(R) Xeon(R) Gold 6148 CPU @ 2.40GHz CPU and GeForce RTX 2080 Ti

¢ 260. 1 with little difference, which is we use

GPU. We use almost the same hyper-parameters with those in the paper™
T=16 because our GeForce RTX 2080 Ti only has 12GB memory, while the paper uses T=20. Besides, we use AMP to

accelerate, which may cause slightly worse accuracy than the full precision training.

Let us try to train the step-by-step network:

(test—env) root@de41£92009cf3011eb0ac59057a81652d2d0-fangwl714-0:/userhome/test#._
—python -m spikingjelly.clock_driven.examples.classify_dvsg -data_dir /userhome/
—datasets/DVS128Gesture —-out_dir ./logs —amp -opt Adam -device cuda:0 -lr_scheduler.
—~CosALR -T_max 64 —epochs 256
Namespace (T=16, T_max=64, amp=True, b=16, cupy=False, channels=128, data_dir='/
—userhome/datasets/DVS128Gesture', device='cuda:0', epochs=256, gamma=0.1, Jj=4, 1r=0.
—001, lr_scheduler='CosALR', momentum=0.9, opt='Adam', out_dir='./logs', resume=None,
— step_size=32)
PythonNet (
(conv) : Sequential (
(0): Conv2d(2, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
(1) : BatchNorm2d (128, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
(2) : LIFNode (
v_threshold=1.0, v_reset=0.0, tau=2.0
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(3) : MaxPool2d(kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=False)
(4) : Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),-
—~bias=False)
(5): BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(6) : LIFNode (
v_threshold=1.0, v_reset=0.0, tau=2.0
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(7) : MaxPool2d (kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=False)
(8): Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),-
—bias=False)
(9) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running
—stats=True)
(10) : LIFNode (
v_threshold=1.0, v_reset=0.0, tau=2.0

(surrogate_function): ATan (alpha=2.0, spiking=True)

[CaN)
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)
(11) : MaxPool2d (kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=False)
(12) : Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(13) : BatchNorm2d (128, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
(14) : LIFNode (
v_threshold=1.0, v_reset=0.0, tau=2.0
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(15) : MaxPool2d (kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=False)
(16) : Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),-
—bias=False)
(17) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running
—stats=True)
(18) : LIFNode (
v_threshold=1.0, v_reset=0.0, tau=2.0
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(19) : MaxPool2d (kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=False)
)
(fc): Sequential (
(0): Flatten(start_dim=1, end_dim=-1)
(1) : Dropout (p=0.5)
(2) : Linear (in_features=2048, out_features=512, bias=False)
(3) : LIFNode (
v_threshold=1.0, v_reset=0.0, tau=2.0
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(4): Dropout (p=0.5)
(5): Linear (in_features=512, out_features=110, bias=False)
(6) : LIFNode (
v_threshold=1.0, v_reset=0.0, tau=2.0

(surrogate_function): ATan (alpha=2.0, spiking=True)

)
(vote) : VotingLayer (
(voting) : AvgPoolld(kernel_ size=(10,), stride=(10,), padding=(0,))

)
The directory [/userhome/datasets/DVS128Gesture/frames_number_16_split_by_number].
—already exists.

The directory [/userhome/datasets/DVS128Gesture/frames_number_16_split_by_number].

(AN
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—already exists.

Mkdir ./logs/T_16_b_16_c_128_Adam_lr_0.001_CosALR_64_amp.

Namespace (T=16, T_max=64, amp=True, b=16, cupy=False, channels=128, data_dir="'/
—userhome/datasets/DVS128Gesture', device='cuda:0', epochs=256, gamma=0.1, 7j=4, 1r=0.
—001, 1lr_scheduler='CosALR', momentum=0.9, opt='Adam', out_dir='./logs', resume=None,
— step_size=32)

epoch=0, train_1loss=0.06680945929599134, train_acc=0.4032534246575342, test_loss=0.
—04891310722774102, test_acc=0.6180555555555556, max_test _acc=0.6180555555555556, ..
—total time=27.759592294692993

It takes 27.76s to finish an epoch. We stop it and train the faster network:

(test—env) root@de41£92009cf3011eb0ac59057a81652d2d0-fangwl1714-0:/userhome/test#._
—python -m spikingjelly.clock_driven.examples.classify_dvsg -data_dir /userhome/
—datasets/DVS128Gesture -out_dir ./logs —amp -opt Adam -device cuda:0 -lr_scheduler.
—CosALR -T_max 64 -cupy -—epochs 256
Namespace (T=16, T_max=64, amp=True, b=16, cupy=True, channels=128, data _dir='/
—userhome/datasets/DVS128Gesture', device='cuda:0', epochs=256, gamma=0.1, 7J=4, 1r=0.
—~001, 1lr_scheduler='CosALR', momentum=0.9, opt='Adam', out_dir='./logs', resume=None,
— step_size=32)
CextNet (
(conv) : Sequential (
(0) : SeqToANNContainer (
(module) : Sequential (
(0): Conv2d (2, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),o
—bias=False)
(1) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
)
)
(1): MultiStepLIFNode (v_threshold=1.0, v_reset=0.0, detach_reset=True, surrogate_
—function=ATan, alpha=2.0 tau=2.0)
(2): SeqToANNContainer (
(module) : MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil
—mode=False)
)
(3): SeqToANNContainer (
(module) : Sequential (
(0): Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(1) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)

)

(AN

1
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(4) : MultiStepLIFNode (v_threshold=1.0, v_reset=0.0, detach_reset=True, surrogate_
—function=ATan, alpha=2.0 tau=2.0)
(5): SeqToANNContainer (
(module) : MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil_
—mode=False)
)
(6) : SeqToANNContainer (
(module) : Sequential (
(0): Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(1) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
)
)
(7): MultiStepLIFNode (v_threshold=1.0, v_reset=0.0, detach_reset=True, surrogate_
—function=ATan, alpha=2.0 tau=2.0)
(8): SeqToANNContainer (
(module) : MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil
—mode=False)
)
(9) : SeqToANNContainer (
(module) : Sequential (
(0): Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(1) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_ running_
—stats=True)
)
)
(10) : MultiStepLIFNode (v_threshold=1.0, v_reset=0.0, detach_reset=True, surrogate_
—function=ATan, alpha=2.0 tau=2.0)
(11): SeqgToANNContainer (
(module) : MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil__
—mode=False)
)
(12) : SeqgToANNContainer (
(module) : Sequential (
(0): Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(1) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
)
)
(13): MultiStepLIFNode (v_threshold=1.0, v_reset=0.0, detach_reset=True, surrogate_

[Cayl
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—function=ATan, alpha=2.0 tau=2.0)
(14) : SeqToANNContainer (
(module) : MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil_
—mode=False)
)
)
(fc): Sequential (
(0): Flatten(start_dim=2, end_dim=-1)
(1): MultiStepDropout (p=0.5)
(2): SeqToANNContainer (
(module) : Linear (in_features=2048, out_features=512, bias=False)
)
(3): MultiStepLIFNode (v_threshold=1.0, v_reset=0.0, detach_reset=True, surrogate_
—function=ATan, alpha=2.0 tau=2.0)
(4) : MultiStepDropout (p=0.5)
(5): SeqToANNContainer (
(module) : Linear (in_features=512, out_features=110, bias=False)
)
(6): MultiStepLIFNode (v_threshold=1.0, v_reset=0.0, detach_reset=True, surrogate_
—function=ATan, alpha=2.0 tau=2.0)
)
(vote) : VotingLayer (
(voting) : AvgPoolld (kernel size=(10,), stride=(10,), padding=(0,))

)

The directory [/userhome/datasets/DVS128Gesture/frames_number_16_split_by_number].
—already exists.

The directory [/userhome/datasets/DVS128Gesture/frames_number_16_split_by_number].
—already exists.

Mkdir ./logs/T_16_lb_16_c_128_Adam_lr_0.001_CosALR_64_amp_cupy.

Namespace (T=16, T_max=64, amp=True, b=16, cupy=True, channels=128, data_dir='/
—userhome/datasets/DVS128Gesture', device='cuda:0', epochs=256, gamma=0.1, 7j=4, 1r=0.
001, 1lr_scheduler='CosALR', momentum=0.9, opt='Adam', out_dir='./logs', resume=None,
— step_size=32)

epoch=0, train_loss=0.06690179117738385, train_acc=0.4092465753424658, test_loss=0.
—049108295158172645, test _acc=0.6145833333333334, max_test_acc=0.6145833333333334,
—total time=18.169376373291016

Namespace (T=16, T_max=64, amp=True, b=16, cupy=True, channels=128, data _dir='/
—userhome/datasets/DVS128Gesture', device='cuda:0', epochs=256, gamma=0.1, 7J=4, 1r=0.

001, lr_scheduler='CosALR', momentum=0.9, opt='Adam', out_dir='./logs', resume=None,

Gy
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— step_size=32)
epoch=255, train_loss=0.00021228195577325645, train_acc=1.0, test_loss=0.
—008522209396485576, test acc=0.9375, max_test acc=0.9618055555555556, total time=17.
—49005389213562

It takes 18.17s to finish an epoch, which is much faster. After 256 epochs, we will get the maximum accuracy 96.18%.

The logs curves during training are:
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7.1.15 Recurrent Connections and Stateful Synapses

Author: fangweil23456

Recurrent Connections

The recurrent connections connect a module’ s outputs to its inputs. For example,' uses a SRNN(recurrent networks of

spiking neurons), which is shown in the following figure:

1'Yin B, Corradi F, Bohté S M. Effective and efficient computation with multiple-timescale spiking recurrent neural networks[C]//International

Conference on Neuromorphic Systems 2020. 2020: 1-8.
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It is easy to use Spikinglelly to implement the recurrent module. Considering a simple case that we add a connec-

tion to make the neuron’ s outputs s[t] at time-step ¢ can add with external inputs x[t + 1] at time-step ¢ + 1. Tt
can be implemented by spikingjelly.clock_driven.layer.ElementiWiseRecurrentContainer.
ElementWiseRecurrentContainer is a container that add a recurrent connection to the contained
sub_module. The connection is a user-defined element-wise function z = f(x,y). Denote the inputs and outputs
of sub_module as i[t] and y[t] (Note that y[t] is also the outputs of this module), and the inputs of this module as x[t],
then

where f is the user-defined element-wise function. We set y[—1] = 0.

Letususe ElementWiseRecurrentContainer to contain a IF neuron, and set the element-wise function as add:
i[t] = z[t] + y[t — 1].

We use soft reset, and give the inputs as z[t] = [1.5,0, ..., 0]:

T =38
def element_wise_add(x, vy):
return x + y
net = ElementWiseRecurrentContainer (neuron.IFNode (v_reset=None), element_wise_add)
print (net)

X = torch.zeros ([T])

[y
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x[0] = 1.5
for t in range(T):

print (t, f£'x[t]={x[t]}, s[tl={net(x[t])}")

functional.reset_net (net)

The outputs are:

ElementWiseRecurrentContainer (
element-wise function=<function element_wise_add at 0x000001FEOF7968B0>
(sub_module) : IFNode (
v_threshold=1.0, v_reset=None, detach_ reset=False

(surrogate_function): Sigmoid(alpha=1.0, spiking=True)

0 x[t]=1.5, s[t]=1.0
1 x[t]=0.0, s[t]=1.0
2 x[t]=0.0, s[t]=1.0
3 x[t]=0.0, s[t]=1.0
4 x[t]=0.0, s[t]=1.0
5 x[t]=0.0, s[t]=1.0
6 x[t]=0.0, s[t]=1.0
7 x[t]=0.0, s[t]=1.0

We can find that due to the recurrent connection, even if x[t] = 0 when ¢ > 1, the neuron can still fire because its output

spike is fed back as input.

We can use spikingjelly.clock_driven.layer.LinearRecurrentContainer to implement a more

complex recurrent connections.

Stateful Synapses

23

There are many papers using stateful synapses, e.g.,””. We can put spikingjelly.clock_driven.layer.

SynapseF1ilter after a stateless synapse to get the stateful synapse:

stateful_conv = nn.Sequential (
nn.Conv2d (3, 16, kernel_size=3, padding=1, stride=1),
SynapseFilter (tau=100, learnable=True)

2 Diehl P U, Cook M. Unsupervised learning of digit recognition using spike-timing-dependent plasticity[J]. Frontiers in computational neuroscience,
2015, 9: 99.

3 Fang H, Shrestha A, Zhao Z, et al. Exploiting Neuron and Synapse Filter Dynamics in Spatial Temporal Learning of Deep Spiking Neural
Network[J].
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Ablation Study On Sequential FashionMNIST

Now we do a smple exmperiment on Sequential FashionMNIST to check whether recurrent connections and stateful
synapses can promote the network’ s temporal information fitting ability. Sequential FashionMNIST is using Fashion-

MNIST as input row-by-row

or column-by-column, rather than the whole image. Consequentially, the network classify Sequential Fash-
ionMNIST correctly

only when it can learn long-term dependencies. We will feed the image column-by-column, which is same with reading

texts from left to right. Here is the example:

The following gif shows the column being read:
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First, let us import packages:

import torch

import torch.nn as nn

import torch.nn.functional as F

import torchvision.datasets

from spikingjelly.clock_driven.model import train_classify

from spikingjelly.clock_driven import neuron, surrogate, layer

from spikingjelly.clock_driven. functional import seq_to_ann_forward
from torchvision import transforms

import os, argparse

try:
import cupy
backend = 'cupy'
except ImportError:

backend = 'torch'

Now let us define a plain feedforward network Net:

class Net (nn.Module) :
def _ init_ (self):
super () .__init__ ()

self.fcl = nn.Linear (28, 32)

self.snl = neuron.MultiStepIFNode (surrogate_function=surrogate.ATan(),

—reset=True, backend=backend)

self.fc2 = nn.Linear (32, 10)

self.sn2 = neuron.MultiStepIFNode (surrogate_function=surrogate.ATan(),

detach_

detach_

[Cayl
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—reset=True, backend=backend)

def forward(self, x: torch.Tensor):
# x.shape = [N, C, H, W]
x.squeeze_ (1) # [N, H, W]
X = x.permute(2, 0, 1) # [W, N, H]

x = seq_to_ann_forward(x, self.fcl)
x = self.snl (x)
x = seq_to_ann_forward(x, self.fc2)
x = self.sn2(x)

return x.mean (0)

Weadd spikingjelly.clock_driven.layer.SynapseF1ilter after the first spiking neurons layer and get
StatefulSynapseNet:

class StatefulSynapseNet (nn.Module) :
def _ init_ (self):

super () .__init__ ()

self.fcl = nn.Linear (28, 32)

self.snl = neuron.MultiStepIFNode (surrogate_function=surrogate.ATan(), detach_
—reset=True, backend=backend)

self.syl = layer.MultiStepContainer (layer.SynapseFilter (tau=2.,.
—learnable=True))

self.fc2 = nn.Linear (32, 10)

self.sn2 = neuron.MultiStepIFNode (surrogate_function=surrogate.ATan (), detach_

—reset=True, backend=backend)

def forward(self, x: torch.Tensor):
# x.shape = [N, C, H, W]
x.squeeze_ (1) # [N, H, W]
x = x.permute (2, 0, 1) # [wW, N, H]
x = self.fcl(x)
x = self.snl (x)
x = self.syl (x)
x = self.fc2(x)
x = self.sn2(x)

return x.mean (0)

We add a recurrent connection spikingjelly.clock_driven.layer.LinearRecurrentContainer

from the first spiking neurons layer’ s output to itself and get FeedBackNet:

class FeedBackNet (nn.Module) :
def _ init__ (self):

super () .__init__ ()

[y
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self.fcl = nn.Linear (28, 32)
self.snl = layer.MultiStepContainer (
layer.LinearRecurrentContainer (
neuron.IFNode (surrogate_function=surrogate.ATan (), detach_reset=True),

32, 32

)
self.fc2 = nn.Linear (32, 10)
self.sn2 = neuron.MultiStepIFNode (surrogate_function=surrogate.ATan (), detach_

—reset=True, backend=backend)

def forward(self, x: torch.Tensor):
# x.shape = [N, C, H, W]
x.squeeze_ (1) # [N, H, W]
x = x.permute (2, 0, 1) # [W, N, H]
x = seq_to_ann_forward(x, self.fcl)
x = self.snl (x)
x = seq_to_ann_forward(x, self.fc2)
x = self.sn2(x)

return x.mean (0)

The following figure shows the three networks:

Image Column Image Column Image Column

Concatenate

Recurrent FC

Synapse Filter

Plain Stateful Synapse Feedback

The complete codes are available at spikingjelly.clock_driven.examples.rsnn_sequential_fmnist. We can run it in console,

and the running arguments are
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(pytorch—env) PS C:/Users/fw> python -m spikingjelly.clock_driven.examples.rsnn_

—sequential_fmnist --h
usage: rsnn_sequential_fmnist.py [-h] [-—-data-path DATA_PATH] [--device DEVICE] [-b.
—BATCH_SIZE] [-—-epochs N] [-J NJ
[-—1lr LR] [--opt OPT] [--lrs LRS] [-—-step-size STEP_
—SIZE] [—-—-step—-gamma STEP_GAMMA ]
[-—cosa—-tmax COSA_TMAX] [—--momentum M] [—--wd W] [—-—
—output-dir OUTPUT_DIR]
[-—resume RESUME] [—--start-epoch N] [—-—-cache-
—dataset] [—-—amp] [--tb] [-—-model MODEL]
PyTorch Classification Training
optional arguments:
-h, —--help show this help message and exit
——data-path DATA_PATH
dataset
—-—device DEVICE device

-b BATCH_SIZE, --batch-size BATCH_SIZE

—-—epochs N number of total epochs to run

-j N, —--workers N number of data loading workers (default: 16

--1lr LR initial learning rate

-—-opt OPT optimizer (sgd or adam)

--1lrs LRS lr schedule (cosa(CosineAnnealingLR), step(StepLR)) or None

—-—step-size STEP_SIZE
step_size for StepLR
—-—step—gamma STEP_GAMMA
gamma for StepLR
——cosa—-tmax COSA_TMAX
T_max for CosineAnnealingLR. If none, it will be set to epochs
——momentum M Momentum for SGD
--wd W, —--weight-decay W
weight decay (default: 0)
—-—-output-dir OUTPUT_DIR

path where to save

—-—resume RESUME resume from checkpoint
—-—start-epoch N start epoch
—--cache-dataset Cache the datasets for quicker initialization. It also.

—»serializes the transforms

——amp Use AMP training
-—tb Use TensorBoard to record logs
—-model MODEL "plain", "feedback", or "stateful-synapse"

Let us train the three networks:
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python -m spikingjelly.clock_driven.examples.rsnn_sequential_fmnist —--data-path /raid/

—wfang/datasets/FashionMNIST —--tb --device cuda:0 --amp --model plain

python -m spikingjelly.clock_driven.examples.rsnn_sequential_fmnist —--data-path /raid/

—wfang/datasets/FashionMNIST --tb --device cuda:1 —--amp --model feedback

python -m spikingjelly.clock_driven.examples.rsnn_sequential_fmnist --data-path /raid/

—wfang/datasets/FashionMNIST —--tb --device cuda:2 —--amp --model stateful-synapse

The train loss is:

Train loss
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The train accuracy is:
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The test accuracy is:
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We can find that both feedback and stateful-synapse have higher accuracy than plain, indicating that recur-

rent connections and stateful synapses can promote the network’ s ability to learn long-term dependencies.

7.1.16 Train Large-Scale SNN

Author: fangweil23456

Use networks from spikingjelly.clock_driven.model
spikingjelly.clock_driven.model provides some classic networks. We use spikingjelly.
clock_driven.model.spiking_resnet asthe example to show how to use them.

Most of networks in spikingjelly.clock_driven.model have two version: single-step and multi-step. We

can create a single-step Spiking ResNet-18' like this:

import torch

import torch.nn.functional as F

GANTY

! He, Kaiming, et al. “Deep residual learning for image recognition.” Proceedings of the IEEE conference on computer vision and pattern

recognition. 2016.
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from spikingjelly.clock_driven import neuron, surrogate, functional
from spikingjelly.clock_driven.model import spiking_resnet
net = spiking_resnet.spiking_resnetl8 (pretrained=False, progress=True, single_step_
—neuron=neuron.IFNode, v_threshold=1., surrogate_function=surrogate.ATan())
print (net)
As the arguments in spiking_resnetl18 (pretrained=False, progress=True,

single_step_neuron: callable=None, **kwargs), single_step_neuron is the single-step
neuron, and **kwargs are args for the neuron. If we set pretrained=True, the Spiking ResNet-18 will load

pre-trained parameters from ResNet-18 (ANN, rather than SNN). The outputs are:

SpikingResNet (

(convl): Conv2d (3, 64, kernel_size=(7, 7), stride=(2, 2), padding=(3, 3),-
—bias=False)

(bnl) : BatchNorm2d (64, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)

(snl): IFNode (

v_threshold=1.0, v_reset=0.0, detach_reset=False

(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(maxpool) : MaxPool2d(kernel size=3, stride=2, padding=1, dilation=1, ceil
—mode=False)
(layerl): Sequential (
(0) : BasicBlock (
(convl): Conv2d (64, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (64, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(snl): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan(alpha=2.0, spiking=True)
)
(conv2): Conv2d (64, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),-
—~bias=False)
(bn2) : BatchNorm2d (64, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False

(surrogate_function): ATan (alpha=2.0, spiking=True)

(1) : BasicBlock (
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(convl): Conv2d (64, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),-
—bias=False)
(bnl) : BatchNorm2d (64, eps=1e-05, momentum=0.1, affine=True, track_running
—stats=True)
(snl): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(conv2): Conv2d (64, 64, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),-
—bias=False)
(bn2) : BatchNorm2d (64, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2) : IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False

(surrogate_function): ATan (alpha=2.0, spiking=True)

)
(layer2): Sequential (
(0) : BasicBlock (
(convl): Conv2d (64, 128, kernel_size=(3, 3), stride=(2, 2), padding=(1, 1),-
—bias=False)
(bnl) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
(snl): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan(alpha=2.0, spiking=True)
)
(conv2): Conv2d (128, 128, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
(sn2): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(downsample) : Sequential (
(0): Conv2d (64, 128, kernel_size=(1, 1), stride=(2, 2), bias=False)
(1) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
)
)
(1) : BasicBlock (

(AN
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(convl): Conv2d (128, 128, kernel_ size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running
—stats=True)
(snl): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(conv2): Conv2d (128, 128, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2) : IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False

(surrogate_function): ATan (alpha=2.0, spiking=True)

)
(layer3) : Sequential (
(0) : BasicBlock (
(convl): Conv2d (128, 256, kernel_size=(3, 3), stride=(2, 2), padding=(1, 1),
—~bilas=False)
(bnl) : BatchNorm2d (256, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
(snl): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan(alpha=2.0, spiking=True)
)
(conv2): Conv2d (256, 256, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (256, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
(sn2): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(downsample) : Sequential (
(0): Conv2d (128, 256, kernel_size=(1, 1), stride=(2, 2), bias=False)
(1) : BatchNorm2d (256, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
)
)
(1) : BasicBlock (

(AN
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(convl): Conv2d (256, 256, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),-
—bias=False)
(bnl) : BatchNorm2d (256, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
(snl): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(conv2): Conv2d (256, 256, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (256, eps=1le-05, momentum=0.1, affine=True, track_running
—stats=True)
(sn2) : IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False

(surrogate_function): ATan (alpha=2.0, spiking=True)

)
(layer4) : Sequential (
(0) : BasicBlock (
(convl): Conv2d (256, 512, kernel_size=(3, 3), stride=(2, 2), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
(snl): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan(alpha=2.0, spiking=True)
)
(conv2): Conv2d (512, 512, kernel_ size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_running
—stats=True)
(sn2): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(downsample) : Sequential (
(0): Conv2d (256, 512, kernel_size=(1, 1), stride=(2, 2), bias=False)
(1) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
)
)
(1) : BasicBlock (
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(convl): Conv2d (512, 512, kernel_ size=(3, 3), stride=(1, 1), padding=(1, 1),-
—bias=False)
(bnl) : BatchNorm2d (512, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
(snl): IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(conv2): Conv2d (512, 512, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2) : IFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False

(surrogate_function): ATan (alpha=2.0, spiking=True)

)
(avgpool) : AdaptiveAvgPool2d (output size=(1, 1))

(fc): Linear (in_features=512, out_features=1000, bias=True)

The inputs of single-step network do not contain the time dimension. We need to give inputs at each time-step to the

network:

net = spiking_resnet.spiking_resnetl8 (pretrained=False, progress=True, single_step_
—neuron=neuron.IFNode, v_threshold=1., surrogate_function=surrogate.ATan())
T =4
N = 2
x = torch.rand ([T, N, 3, 224, 224])
fr = 0.
with torch.no_grad() :

for t in range(T):

fr += net(x[t])
fr /=T

print ('firing rate =', fr)

To build a multi-step network, we should use spikingjelly.clock_driven.model.spiking_resnet.
multi_step_spiking_resnetl$, rather than spikingjelly.clock_driven.model.

spiking resnet.spiking resnet18, and use the multi-step neuron:

net_ms = spiking_resnet.multi_step_spiking_resnetl8 (pretrained=False, progress=True, .
—multi_step_neuron=neuron.MultiStepIFNode, v_threshold=1., surrogate_

—function=surrogate.ATan (), backend='torch'")

[y
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print (net_ms)

The outputs are:

MultiStepSpikingResNet (
(convl): Conv2d (3, 64, kernel_size=(7, 7), stride=(2, 2), padding=(3, 3),
—bias=False)
(bnl) : BatchNorm2d (64, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(snl): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(maxpool) : MaxPool2d (kernel size=3, stride=2, padding=1, dilation=1, ceil
—mode=False)
(layerl): Sequential (
(0): MultiStepBasicBlock (
(convl): Conv2d (64, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (64, eps=1e-05, momentum=0.1, affine=True, track_running
—stats=True)
(snl): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan (alpha=2.0, spiking=True)

)
(conv2): Conv2d (64, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),

—bias=False)
(bn2) : BatchNorm2d (64, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2) : MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy

(surrogate_function): ATan (alpha=2.0, spiking=True)

)
(1) : MultiStepBasicBlock (
(convl): Conv2d (64, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (64, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
(snl): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan(alpha=2.0, spiking=True)

)
(conv2): Conv2d (64, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
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—bias=False)
(bn2) : BatchNorm2d (64, eps=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2) : MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy

(surrogate_function): ATan(alpha=2.0, spiking=True)

)
(layer2): Sequential (
(0): MultiStepBasicBlock (
(convl): Conv2d (64, 128, kernel_size=(3, 3), stride=(2, 2), padding=(1, 1),-
—bias=False)
(bnl) : BatchNorm2d (128, eps=1e-05, momentum=0.1, affine=True, track_ running
—stats=True)
(snl): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(conv2): Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2) : MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(downsample) : Sequential (
(0): Conv2d (64, 128, kernel_size=(1, 1), stride=(2, 2), bias=False)
(1) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
)
)
(1): MultiStepBasicBlock (
(convl): Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running
—stats=True)
(snl): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan(alpha=2.0, spiking=True)
)
(conv2): Conv2d (128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
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—bias=False)
(bn2) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2) : MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy

(surrogate_function): ATan(alpha=2.0, spiking=True)

)
(layer3): Sequential (
(0): MultiStepBasicBlock (
(convl): Conv2d (128, 256, kernel size=(3, 3), stride=(2, 2), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (256, eps=1e-05, momentum=0.1, affine=True, track_ running
—stats=True)
(snl): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(conv2): Conv2d (256, 256, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bn2) : BatchNorm2d (256, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2) : MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(downsample) : Sequential (
(0): Conv2d (128, 256, kernel_size=(1, 1), stride=(2, 2), bias=False)
(1) : BatchNorm2d (256, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
)
)
(1): MultiStepBasicBlock (
(convl): Conv2d (256, 256, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (256, eps=1le-05, momentum=0.1, affine=True, track_running
—stats=True)
(snl): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan(alpha=2.0, spiking=True)
)
(conv2): Conv2d (256, 256, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
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—bias=False)
(bn2) : BatchNorm2d (256, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2) : MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy

(surrogate_function): ATan(alpha=2.0, spiking=True)

)
(layerd): Sequential (
(0): MultiStepBasicBlock (
(convl): Conv2d (256, 512, kernel size=(3, 3), stride=(2, 2), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_ running_
—stats=True)
(snl): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(conv2): Conv2d (512, 512, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),-
—bias=False)
(bn2) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2) : MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
(downsample) : Sequential (
(0) : Conv2d (256, 512, kernel_size=(1, 1), stride=(2, 2), bias=False)
(1) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
)
)
(1): MultiStepBasicBlock (
(convl): Conv2d (512, 512, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
—bias=False)
(bnl) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_running
—stats=True)
(snl): MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan(alpha=2.0, spiking=True)
)
(conv2): Conv2d (512, 512, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1),
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—bias=False)
(bn2) : BatchNorm2d (512, eps=1le-05, momentum=0.1, affine=True, track_running_
—stats=True)
(sn2) : MultiStepIFNode (
v_threshold=1.0, v_reset=0.0, detach_reset=False, backend=cupy
(surrogate_function): ATan (alpha=2.0, spiking=True)
)
)
)
(avgpool) : AdaptiveAvgPool2d (output_size=(1, 1))
(fc): Linear (in_features=512, out_features=1000, bias=True)
)
The inputs for multi-step network should have the time dimension:
net = spiking_resnet.spiking_resnetl8 (pretrained=False, progress=True, single_step_
—neuron=neuron.IFNode, v_threshold=1.,
surrogate_function=surrogate.ATan())
=4
N = 2
x = torch.rand ([T, N, 3, 224, 224])
fr = 0.
with torch.no_grad() :
for t in range(T):
fr += net(x[t])
fr /=T
net_ms = spiking_resnet.multi_step_spiking_resnetl8 (pretrained=False, progress=True, .

—multi_step_neuron=neuron.MultiStepIFNode, v_threshold=1., surrogate_

—function=surrogate.ATan (), backend='torch')

net_ms.load_state_dict (net.state_dict ())
with torch.no_grad():
print ('mse of single/multi step network outputs', F.mse_loss (net_ms (x).mean (0),._

~fr))

However, this network also supports for inputs without time dimension, as long as we set T when building or after building

the network.

Setting T when building:

net_ms = spiking_resnet.multi_step_spiking_resnetl8 (pretrained=False, progress=True, .
—T=4, multi_step_neuron=neuron.MultiStepIFNode, v_threshold=1., surrogate_

—function=surrogate.ATan (), backend='torch'")
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Or setting T after building:

net_ms = spiking_resnet.multi_step_spiking_resnetl8 (pretrained=False, progress=True, .
—multi_step_neuron=neuron.MultiStepIFNode, v_threshold=1., surrogate_
—function=surrogate.ATan (), backend='torch'")

net_ms.T = 4

The network will repeat inputs in time dimension, which is same with we do it manually:

net_ms = spiking_resnet.multi_step_spiking_resnetl8 (pretrained=False, progress=True, .
—multi_step_neuron=neuron.MultiStepIFNode, v_threshold=1., surrogate_
—function=surrogate.ATan (), backend='torch')

T =4

N = 2

with torch.no_grad() :
X = torch.rand ([N, 3, 224, 2247)
yl = net_ms(x.unsqueeze(0) .repeat (T, 1, 1, 1, 1))
functional.reset_net (net_ms)
net_ms.T = T
y2 = net_ms (x)

print (F.mse_loss (yl, y2))

The outputs are:

tensor (0.)

However, it is more efficient to let network to repeat. Refer to Clock driven: Use convolutional SNN to identify Fashion-
MNIST for the reason.

Training on ImageNet

ImageNet” is a popular baseline dataset for computer version, which is challenging for SNNs. Spikinglelly provides a
code example to train on ImageNet, which is available at spikingjelly.clock_driven.model.train_imagenet .The example
is written by referring torchvision .We can use it to train our network on ImageNet after we build the network, loss and

how to calculate accuracy. Here is an example:

import torch

import torch.nn.functional as F

from spikingjelly.clock_driven.model import train_imagenet, spiking_resnet, train_
—~classify

from spikingjelly.clock_driven import neuron, surrogate

(A

2 Deng, Jia, et al. “Imagenet: A large-scale hierarchical image database.” 2009 IEEE conference on computer vision and pattern recognition.
IEEE, 2009.
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def ce_loss(x_seq: torch.Tensor, label: torch.Tensor):

# x_seq.shape = [T, N, C]

return F.cross_entropy (input=x_seqg.mean(0), target=label)
def cal_accl_accb(output, target):

return train_classify.default_cal_accl_acc5 (output.mean(0), target)
if name_ == '__main_ ':

net = spiking_resnet.multi_step_spiking_resnetl8(T=4, multi_step_neuron=neuron.

—MultiStepIFNode, surrogate_function=surrogate.ATan (), detach_reset=True, backend=
—'cupy")

args = train_imagenet.parse_args ()

train_imagenet.main (model=net, criterion=ce_loss, args=args, cal_accl_accb=cal_

—accl_acch)

Let us save these codes as resnet!8_imagenet.py. The running arguments are:

(pytorch-env) wfang@onebrain-dgx-al00-01:~/ssd/temp_dir$ python resnetl8_imagenet.py -
—h

[-—step—-gamma STEP_GAMMA] [—--cosa—-tmax COSA_TMAX] [—--
—momentum M] [--wd W] [--output-dir OUTPUT_DIR] [--resume RESUME] [--start-epoch N].
— [-—cache-dataset]

[-—sync-bn] [-—amp] [--world-size WORLD_SIZE] [--dist-url.
—DIST_URL] [—-—-tb] [--T T] [—-—-local_rank LOCAL_RANK]

PyTorch Classification Training

optional arguments:
-h, --help show this help message and exit
—-—data-path DATA_PATH
dataset
——device DEVICE device
-b BATCH_SIZE, —--batch-size BATCH_SIZE

——epochs N number of total epochs to run

-j N, —--workers N number of data loading workers (default: 16

--1lr LR initial learning rate

-—-opt OPT optimizer (sgd or adam)

-—-1lrs LRS 1lr schedule (cosa(CosineAnnealingLR), step(StepLR)) or None

—--step-size STEP_SIZE
step_size for StepLR
——step—-gamma STEP_GAMMA

[y
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gamma for StepLR
——cosa—-tmax COSA_TMAX

T_max for CosineAnnealingLR. If none, it will be set to

——momentum M Momentum for SGD
--wd W, —--weight-decay W

weight decay (default: 0)
——output-dir OUTPUT_DIR

path where to save

——resume RESUME resume from checkpoint
—-—start-epoch N start epoch
——-cache-dataset Cache the datasets for quicker initialization.

—serializes the transforms
—-—sync-bn Use sync batch norm
——amp Use AMP training
——world-size WORLD_SIZE
number of distributed processes
—-dist-url DIST_URL url used to set up distributed training
-—tb Use TensorBoard to record logs
--T T simulation steps

——local_rank LOCAL_RANK

It also.

epochs

Training on a GPU:

python resnetl18_imagenet.py —--data-path /raid/wfang/datasets/ImageNet —--1r 0.1 —-—-opt.

—~sgd --1lrs cosa ——amp —--tb —--device cuda:7

Training on multi-gpu:

python -m torch.distributed.launch --nproc_per_node=8 resnetl8_imagenet.py —--data-

—path /raid/wfang/datasets/ImageNet —--1lr 0.1 --opt sgd --lrs cosa —-—amp —-tb

7.2 Modules Docs

e APIs
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7.3 Indices and tables

¢ Index
¢ Module Index

 Search Page

7.4 Citation

If you use SpikingJelly in your work, please cite it as follows:

@misc{SpikingJelly,

title = {SpikingJdelly},

author = {Fang, Wei and Chen, Yangi and Ding, Jianhao and Chen, Ding and Yu,.
—~2Zhaofei and Zhou, Huihui and Tian, Yonghong and other contributors},

year = {2020},

howpublished = {\url{https://github.com/fangweil23456/spikingjelly}},

note = {Accessed: YYYY-MM-DD},

Note: To specify the version of framework you are using, the default value YYYY-MM-DD in the note field should be

replaced with the date of the last change of the framework you are using, i.e. the date of the latest commit.

Publications using SpikingJelly are recorded in Publications using SpikingJelly. If you use SpikingJelly in your paper,
you can also add it to this table by pull request.

7.5 About

Multimedia Learning Group, Institute of Digital Media (NELVT), Peking University and Peng Cheng Laboratory are the
main developers of SpikingJelly.

7.3. Indices and tables 299



https://github.com/fangwei123456/spikingjelly/blob/master/publications.md
https://pkuml.org/
http://www.szpclab.com/

spikingjelly, Z{ThRZ alpha

The list of developers can be found at contributors.

7.5.1 spikingjelly.clock_driven package

spikingjelly.clock_driven.examples package

Subpackages

spikingjelly.clock_driven.examples.common package

Submodules
spikingjelly.clock_driven.examples.common.multiprocessing_env module

spikingjelly.clock_driven.examples.common.multiprocessing_env.worker (remote, par-
ent_remote,

env_fn_wrapper)

class spikingjelly.clock_driven.examples.common.multiprocessing_env.VecEnv (num_envs,
ob-
ser-
va-
tion_space,
ac-

tion_space)
H: object
An abstract asynchronous, vectorized environment.
reset ()

Reset all the environments and return an array of observations, or a tuple of observation arrays. If step_async
is still doing work, that work will be cancelled and step_wait() should not be called until step_async() is

invoked again.
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step_async (actions)

Tell all the environments to start taking a step with the given actions. Call step_wait() to get the results of the

step. You should not call this if a step_async run is already pending.

step_wait ()

Wait for the step taken with step_async(). Returns (obs, rews, dones, infos):

¢ obs: an array of observations, or a tuple of

arrays of observations.
e rews: an array of rewards
* dones: an array of “episode done” booleans
* infos: a sequence of info objects

close ()

Clean up the environments’ resources.
step (actions)
class spikingjelly.clock_driven.examples.common.multiprocessing_env.CloudpickleWrapper (x)
H: object
Uses cloudpickle to serialize contents (otherwise multiprocessing tries to use pickle)

class spikingjelly.clock_driven.examples.common.multiprocessing_env.SubprocVecEnv (env_fns,

spaces=None

I vecEnv
envs: list of gym environments to run in subprocesses

step_async (actions)
step_wait ()

reset ()
reset_task ()

close ()
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Module contents

Submodules

spikingjelly.clock_driven.examples.A2C module

spikingjelly.clock_driven.examples.DQN_state module

class spikingjelly.clock_driven.examples.DQN_state.ReplayMemory (capacity)
H: object

push ( *args)

Saves a transition.

sample (batch_size)

class spikingjelly.clock_driven.examples.DQN_state.DQN (input_size, hidden_size,

output_size)
H: Module

forward (x)

training: bool

spikingjelly.clock_driven.examples.PPO module

spikingjelly.clock_driven.examples.PPO.make_env ()

class spikingjelly.clock_driven.examples.PPO.ActorCritic (num_inputs, num_outputs,
hidden_size, std=0.0)

H: Module

forward (x)

training: bool

spikingjelly.clock_driven.examples.Spiking_A2C module

class spikingjelly.clock_driven.examples.Spiking_ A2C.NonSpikingLIFNode (*args,

*Ekwargs)

I LIFNode

forward (dv: Tensor)
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training: bool

class spikingjelly.clock_driven.examples.Spiking_ A2C.ActorCritic (num_inputs,
num_outputs,
hidden_size, T=16)

H: Module

forward (x)

training: bool

spikingjelly.clock_driven.examples.Spiking_DQN_state module

class spikingjelly.clock_driven.examples.Spiking DQN_state.Transition (state, action,
next_state,

reward)
HZ: tuple
Create new instance of Transition(state, action, next_state, reward)

property action

Alias for field number 1

property next_state

Alias for field number 2

property reward

Alias for field number 3

property state
Alias for field number 0

class spikingjelly.clock_driven.examples.Spiking DQN_state.ReplayMemory (capacity)
H: object
push ( *args)
sample (batch_size)

class spikingjelly.clock_driven.examples.Spiking_ DQN_state.NonSpikingLIFNode ( *args,

*Ekwargs)
¥ LIFNode

forward (dv: Tensor)

training: bool
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class spikingjelly.clock_driven.examples.Spiking_ DQN_state.DQSN (input_size,
hidden_size,
output_size, T=16)

H: Module

forward (x)
training: bool

spikingjelly.clock_driven.examples.Spiking_DQN_state.train (use_cuda, model_dir, log_dir,
env_name, hidden_size,

num_episodes, seed )

spikingjelly.clock_driven.examples.Spiking_DQN_state.play (use_cuda, pt_path, env_name,
hidden_size,
played_frames=60,
save_fig_num=0,
fig_dir=None, figsize=(12, 6),
firing_rates_plot_type="bar’,
heatmap_shape=None)

spikingjelly.clock_driven.examples.Spiking_PPO module

spikingjelly.clock_driven.examples.cifar10_r11_enabling_spikebased_backpropagation module

RAGVE,© Yangi Chen <chyq@pku.edu.cn>
A reproduction of the paper Enabling Spike-Based Backpropagation for Training Deep Neural Network Architectures.

This code reproduces a novel gradient-based training method of SNN. We to some extent refer to the network structure
and some other detailed implementation in the authors’ implementation. Since the training method and neuron models

are slightly different from which in this framework, we rewrite them in a compatible style.
Assuming you have at least 1 Nvidia GPU.

class spikingjelly.clock_driven.examples.

cifarl0_rl1l1_enabling_spikebased_backpropagation.relu
2 Function

static forward (ct, x)

static backward (ctx, grad_output)
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class spikingjelly.clock_driven.examples.cifarl0_rll_enabling spikebased_backpropagation.B:

H: Module
spiking ()
forward (dv: Tensor)
reset ()
training: bool

class spikingjelly.clock_driven.examples.cifarl0_rll_enabling spikebased_backpropagation.L:
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¥ BaseNode

forward (dv: Tensor)
training: bool

class spikingjelly.clock_driven.examples.cifarl0_rll_enabling spikebased_backpropagation. Il

2 BaseNode

forward (dv: Tensor)
training: bool

class spikingjelly.clock_driven.examples.

cifarl10_rl1l1_enabling_ spikebased_backpropagation.ResNetll
2 Module

forward (x)
reset_ ()
training: bool

spikingjelly.clock_driven.examples.cifarl0_rl1l_enabling_spikebased_backpropagation.main ()

306 Chapter 7. Welcome to SpikingJdelly’ s documentation


https://pytorch.org/docs/stable/tensors.html#torch.Tensor
https://docs.python.org/3/library/functions.html#bool
https://pytorch.org/docs/stable/tensors.html#torch.Tensor
https://docs.python.org/3/library/functions.html#bool
https://pytorch.org/docs/stable/generated/torch.nn.Module.html#torch.nn.Module
https://docs.python.org/3/library/functions.html#bool

spikingjelly, Z{ThaZ alpha

spikingjelly.clock_driven.examples.classify_dvsg module

class spikingjelly.clock_driven.examples.classify_dvsg.VotingLayer (voter_num: int)
2 Module

forward (x: Tensor)
training: bool

class spikingjelly.clock_driven.examples.classify_dvsg.PythonNet (channels: int)
2 Module

forward (x: Tensor)

static conv3x3 (in_channels: int, out_channels)

training: bool
spikingjelly.clock_driven.examples.classify_dvsg.main ()

e API in English

JT432% DVS128 Gesture Z{EE AL RER] . M 254544 3% [ T Incorporating Learnable Membrane Time
Constant to Enhance Learning of Spiking Neural Networks,

usage: classify_dvsg.py [-h] [-T T] [-device DEVICE] [-b B] [-epochs N] [-7 N] [-
—~channels CHANNELS] [-data_dir DATA_DIR] [-out_dir OUT_DIR] [-resume RESUME] [-
—amp] [-cupy] [-opt OPT] [-1lr LR] [-momentum MOMENTUM] [-1lr_scheduler LR_
—SCHEDULER] [-step_size STEP_SIZE] [-gamma GAMMA] [-T_max T_MAX]
Classify DVS128 Gesture
optional arguments:

-h, —--help show this help message and exit

-T T simulating time-steps

—device DEVICE device

-b B batch size

—epochs N number of total epochs to run

-jJ N number of data loading workers (default: 4)

—channels CHANNELS channels of Conv2d in SNN

—data_dir DATA_DIR root dir of DVS128 Gesture dataset

—out_dir OUT_DIR root dir for saving logs and checkpoint

—resume RESUME resume from the checkpoint path

—amp automatic mixed precision training

—cupy use CUDA neuron and multi-step forward mode

—-opt OPT use which optimizer. SDG or Adam

-1lr LR learning rate
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—-momentum MOMENTUM momentum for SGD
—-1r_scheduler LR_SCHEDULER
use which schedule. StepLR or CosALR

—-step_size STEP_SIZE step_size for StepLR

—gamma GAMMA gamma for StepLR
-T_max T_MAX T_max for CosineAnnealingLR
Y VN

python -m spikingjelly.clock_driven.examples.classify_dvsg —-data_dir /userhome/
—datasets/DVS128Gesture —-out_dir ./logs —-amp -opt Adam -device cuda:0 -lr_
—scheduler CosALR -T_max 64 —cupy -—epochs 1024

SRR 2 & DVS128 Gesture DAIRIFHE 215 B,
o ¥ APl

The code example for classifying the DVS128 Gesture dataset. The network structure is from Incorporating Learn-

able Membrane Time Constant to Enhance Learning of Spiking Neural Networks.

usage: classify_dvsg.py [-h] [-T T] [-device DEVICE] [-b B] [-epochs N] [-7 N] [-
—~channels CHANNELS] [-data_dir DATA_DIR] [-out_dir OUT_DIR] [-resume RESUME] [-
—amp] [—-cupy] [-opt OPT] [—-1lr LR] [-momentum MOMENTUM] [-1lr_scheduler LR_
—SCHEDULER] [-step_size STEP_SIZE] [-gamma GAMMA] [-T_max T_MAX]

Classify DVS128 Gesture

optional arguments:

-h, --help show this help message and exit

-T T simulating time-steps

—device DEVICE device

-b B batch size

—epochs N number of total epochs to run

-j N number of data loading workers (default: 4)
—channels CHANNELS channels of Conv2d in SNN

—data_dir DATA_DIR root dir of DVS128 Gesture dataset
—-out_dir OUT_DIR root dir for saving logs and checkpoint
—resume RESUME resume from the checkpoint path

—amp automatic mixed precision training

—cupy use CUDA neuron and multi-step forward mode
—-opt OPT use which optimizer. SDG or Adam

-1lr LR learning rate

—-momentum MOMENTUM momentum for SGD

-1r_scheduler LR_SCHEDULER
use which schedule. StepLR or CosALR

[y
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—-step_size STEP_SIZE step_size for StepLR
—gamma GAMMA gamma for StepLR
-T_max T_MAX T_max for CosineAnnealingLR

Running Example:

python -m spikingjelly.clock_driven.examples.classify_dvsg —-data_dir /userhome/
—datasets/DVS128Gesture —out_dir ./logs —amp -opt Adam -device cuda:0 -1lr_
—scheduler CosALR -T_max 64 —cupy —-epochs 1024

See the tutorial Classify DVSI128 Gesture for more details.

spikingjelly.clock_driven.examples.conv_fashion_mnist module

class spikingjelly.clock_driven.examples.conv_fashion_mnist.PythonNet (7T)

H: Module
forward (x)
training: bool
class spikingjelly.clock_driven.examples.conv_fashion_mnist.CupyNet (7)
HIs: Module

forward (x)
training: bool
spikingjelly.clock_driven.examples.conv_fashion_mnist.main ()

e APl in English
Classify Fashion-MNIST

optional arguments:

-h, --help show this help message and exit
-TT simulating time-steps

-device DEVICE device -b B batch size -epochs N number of total epochs to run -j N number of data
loading workers (default: 4) -data_dir DATA_DIR root dir of Fashion-MNIST dataset -out_dir OUT_DIR
root dir for saving logs and checkpoint -resume RESUME resume from the checkpoint path -amp automatic
mixed precision training -cupy use cupy neuron and multi-step forward mode -opt OPT use which opti-
mizer. SDG or Adam -Ir LR learning rate -momentum MOMENTUM momentum for SGD -Ir_scheduler
LR_SCHEDULER
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use which schedule. StepLR or CosALR

-step_size STEP_SIZE step_size for StepLR -gamma GAMMA gamma for StepLR -T_max T_MAX T_max
for CosineAnnealingl.R
B IEER M 25 254, P47 Fashion MNIST 1. X MeRESAIIGAIM AT I, I 2l
G R AP E MR A IE AR . 2 RF U o A o D U AR IR 2 B = Y P 45 RAFAE tensorboard HESC
PFRRIZERET . ZAEFIME, 5T main () KLU AR
WllZ% 100 4~ epoch, Il batch FIi 4L EAYIERH AN -
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Accuracy on test set
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o L API

The network with Conv-FC structure for classifying Fashion MNIST. This function initials the network, starts
training and shows accuracy on test dataset. The net with the max accuracy on test dataset will be saved in the root

directory for saving tensorboard logs, which is inputted by user when running the main () function.

After 100 epochs, the accuracy on train batch and test dataset is as followed:
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spikingjelly.clock_driven.examples.conv_fashion_mnist_cuda_lbl module

spikingjelly.clock_driven.examples.dqn_cart_pole module

class spikingjelly.clock_driven.examples.dgn_cart_pole.Transition (state, action,
next_state,

reward)
HK: tuple
Create new instance of Transition(state, action, next_state, reward)

property action

Alias for field number 1

property next_state

Alias for field number 2

property reward

Alias for field number 3

property state
Alias for field number O

class spikingjelly.clock_driven.examples.dgn_cart_pole.ReplayMemory (capacity)
HK: object
push ( *args)

sample (batch_size)

class spikingjelly.clock_driven.examples.dgn_cart_pole.NonSpikingLIFNode (*args,

**kwargs)

HI: LIFNode

forward (dv: Tensor)
training: bool

class spikingjelly.clock_driven.examples.dqgn_cart_pole.DQSN (hidden_num)
FF: Module

forward (x)
training: bool

spikingjelly.clock_driven.examples.dgn_cart_pole.train (device, root, hidden_num=128,

num_episodes=256)
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spikingjelly.clock_driven.examples.dgn_cart_pole.play (device, pt_path, hidden_num,
played_frames=60,
save_fig_num=0, fig_dir=None,
figsize=(12, 6),
firing_rates_plot_type="bar’,
heatmap_shape=None)

spikingjelly.clock_driven.examples.lif_fc_mnist module

spikingjelly.clock_driven.examples.lif_ fc_mnist.main ()

R

None
o APl in English

A HEE-LIF B 28454, #EFT MNIST 150

ARSI S IEA TSR, I BRI ZRad A AP E I AR ) IR A R
s L AP

The network with FC-LIF structure for classifying MNIST.

This function initials the network, starts trainingand shows accuracy on test dataset.

spikingjelly.clock_driven.examples.spiking_lstm_sequential_mnist module

class spikingjelly.clock_driven.examples.spiking_lstm_sequential_mnist.Net
2 Module

forward (x)

training: bool

spikingjelly.clock_driven.examples.spiking_lstm_sequential_mnist.main ()

spikingjelly.clock_driven.examples.spiking_lstm_text module

spikingjelly.clock_driven.examples.speechcommands module

Module contents

spikingjelly.clock_driven.encoding package
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Module contents

class spikingjelly.clock_driven.encoding.StatelessEncoder

2 Module

e API in English

TORS G EZE ., RS EES encoder = StatelessEncoder (), HIZVHA encoder (x)
BIAIRF x 465k spikes

o P API

The base class of stateless encoder. The stateless encoder encoder = StatelessEncoder () can encode

x to spike by encoder (x).

abstract forward (x: Tensor)

* API in English
28
x (torch. Tensor) iy ABHE
A
spike, shape 5 x.shape H{[d]
R RIS

torch.Tensor

o VAPl

S
x (torch. Tensor) —input data

B

spike, whose shape is same with x . shape
S B i
torch.Tensor

training: bool
class spikingjelly.clock_driven.encoding.StatefulEncoder (T:int)
2 MemoryModule
e API in English

SH
T (int) -GN, WEELT, 5 SNNREEY (B8 K—20)
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BHREmILIRA IS, HREHLEE encoder = StatefulEncoder (T), Fiias &7E w5 W A

encoder (x) BN x° #HTHT . £ ° t R encoder (x) B&HiH spike [t T]
encoder = StatefulEncoder (T)
s_list = []

for t in range(T):

s_list.append(encoder (x)) # s_list[t] == spike[t]

o P API

T (int) —the encoding period. It is usually same with the total simulation time-steps of SNN

The base class of stateful encoder. The stateful encoder encoder = StatefulEncoder (T) will encode x

to spike at the first time of calling encoder (x). It will output spike [t % T] atthe t -th calling

encoder = StatefulEncoder (T)
s_list = []
for t in range(T):

s_list.append(encoder (x)) # s_list[t] == spike[t]

forward (x: Optional[ Tensor] = None)

e APl in English

ZH

x (torch. Tensor) —i AR
&

spike, shape 5 x.shape fH[H]
PEAE B pit]

torch.Tensor

o P API

S8

x (torch. Tensor) —input data
A

spike, whose shape is same with x . shape
R RIE

torch.Tensor
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abstract encode (x: Tensor)

* API in English
x (torch. Tensor) ¥ ABAE
&l
spike, shape 5 x.shape FH[q]

torch.Tensor

« P API

ZH

x (torch. Tensor) —input data

B

spike, whose shape is same with x . shape

BRI

torch.Tensor

extra_repr () — str
training: bool

class spikingjelly.clock_driven.encoding.PeriodicEncoder (spike: Tensor)

H2&: StatefulEncoder

e API in English

S8
spike (torch. Tensor) —#i Afkif

JEAME RS As, 756 ¢ A spike(t % T], HH' T = spike.shape([0]

o P API

S8
spike (torch. Tensor) —the input spike

The periodic encoder that outputs spike [t % T] att -th calling, where T = spike.shape[0]

encode (spike: Tensor)

training: bool
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class spikingjelly.clock_driven.encoding.LatencyEncoder (T:int, enc_function=linear’)

HH: statefulEncoder

* APl in English

S

o T (int)—HK () Mk Ao %1
* enc_function (str) 7 SCHE MR R RO i A S BERE A ks 2 21, T AN

linear B, log

MERFiSAE, ¥4 0 <= x <= 1AL HTE 0 <= t_£ <= T-1 WZIEBEI NIRRT . AR 5E R
K, KRR, 24 enc_function == 'linear'

M enc_function == 'log'

H lpha W tp(1) =T -1
SEAG A -

ty(x) = (T-1)(1 -z

tr(x) = (T —1)—In(a*xz+1)

X = torch.rand(size=[8, 21])
print ('x', x)

T = 20

encoder = LatencyEncoder (T)

for t range(T):

print (encoder (x))

s DRI 0 <= x <= 1,

o P API

BH

* T (int)—the maximum (latest) firing time

* enc_function (str)-how to convert intensity to firing time. linear or log

The latency encoder will encode 0 <= x <= 1 to spike whose firing timeis 0 <= t_f <= T-1. A larger x

will cause a earlier firing time.
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If enc_function == 'linear'

tr(z) =(T-1)(1 -z

If enc_function == 'log'

tr(x) =T —-1)—in(axz+1)

where [pha satisfies t (1) =T — 1
Example: .. code-block:: python
x = torch.rand(size=[8, 2]) print( ‘x’ , x) T =20 encoder = LatencyEncoder(T) for t range(T):

print(encoder(x))

Warning

The user must assert 0 <= x <= 1.

encode (x: Tensor)
training: bool

class spikingjelly.clock_driven.encoding.PoissonEncoder
HI: StatelessEncoder
e API in English

TR HTARA D AT o it kot i) AR S A = AT

ety DMVIERIRE O <= x <= 1,

o P API

The poisson encoder will output spike whose firing probability is x .

Warning

The user must assert 0 <= x <= 1.

forward (x: Tensor)

training: bool
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class spikingjelly.clock_driven.encoding.WeightedPhaseEncoder (K: int)

HH: statefulEncoder
* APl in English
2H
K (int) 4B JEM. WEELT, 5 SNNWEEY (S2K—)
Kim J, Kim H, Huh S, et al. Deep neural networks with weighted spikes[J]. Neurocomputing, 2018, 311: 373-386.
TR gihy, —Bh T iR R ik

RER AT I eI AL, A AR ALk Py A AT ke i . ML TBRGY, — (i
FREEL . GREAHAECH K, TTAXE AR TR (0,1 — 275 B T4 S . AR AR AR TE SO

ZNIE
Phase (K=8) 1 |2 [3 ][4 [5 [6 |7 |8
Spike weight w(t) | 271 | 22 | 23 | 24 | 25 | 26 | 277 | 2%
192/256 1 1 0 0 0 0 0 0
1/256 0 0 0 0 0 0 0 1
128/256 1 0 0 0 0 0 0 0
255/256 1 1 1 1 1 1 1 1
o P API
S8

K (int) —the encoding period. It is usually same with the total simulation time-steps of SNN

The weighted phase encoder, which is based on binary system. It will flatten x as a binary number. When T=Xk, it

can encode z € [0, 1 — 2] to different spikes. Here is the example from the origin paper:

Phase (K=8)
Spike weight w(t)
192/256

1/256

128/256

255/256

—lo|l=|N|=
oclo|o|lvw|w
oclo|o|lw|om
olo|lo|v|N

—lo|lo|~|N|N
el ==l e e i R
—lolo|lolvw|o
— | o= |||

—
—
—_

encode (x: Tensor)

training: bool
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spikingjelly.clock_driven.functional package

Module contents

spikingjelly.clock_driven.functional.reset_net (net: Module)

* API in English

S

net fFH{i[J& T nn.Module I M %%
P[]

None

PSRRI 2% PR T Module, #5%7H reset () pREL, WA
o« 130 API

SH
net —Any network inherits from nn.Module

py |
None
Reset the whole network. Walk through every Module and call their reset () function if exists.

spikingjelly.clock_driven.functional.spike_cluster (v: Tensor, v_threshold, T_in: int)

e APl in English

B8
* v —shape=[T, N], NAHZITTE =0, 1, -, T-1] W29 i R AE

* v_threshold (float or tensor)—fHZJGHR{EH %, float B F 2 shape=[N] [
tensor

o T_in -JRif SREAYBRI (. — Dok RIS, WIMER 2 AR Ik B A
KT T_in, THNFRAE— Rkl SAMRE MK BEER T T_in.

B
— e, W
* N_o —shape=[N], N M2 TTr % bk i) i 5 0 £k

 k_positive —shape=[N], bool 2% tensor, K5|. FHEHEZME, k_positive I] fEf2—
A~4x False [1] tensor

 k_negative —shape=[N], bool Z5%[] tensor, K5|. FEFEHZE, k_negative N {E 2
—/~4= False [fJ tensor
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e E e

(Tensor, Tensor, Tensor)

STCA: Spatio-Temporal Credit Assignment with Delayed Feedback in Deep Spiking Neural Networks— 3C$2 H
Rk R . AERARGE % Sc e Rk, ATRASE AN R AU -

v_k_negative = out_v * k_negative.float () .sum(dim=0)

v_k_positive = out_v * k_positive.float () .sum(dim=0)

lossO = ((N_o > N_d).float () * (v_k_negative - 1.0)) .sum()
lossl = ((N_o < N_d).float() * (1.0 - v_k_positive)) .sum()
loss = lossO + lossl

o 5L API
2H
» v —shape=[T, N], membrane potentials of N neurons when t=[0, 1, ---, T-1]

* v_threshold(float or tensor)-Threshold voltage(s) of the neurons, float or tensor
of the shape=[N]

* T_in —Distance threshold of the spike clusters. A spike cluster satisfies that the distance of
any two adjacent spikes within cluster is NOT greater than T_in and the distance between

any internal and any external spike of cluster is greater than T_in.
Bl
A tuple containing
* N_o —shape=[N], numbers of spike clusters of N neurons’ output spikes

* k_positive —shape=[N], tensor of type BoolTensor, indexes. Note that k_positive can be a

tensor filled with False

* k_negative —shape=[N], tensor of type BoolTensor, indexes. Note that k_negative can be a
tensor filled with False

A it

(Tensor, Tensor, Tensor)

A spike clustering method proposed in STCA: Spatio-Temporal Credit Assignment with Delayed Feedback in Deep

Spiking Neural Networks. You can refer to the following code if this form of loss function is needed:

v_k_negative = out_v * k_negative.float () .sum(dim=0)
v_k_positive = out_v * k_positive.float () .sum(dim=0)
loss0O = ((N_o > N_d).float () * (v_k_negative - 1.0)) .sum()
lossl = ((N_o < N_d).float() * (1.0 - v_k_positive)) .sum()

loss = loss0O + lossl
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spikingjelly.clock_driven.functional.spike_similar_loss (spikes: Tensor, labels: Tensor,

kernel_type=linear’,

loss_type="mse’, *args)

e APl in English

S8
» spikes —shape=[N, M, T], N dfa4: i ik

* labels shape=[N, C], N MHEMAREE, labels [1] [k] == 1 FnEdEiETH
k2%, RZIRK, iR

* kernel_type (str) —fli ] WBURMT RIS kb Z B A HI B, kernel_type &
TR, B A A% R i 2

* loss_type (str) REEFFHIZ, ALK mse” , ‘117, ‘bee’
« args - T ERRNHINSEL
Rl
shape=[1] [¥J tensor, FH{LIHIS

B N AEasm A2 528 M ANMZETTH) SNN, 3247 T2, £33 shape=[N, M, T] fyfkif. iX N 4L
PEHFR%ZE K shape=[N, C] ) labels,

H shape=[N, N] EI‘J%EKi sim %%/?%W‘HMT“EEIE sim[i] [§] == 1 FnEdE i 5% j ML, k2
ISR, # labels[i] 5 labels| /\%ﬁ/'\lﬂ~/\1‘mﬁ, TCHATAHEL, 5 AL

J shape=[N, N] (4[4 sim_p oA RFE, sim ] IUESS 0 3 1, {EBCRFEREL
P 1 5% § Bl AR

BORNBORME DTk L FIROADE, kernel_tyoe JETTSRNBUN, IOy Beeaih s
o C‘linear’, PN, k(xs, ;) = " yj.

+ ‘sigmoid’, Sigmoid WX, r(x;,y;) = sigmoid(az;Ty;), H a = args(0].

o Cgaussian’, RINFABL (mi,y;) = exp(— 2%l g o = args(0].

M) Sigmoid T RIS, ABRAYIETE FEIYAE (0, 1] Z18]; i 6E 2tk NARIRE, S TARUEA R
EVIRAE [0, 1] Z 18], SuEATIH—fk: 5

* spikes —shape=[N, M, T], output spikes corresponding to a batch of N inputs

* labels —shape=[N, C], labels of inputs, labels[i] [k] == 1 means the i-th input belongs to the k-th
category and vice versa. Multi-label input is allowed.

* kernel_type (str) -Type of kernel function used when calculating inner products. The inner product is
the similarity measure of two spikes.

* loss_type (str)-Type of loss returned. Can be: ‘mse’ , ‘11’ , ‘bee’
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» args —Extra parameters for inner product
A& [1]

shape=[1], similarity loss

A SNN consisting M neurons will receive a batch of N input data in each timestep (from O to T-1) and output a spike

tensor of shape=[N, M, T]. The label is a tensor of shape=[N, C].

The groundtruth similarity matrix sim has a shape of [N, N]. sim[i] [j] == 1 indicates that input i is similar to
input j and vice versa. If and only if 1abels[i] and 1abels [ 7] have at least one common label, they are viewed as

similar.

The output similarity matrix sim_p has a shape of [N, N]. The value of sim_p [i] [ j] ranges from O to 1, represents

the similarity between output spike from both input i and input j.

The similarity is measured by inner product of two spikes. kernel_type is the type of kernel function when calculating
inner product:

* ‘linear’ , Linear kernel, x(x;, y;) = :ciTyj.

 ‘sigmoid’ , Sigmoid kernel, x(x;,y;) = sigmoid(ax;Ty;), where a = args[0].
_ Hwiz—agj\\z )

* ‘gaussian’ , Gaussian kernel, r(x;,y;) = exp( , where o = args|0].

When Sigmoid or Gaussian kernel is applied, the inner product naturally lies in [0, 1]. To make the value consistent when

using linear kernel, the result will be normalized as:

spikingjelly.clock_driven. functional.kernel_dot_product (x: Tensor, y: Tensor,

kernel="linear’, *args)

o APl in English

« x —shape=[N, M] 1§ tensor, B2 N~ M 4k i
* y —shape=[N, M] /{} tensor, FIEZ N M 4i[a] iz
* kernel (str) VT ARRIN TG AOAZ R 4L
* args I TN S
Bml
ret, shape=[N, N] f{}] tensor, ret [i][3] Fm x[1] A y[3] A
THEAMESYE < My EZS R NEL 30 2 4~ M 4E tensor 20511 @; il y;, kernel & X T ARIER
A :
 C‘linear’, KHENA, w(wi,y;) =i y;.
*  ‘polynomial’, ZINAKN, k(wi,y;) = (@:"y;)?, b d = args[0].

+ ‘sigmoid’, Sigmoid WA, k(x;,y;) = sigmoid(az;Ty;), HH a = args(0].
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o ‘gaussian’, TN, K(wi,yj) = exp(f%), H o = args[0],

o P API

B8
* x —Tensor of shape=[N, M]
e y —Tensor of shape=[N, M]
* kernel (str) -Type of kernel function used when calculating inner products.
* args —Extra parameters for inner product
R
ret, Tensor of shape=[N, N], ret [1] [J] is inner productof x [1] and vy []].
Calculate inner product of x and y in kernel space. These 2 M-dim tensors are denoted by «; and y;. kernel
determine the kind of inner product:
* ‘linear’ —Linear kernel, x(x;, y;) = z;T y;.
+  ‘polynomial’ —Polynomial kernel, x(z;, y;) = (x;Ty;)%, where d = args[0].
* ‘sigmoid’ -Sigmoid kernel, x(x;, y;) = sigmoid(ax; T y;), where o = args|0].
» ‘gaussian’ —Gaussian kernel, k(x;, y;) = exp(—%), where o = args|0].

spikingjelly.clock_driven.functional.set_threshold_margin (output_layer: BaseNode,
label_one_hot: Tensor,
eval_threshold=1.0,
threshold0=0.9,
thresholdl=1.1)

e API in English

SH
* output_layer -] T3 KA M LS )=, )2 i th shape=[batch_size, C]
e label_one_hot —one hot = AUFEANRLS, shape=[batch_size, C]
* eval_threshold (float) #iji ZFHAETCIEMIL (HEHL) Hh6EF i b R e
* threshold0 (float) HithZMHATCIEILRNS, SORRAR Y HL L B
* thresholdl (float) —HithZMETCIEVIZRNS, IEARAS I H K I

Bml

None
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XTSRRI, ok R 2 B B B — RO, DA PR 7 SR

FRRECH C, MR ZIE C &I, MZAEIZRET, 245 ABESLZR5010 1 f95dE, &2 e i
A2 T HL B BIE SR B thresholdl, i HAMMHZ IO HL T BIES PR E AL thresholdo,
MAEMAR, (HERL) W, &2 P oony S B EY S — X & eval_threshold.

o APl

ZH

* output_layer —The output layer of classification network, where the shape of output
should be [batch_size, C]

* label_one_hot —Labels in one-hot format, shape=[batch_size, C]

* eval_threshold (float)—Voltage threshold of neurons in output layer when evaluating

(inference)

* thresholdO0 (f1oat) —Voltage threshold of the corresponding neurons of negative sam-

ples in output layer when training

* thresholdl (f1oat)—Voltage threshold of the corresponding neurons of positive samples

in output layer when training
Bl
None
Set voltage threshold margin for neurons in the output layer to reach better performance in classification task.

When there are C different classes, the output layer contains C neurons. During training, when the input with
groundtruth label i are sent into the network, the voltage threshold of the i-th neurons in the output layer will be set

to thresholdl and the remaining will be set to threshold0.

During inference, the voltage thresholds of ALL neurons in the output layer will be set to eval_threshold.

spikingjelly.clock_driven.functional.redundant_one_hot (labels: Tensor, num_classes: int, n:

int)

e API in English

S8
e labels —shape=[batch_size] [f{] tensor, 3&/n batch_size PR
* num_classes (int) 2S5 2%
* n (int) B2 g i Al

B

shape=[batch_size, num_classes * n] [{] tensor

KEEIEFTTU 42 1) one-hot gty , &M n 1 H1 (num_classes - 1) * n />0 K45,
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NGk

>>> num_classes = 3

>>> n = 2

>>> labels = torch.randint (0, num_classes, [4])

>>> labels
tensor ([0, 1, 1, 0])
>>> codes = functional.redundant_one_hot (labels, num_classes, n)

>>> codes

tensor([[1., 1., 0., 0., 0., 0.1,
(0., 0., 1., 1., 0., 0.1,
(0., 0., 1., 1., 0., 0.1,
(., 1., 0., 0., 0., 0.11)
o P API
ZH

* labels —Tensor of shape=[batch_size], batch_size labels
* num_classes (int) —The total number of classes.

* n (int) -The encoding length for each class.

PEA ]
Tensor of shape=[batch_size, num_classes * n]
Redundant one-hot encoding for data. Each class is encoded ton 1’ sand (num_classes - 1) * n0’ s
e.g.
>>> num_classes = 3
>>> n = 2
>>> labels = torch.randint (0, num_classes, [4])

>>> labels
tensor ([0, 1, 1, 01])
>>> codes = functional.redundant_one_hot (labels, num_classes, n)

>>> codes

tensor([([1., 1., 0., 0., 0., 0.1,
(0., 0., 1., 1., 0., 0.1,
(0., 0., 1., 1., 0., 0.1,
(1., 1., 0., 0., 0., 0.11)

spikingjelly.clock_driven.functional.first_spike_index (spikes: Tensor)

e APl in English
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S
spikes —shape=[*, T], F/REEANMEAEICLE =0, 1, -, T-1, F& T AEFZI0 % kg

B
index, shape=[*, T], A True RYALE RIRIZMZTTE UORHL K i I %)
TR T kot R[] —~5 i AR shape 1) bool A index. index iy True i
B, BRGNP ICE ORI (IR ]

NIIE

>>> spikes = (torch.rand(size=[2, 3, 8]) >= 0.8).float ()
>>> spikes

tensor(((ro., 0., 0., 0., 0., 0., 0., 0.1,

rco., 0., 2., 2., 0., 0., 0., 1.1,
(., 1., 0., 0., 1., 0., 0., 0.1,
(6., 0., 0., 1., 0., 0., 0., 0.110)

>>> first_spike_index (spikes)

tensor ([[[False, False, False, False, False, False, False, False],
[ True, False, False, False, False, False, False, False],

[False, True, False, False, False, False, False, False]],

[[False, False, True, False, False, False, False, False],
[ True, False, False, False, False, False, False, False],

[False, False, False, True, False, False, False, Falselll)

o APl

¥

spikes —shape=[*, T], indicates the output spikes of some neurons when t=0, 1, ---, T-1.

B

index, shape=[*, T], the index of True represents the moment of first spike.

Return an index tensor of the same shape of input tensor, which is the output spike of some neurons. The index

of True represents the moment of first spike.

e.g.:

>>> spikes = (torch.rand(size=[2, 3, 8]) >= 0.8).float ()
>>> spikes

tensor([((ro., o., 0., 0., 0., 0., 0., 0.1,

@RI
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(% L0

(6., 0., 0., 1., 0., 0., 0., 0.110)

>>> first_spike_index (spikes)

tensor ([ [[False, False, False, False, False, False, False, False],
[ True, False, False, False, False, False, False, False],

[False, True, False, False, False, False, False, False]],

[[False, False, True, False, False, False, False, False],
[ True, False, False, False, False, False, False, False],

[False, False, False, True, False, False, False, Falsel]l])

spikingjelly.clock_driven.functional .multi_step_forward (x_seq: Tensor,

single_step_module: Module)

B8
* x_seq (Tensor) —shape=[T, batch_size, -]
* single_step_module(torch.nn.Module or list or tuple or torch.
nn.Sequential) —a single-step module, or a list/tuple that contains single-step modules
B M
y_seq, shape=[T, batch_size, -]
R
Tensor

See spikingjelly.clock _driven.layer.MultiStepContainer for more details.

spikingjelly.clock_driven.functional.seq_to_ann_forward (x_seq: Tensor, stateless_module:

Module)
ZH

* x_seq (Tensor) —shape=[T, batch_size, -]

* stateless_module (torch.nn.Module or list or tuple or torch.
nn.Sequential) —a stateless module, e.g., ‘torch.nn.Conv2d’ or a list contains stateless
modules, e.g., ‘[torch.nn.Conv2d, torch.nn.BatchNorm2d]

S|

y_seq, shape=[T, batch_size, -]
B

Tensor
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See spikingjelly.clock driven.layer.SeqToANNContainer for more details.

spikingjelly.clock_driven.functional.fused_conv2d_weight_of_convbn2d (conv2d:
Conv2d,
bn2d: Batch-
Norm2d)

SH
e conv2d (torch.nn.Conv2d)—a Conv2d layer
* bn2d (torch.nn.BatchNorm2d) —a BatchNorm2d layer

B

the weight of this fused module

B

Tensor

A {Conv2d-BatchNorm2d} can be fused to a { Conv2d} module with BatchNorm2d’ s parameters being absorbed

into Conv2d. This function returns the weight of this fused module.

Note

We assert conv2d.bias is None. See Disable bias for convolutions directly followed by a batch norm for more details.

spikingjelly.clock_driven.functional.fused_conv2d_bias_of_convbn2d (conv2d: Conv2d,
bn2d:
BatchNorm2d)

S8
* conv2d (torch.nn.Conv2d)—a Conv2d layer
* bn2d (torch.nn.BatchNorm2d) —a BatchNorm2d layer

R

the bias of this fused module

B

Tensor

A {Conv2d-BatchNorm2d} can be fused to a { Conv2d} module with BatchNorm2d’ s parameters being absorbed

into Conv2d. This function returns the bias of this fused module.

Note

We assert conv2d.bias is None. See Disable bias for convolutions directly followed by a batch norm for more details.
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spikingjelly.clock_driven.functional.scale_fused_conv2d_weight_of_ convbn2d (conv2d:
Conv2d,
bn2d:
Batch-
Norm2d,
k=None,
b=None)

S

* conv2d (torch.nn.Conv2d)—a Conv2d layer
* bn2d (torch.nn.BatchNorm2d) —a BatchNorm2d layer

A {Conv2d-BatchNorm2d} can be fused to a { Conv2d} module with BatchNorm2d’ s parameters being absorbed
into Conv2d. This function sets the weight of this fused module to weight * k + b.

Note

We assert conv2d.bias is None. See Disable bias for convolutions directly followed by a batch norm for more details.

spikingjelly.clock_driven.functional.scale_fused_conv2d_bias_of_convbn2d (conv2d:
Conv2d,
bn2d:
Batch-
Norm2d,
k=None,
b=None)

S8
* conv2d (torch.nn.Conv2d)—a Conv2d layer

* bn2d (torch.nn.BatchNorm2d) —a BatchNorm2d layer

A {Conv2d-BatchNorm2d} can be fused to a { Conv2d} module with BatchNorm2d’ s parameters being absorbed
into Conv2d. This function sets the bias of this fused module to bias * k + b.

Note

We assert conv2d.bias is None. See Disable bias for convolutions directly followed by a batch norm for more details.

spikingjelly.clock_driven.functional.fuse_convbn2d (conv2d: Conv2d, bn2d: BatchNorm2d,
k=None, b=None)

S
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* conv2d (torch.nn.Conv2d)—a Conv2d layer
* bn2d (torch.nn.BatchNorm2d) —a BatchNorm2d layer
Bl
the fused Conv2d layer
FAARE !
torch.nn.Conv2d

A {Conv2d-BatchNorm2d} can be fused to a { Conv2d} module with BatchNorm2d’ s parameters being absorbed

into Conv2d. This function returns the fused module.

Note

We assert conv2d.bias is None. See Disable bias for convolutions directly followed by a batch norm for more details.

spikingjelly.clock_driven.functional.temporal_efficient_training_cross_entropy (x_seq:
Ten-
sor,
tar-
get:
LongTen-

sor)

S
* x_seq(Tensor)—shape=[T, N, C, *],where C isthe number of classes
e target (torch.LongTensor) —shape=[N],where 0 <= target[i] <= C-1
Bl
the temporal efficient training cross entropy

B

Tensor
The temporal efficient training (TET) cross entropy, which is the mean of cross entropy of each time-step.

Codes example:

def tet_ce_for_loop_version (x_seq: Tensor, target: torch.LongTensor) :
loss = 0.
for t in range (x_seqg.shape[0]) :
loss += F.cross_entropy(x_seql[t], target)

return loss / x_seq.shape[0]

EET D)
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(% L0

N = 4

c =10

x_seq = torch.rand ([T, N, CJ])

target = torch.randint (low=0, high=C-1, size=[N])
print (tet_ce_for_loop_version (x_seq, target))

print (temporal_efficient_training_cross_entropy (x_seq, target))

Tip
The TET cross entropy is proposed by Temporal Efficient Training of Spiking Neural Network via Gradient Re-
weighting.

spikingjelly.clock_driven.functional.kaiming_normal_conv_linear_weight (net:
Module)

¢ API in English

ZH

net {F{J& T nn.Module TRIM %
S|

None

{5 Jf] kaiming normal %] 454k net T torch.nn._ConvNd il :class: torch.nn.Linear AR E (AN UIE
REIi), W torch.nn.init.kaiming_normal_.,

o 3L API

BH
net —Any network inherits from nn.Module

B

None

initialize all weights (not including bias) of torch.nn._ConvNdand torch.nn.Linear in net by the kaim-

ing normal. See torch.nn.init.kaiming_normal_ for more details.
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spikingjelly.clock_driven.layer package

Module contents

class spikingjelly.clock_driven.layer .NeuNorm (in_channels, height, width, k=0.9,

shared_across_channels=False)

HIS5: MemoryModule

e API in English

S8
e in_channels i AR IEEL
* height i A¥UEAY %E
* width i ABURI
* k hRIRL
» shared_across_channels 1[4 AL EH w 2 EFEEEX 4% L=, WE
N True W RAKIEBETT4 A
Direct Training for Spiking Neural Networks: Faster, Larger, Better H14i 1) NeuNorm )z, NeuNorm JZAZ0i
e AR 2 JE Ry ke 2ocks, Blan:
Conv2d -> LIF —-> NeuNorm
BRI AR RS2 [batch_size, in_channels, height, width],
in_channels /g4 A% NeuNorm JZHHEE, Wit Chmg F.
kSRR L, M TR SCPH) koo
B & SRR ko +oF = 1 SIS,

o P API

S8
* in_channels —channels of input
* height —height of input
* width —height of width
* k -momentum factor
* shared_across_channels —whether the learnable parameter w is shared over channel

dim. If set True, the consumption of memory can decrease largely

The NeuNorm layer is proposed in Direct Training for Spiking Neural Networks: Faster, Larger, Better.
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It should be placed after spiking neurons behind convolution layer, e.g.,

Conv2d -> LIF —-> NeuNorm

The input should be a 4-D tensor with shape = [batch_size, in_channels, height, width].
in_channels is the channels of input, which is F' in the paper.

k is the momentum factor, which is k.o in the paper.

+ will be calculated by k-2 + vF = 1 autonomously.

forward (in_spikes: Tensor)
extra_repr () — str
training: bool

class spikingjelly.clock_driven.layer .DCT (kernel_size)

K Module

o API in English

kernel_size #4743 DCT A Heffy e /N

P AR shape = [*, W, H] FEdEHETT0H DCT A2, * RaALEBINSINPI LR, A
HYER )G 2 4EEAT, 35K w Al B #AE#EIR kernel_size,
DCT /& AXAT f—FhiEfl

o L API

kernel_size —block size for DCT transform

Apply Discrete Cosine Transform on input with shape = [*, W, H], where * means any number of ad-
ditional dimensions. DCT will only applied in the last two dimensions. W and H should be divisible by

kernel_size.

Note that DCT is a special case of AXAT.
forward (x: Tensor)

training: bool

class spikingjelly.clock_driven.layer.AXAT (in_features, out_features)

2 Module

e APl in English

S
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« in_features - M ABMIEN G 2 #MWRF. AN %2 shape

in_features, in_features]

» out_features —fij WA PR )5 2 4R R F. B 5P A shape = [*,

out_features, out_features]

Il
—
*

S KR X e S 2 4ERfT AR AXAT f#EfE, A & shape = [out_features,
in_features] WA,

Wi AIEAEE E R B shape = [in_features, in_features] IHFE.

o APl

S

* in_features feature number of input at last two dimensions. The input should be shape

= [*, in_features, in_features]
* out_features feature number of output at last two dimensions. The output will be
shape = [*, out_features, out_features]
Apply AX AT transform on input X at the last two dimensions. A is a tensor with shape = [out_features,
in_features].
The input will be regarded as a batch of tensors with shape = [in_features, in_features].

forward (x: Tensor)
training: bool
class spikingjelly.clock_driven.layer.Dropout (p=0.5)
HZ: MemoryModule
e APl in English

ZH
p (float) HATCRPBEN 0 PR

5 torch.nn.Dropout MJLFAMIE. KHET, G —RIITES, POREK 0 KAIEA S KER
25 HEIR—feisfT, BRI resetO MBUR, A SfglRET R E, WA ERE 0.

MEYG: X FF Dropout £ 5.H Enabling Spike-based Backpropagation for Training Deep Neural Network Ar-
chitectures — SCHFFTIEANIEIA :

There is a subtle difference in the way dropout is applied in SNNs compared to ANNs. In ANNSs, each epoch of
training has several iterations of mini-batches. In each iteration, randomly selected units (with dropout ratio of
p) are disconnected from the network while weighting by its posterior probability (1 — p). However, in SNNs,
each iteration has more than one forward propagation depending on the time length of the spike train. We back-

propagate the output error and modify the network parameters only at the last time step. For dropout to be effective
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in our training method, it has to be ensured that the set of connected units within an iteration of mini-batch data is
not changed, such that the neural network is constituted by the same random subset of units during each forward
propagation within a single iteration. On the other hand, if the units are randomly connected at each time-step,
the effect of dropout will be averaged out over the entire forward propagation time within an iteration. Then, the
dropout effect would fade-out once the output error is propagated backward and the parameters are updated at the
last time step. Therefore, we need to keep the set of randomly connected units for the entire time window within

an iteration.

o APl

SH
p (f1oat) —probability of an element to be zeroed

This layer is almost same with torch.nn.Dropout. The difference is that elements have been zeroed at first
step during a simulation will always be zero. The indexes of zeroed elements will be update only after reset ()

has been called and a new simulation is started.

Tip
This kind of Dropout is firstly described in Enabling Spike-based Backpropagation for Training Deep Neural Net-

work Architectures:

There is a subtle difference in the way dropout is applied in SNNs compared to ANNs. In ANNSs, each epoch of
training has several iterations of mini-batches. In each iteration, randomly selected units (with dropout ratio of
p) are disconnected from the network while weighting by its posterior probability (1 — p). However, in SNNs,
each iteration has more than one forward propagation depending on the time length of the spike train. We back-
propagate the output error and modify the network parameters only at the last time step. For dropout to be effective
in our training method, it has to be ensured that the set of connected units within an iteration of mini-batch data is
not changed, such that the neural network is constituted by the same random subset of units during each forward
propagation within a single iteration. On the other hand, if the units are randomly connected at each time-step,
the effect of dropout will be averaged out over the entire forward propagation time within an iteration. Then, the
dropout effect would fade-out once the output error is propagated backward and the parameters are updated at the
last time step. Therefore, we need to keep the set of randomly connected units for the entire time window within

an iteration.

extra_repr ()
create_mask (x: Tensor)
forward (x: Tensor)

training: bool
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class spikingjelly.clock_driven.layer.Dropout2d (p=0.2)
KK Dropout
* APl in English

S
p (float) “HAICEPEE N 0 pfiix

45 torch.nn.Dropout2d JL AR, KAKET, fEF—RNIGES, HHER 0 MM EAS KA
MR HEIT—5aEtT, RIMZET resetO) sRES, AR AT e, WA EDEE O,
xF SNN A Dropout FJEZ{5 8., £ Wlayer. Dropout ,

« P API

B

p (f1oat) —probability of an element to be zeroed

This layer is almost same with torch.nn.Dropout2d. The difference is that elements have been zeroed at first
step during a simulation will always be zero. The indexes of zeroed elements will be update only after reset ()

has been called and a new simulation is started.
For more information about Dropout in SNN, refer to layer. Dropout.
create_mask (x: Tensor)
training: bool
class spikingjelly.clock_driven.layer.MultiStepDropout (p=0.5)
KK Dropout
e API in English

S
p (float) “BAJURPEE N 0 iR

spikingjelly.clock_driven.layer.Dropout %R,

BTy BRI AEAR X DARICE 2 X T AP R AR (5 B

o P API

ZH
p (f1oat) —probability of an element to be zeroed
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The multi-step version of spikingjelly.clock_driven.layer.Dropout.

Tip

Read Propagation Pattern for more details about single-step and multi-step propagation.

forward (x_seq: Tensor)
training: bool

class spikingjelly.clock_driven.layer.MultiStepDropout2d (p=0.5)

H2: Dropout2d

* APl in English

BH
p (float) “BAILEPEE N 0 iR

spikingjelly.clock_driven.layer.Dropout2d HIZ A,

BTy R AEAR X DARICE 2 X T AP 2 AR (5 B .

o P API

BH
p (f1oat) —probability of an element to be zeroed

The multi-step version of spikingjelly.clock_driven.layer.Dropout2d.

Tip

Read Propagation Pattern for more details about single-step and multi-step propagation.

forward (x_seq: Tensor)
training: bool

class spikingjelly.clock_driven.layer.SynapseFilter (tau=100.0, learnable=False)

H2K: MemoryModule

* APl in English

SH
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* tau —time Zfll_HL YR RE DA I ) L
* learnable I [EHAHEYI 2222 1. &8 True, W tau Sk
SE DS B 5 R R B

HAPRBIE M. SME R AL L B0 ko AR, i R s

dI(t)

T = —1(t)

UATH KA, L 1

ek A KA S(t), METE, SG&—HEmER TN
) =1(t—1)—(1— S(t))%[(t — 1)+ S(t)

ARG RERF i A kb A TP, B A A G e b 2R

T = 50

in_spikes = (torch.rand(size=[T]) >= 0.95).float ()

lp_syn = LowPassSynapse (tau=10.0)

pyplot.subplot (2, 1, 1)

pyplot.bar (torch.arange (0, T).tolist (), in_spikes, label='in spike')
pyplot.xlabel ('t")

pyplot.ylabel ('spike')

pyplot.legend()

out_1i = []

for i in range(T):
out_i.append(lp_syn(in_spikes[i]))

pyplot.subplot (2, 1, 2)

pyplot.plot (out_i, label='out 1i')

pyplot.xlabel ('t")

pyplot.ylabel ('i")

pyplot.legend()

pyplot.show ()
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Bl in spike

10 20 40

2.0 A

1.5

= 1.0 A

0.5

0.0

— puti

10 20 40

Bt LA SUBCR T2 BTN ZI A, SRR T Z BIRYRI A, SRR T —E ICIZBE DT -
XA EA A, Bl

Unsupervised learning of digit recognition using spike-timing-dependent plasticity

Exploiting Neuron and Synapse Filter Dynamics in Spatial Temporal Learning of Deep Spiking Neural Network

75— PR R AN — Rl A ki, -t RS Y LIF #h2eoe. I FL i 280 AR E A +oo

o

M TR G RITH R — @ R B Tz Zon e B L A b ik e O B, TR T
HEGERY B B VT (BRI A HOR) SRFIR M A TCIRERIE R k. IER N TR —Z, 15
PATR SCEEH ] -

Enabling spike-based backpropagation for training deep neural network architectures

o S API

SH

* tau -time constant that determines the decay rate of current in the synapse

* learnable —whether time constant is learnable during training. If True, then tau will be

the initial value of time constant
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The synapse filter that can filter input current. The output current will decay when there is no input spike:
di(t)
— =—I(t
T3 (t)

The output current will increase 1 when there is a new input spike:

Denote the input spike as S(t), then the discrete current update equation is as followed:
1
It)y=I(t—1)—(1- S(t));[(t —-1)+5()

This synapse can smooth input. Here is the example and output:

T = 50

in_spikes = (torch.rand(size=[T]) >= 0.95).float ()

lp_syn = LowPassSynapse (tau=10.0)

pyplot.subplot (2, 1, 1)

pyplot.bar (torch.arange (0, T).tolist (), in_spikes, label='in spike')
pyplot.xlabel ('t")

pyplot.ylabel ('spike')

pyplot.legend()

out_1i = []
for i in range(T):
out_i.append(lp_syn (in_spikes[i]))
pyplot.subplot (2, 1, 2)
pyplot.plot (out_i, label='out 1i')
pyplot.xlabel ('t")
pyplot.ylabel ("i")
pyplot.legend()
pyplot.show ()
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1.0 B in spike
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0.5
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The output current is not only determined by the present input but also by the previous input, which makes this

synapse have memory.

This synapse is sometimes used, e.g.:

Unsupervised learning of digit recognition using spike-timing-dependent plasticity

Exploiting Neuron and Synapse Filter Dynamics in Spatial Temporal Learning of Deep Spiking Neural Network
Another view is regarding this synapse as a LIF neuron with a +oo threshold voltage.

The final output of this synapse (or the final voltage of this LIF neuron) represents the accumulation of input spikes,
which substitute for traditional firing rate that indicates the excitatory level. So, it can be used in the last layer of

the network, e.g.:

Enabling spike-based backpropagation for training deep neural network architectures
extra_repr ()

forward (in_spikes: Tensor)

training: bool

class spikingjelly.clock_driven.layer.ChannelsPool (pool: MaxPoolld)
2 Module
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e APl in English

S
pool —nn.MaxPoolld B nn.AvgPoolld, HfLE

1] pool Fifi AR 4-D Bl s 1 AN Bt fritbib.

AN

>>> cp = ChannelsPool (torch.nn.MaxPoolld (2, 2))
>>> x = torch.rand(size=[2, 8, 4, 4])

>>> y = cp(x)

>>> y.shape

torch.Size([2, 4, 4, 4])

o P API

BH
pool nn.MaxPoolldor nn.AvgPoolld, the pool layer

Use pool to pooling 4-D input at dimension 1.

Examples:

>>> cmp = ChannelsPool (torch.nn.MaxPoolld (2, 2))
>>> x = torch.rand(size=[2, 8, 4, 4])

>>>y = cp(x)

>>> y.shape

torch.Size([2, 4, 4, 4])

forward (x: Tensor)
training: bool

class spikingjelly.clock_driven.layer.DropConnectLinear (in_features: int, out_features: int,
bias: bool = True, p: float = 0.5,
samples_num: int = 1024,
invariant: bool = False,

activation: Module = ReLU())

HZ: MemoryModule

e APl in English

SH
* in_features (int) P AFEAIRHIEEL
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out_features (int) BN FEAMFIESL

bias (bool) —#A False, WAZARESH A WMET . ERIAH True

p (float) R ATEEPWIF AR . BINH 0.5
samples_num (int) —{EHERIN, Mo R PR BAE RO . BRI 1024

invariant (bool) # True, &VEZETER —RKITHI A G AR SR W T
Wi IR AR SRS, HE reset () REBLAR, L2 E e a8
WA, TREEWAEE, WH reset () REUSHIS— KBTI A& RG] SR HA R
WiHf. &k False, FEAE—UKHI &R 2t 2 A0 o0 B0 58 & 1 B PR R T T
a5t layer. Dropout VAIRAGE £ T IS EE L. BN False

activation (None or nn.Module) {ELM: 2 G HIEE 2

DropConnect, H Regularization of Neural Networks using DropConnect — 342!, DropConnect -5 Dropout
FEHAAL, XAFET DropConnect Jg M p WiTF 4z, T Dropout i 54 A DABEARE. 0.

&z AE(# ] DropConnect #EATHEHERT, %5t tensor FJEANTCE, A2 S E oG R AL,
TG R G, AR SRR BT PR EIR . R4 A SRAR FT PATE Regularization of Neural Networks
using DropConnect —SCH ) Algorithm 2 3. J#%)2 activation FEHEFBREMER , HIRATR

FAEARERA A -
s P API
SH

in_features (int) —size of each input sample

out_features (int) —size of each output sample

bias (bool) —If set to False, the layer will not learn an additive bias. Default: True
p (f1oat) —probability of an connection to be zeroed. Default: 0.5

samples_num (int) —number of samples drawn from the Gaussian during inference. De-
fault: 1024

invariant (bool) —If set to True, the connections will be dropped at the first time of
forward and the dropped connections will remain unchanged until reset () is called and the
connections recovery to fully-connected status. Then the connections will be re-dropped at the
first time of forward after reset (). If set to False, the connections will be re-dropped at
every forward. See layer. Dropout for more information to understand this parameter. Default:

False

activation (None or nn.Module)—the activation layer after the linear layer
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DropConnect, which is proposed by Regularization of Neural Networks using DropConnect, is similar with Dropout

but drop connections of a linear layer rather than the elements of the input tensor with probability p.

Note

When inference with DropConnect, every elements of the output tensor are sampled from a Gaussian distribution,
activated by the activation layer and averaged over the sample number samples_num. See Algorithm 2 in Regu-
larization of Neural Networks using DropConnect for more details. Note that activation is an intermediate process.

This is the reason why we include act ivation as a member variable of this module.

reset_parameters () — None

e API in English

B

None
B
None

WAL B Rl 243 50
e P API

B

None

AT E i

None
Initialize the learnable parameters of this module.

reset ()
* API in English

Bl

None

P E !

None

PRRMEREE N R EERAIRE, # self.activation WR—MRERE, MRFHABEE.,

« AP

Bl

None
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BT

None

Reset the linear layer to fully-connected status. If self.activation is also stateful, this function will

also reset it.

drop (batch_size: int)

forward (input: Tensor) — Tensor
extra_repr () — str
training: bool

class spikingjelly.clock_driven.layer.MultiStepContainer (*args)
H: Sequential

e APl in English

S8
args (torch.nn.Module) B/l £/ W 45 R

R B B B R -

BTy B SRR DAREUE 2 T B M2 AR IR B .

o L API

B

args (torch.nn.Module)—one or many modules

A container that wraps single-step modules to a multi-step modules.

Tip

Read Propagation Pattern for more details about single-step and multi-step propagation.

forward (x_seq: Tensor)

ZH

x_seq (Tensor) —shape=[T, batch_size, -]
RA

y_seq, shape=[T, batch_size, -]
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BT

Tensor
training: bool
class spikingjelly.clock_driven.layer.SeqToANNContainer (*args)
H: Sequential
o APl in English

B
*args JURSHEA B Z A ANN B 45 )2

£3255 TEARAS B ANN DAAL 3579 B (9 f 5 %5 . shape=[T, batch_size, ...] [ A2
e shape=[T * batch_size, ...] HEABEREABI. HiLSERIWHIFN shape=1(T,
batch_size, ...]1.
NGRS
o P API
BH

*args —one or many stateless ANN layers

A container that contain sataeless ANN to handle sequential data. This container will concatenate inputs
shape=[T, batch_size, ...] attime dimension as shape=[T * batch_size, ...],andsend

the reshaped inputs to contained ANN. The output will be split to shape=[T, batch_size, ...].
Examples:

forward (x_seq: Tensor)

BH

x_seq (Tensor) —shape=[T, batch_size, -]
R

y_seq, shape=[T, batch_size, -]
B

Tensor
training: bool
class spikingjelly.clock_driven.layer.STDPLearner (tau_pre: float, tau_post: float, f_pre,

f_post)
HZ: MemoryModule
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import torch

import torch.nn as nn

from spikingjelly.clock_driven import layer, neuron, functional
from matplotlib import pyplot as plt

import numpy as np

def f_pre(x):

return x.abs () + 0.1

def f_post (x):

return - f_pre (x)

fc = nn.Linear (1, 1, bias=False)

stdp_learner = layer.STDPLearner (100., 100., f_pre, f_post)

trace_pre = []

trace_post = []

w =[]

T = 256

s_pre = torch.zeros ([T, 1])

s_post = torch.zeros ([T, 1])

s_pre[0O: T // 2] = (torch.rand_like(s_pre[0: T // 2]) > 0.95).float()
s_post[0: T // 2] = (torch.rand_like(s_post[0: T // 2]) > 0.9).float()
s_prel[T // 2:] = (torch.rand_like(s_prel[T // 2:]) > 0.8).float ()
s_post[T // 2:]1 = (torch.rand_like(s_post[T // 2:]1) > 0.95).float()

for t in range(T):
stdp_learner.stdp(s_prelt], s_post[t], fc, le-2)
trace_pre.append(stdp_learner.trace_pre.item())
trace_post.append (stdp_learner.trace_post.item())

w.append (fc.weight.item())

plt.style.use('science')

fig = plt.figure(figsize=(10, 6))
s_pre = s_prel[:, 0].numpy ()
s_post = s_post[:, 0].numpy ()

t = np.arange (0, T)
plt.subplot (5, 1, 1)

plt.eventplot ((t * s_pre)[s_pre == 1.], lineoffsets=0, colors='r"')
plt.yticks ([])

plt.ylabel ('$S_{pre}$', rotation=0, labelpad=10)

plt.xticks ([])

plt.x1lim (0, T)
plt.subplot (5, 1, 2)

[y
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(Fz E70)
plt.plot (t, trace_pre)
plt.ylabel ("Str_ $', rotation=0, labelpad=10)
plt.xticks ([])
plt.x1lim (0, T)
plt.subplot (5, 1, 3)
plt.eventplot ((t * s_post) [s_post == 1.], lineoffsets=0, colors='r'")
plt.yticks ([])
plt.ylabel ("SS_ $', rotation=0, labelpad=10)
plt.xticks ([])
plt.x1im (0, T)
plt.subplot (5, 1, 4)
plt.plot (t, trace_post)
plt.ylabel ("Str_ $', rotation=0, labelpad=10)
plt.xticks ([])
plt.x1lim (0, T)
plt.subplot (5, 1, 5)
plt.plot(t, w)
plt.ylabel('sw$', rotation=0, labelpad=10)
plt.x1im (0, T)
plt.show ()
liml RN A,
20 F 3
Urpre
0 4
S N B . ] [
t7'posf5k ]
0 4
041 i
w
03 1 1 1 1 1
0 50 100 150 200 250

stdp (s_pre: Tensor, s_post: Tensor, module: Module, learning_rate: float)
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training: bool

class spikingjelly.clock_driven.layer.PrintShapeModule (ext_str="PrintShapeModule’)

K Module

o APl in English

BH
ext_str (str) HIMTHI T H

HITH ext_str flk A) shape, AIATEMERAVER ML )Z, A PAF T debug.

o AP

SH
ext_str (str) —extra strings for printing

This layer will not do any operation but print ext__ st r and the shape of input, which can be used for debugging.

forward (x: Tensor)
training: bool

class spikingjelly.clock_driven.layer.ConvBatchNorm2d (in_channels: int, out_channels: int,
kernel_size: Union[int, Tuple[int,
int]], stride: Union[int, Tuple[int,
int]] = 1, padding: Union[int,
Tuple[int, int]] = 0, dilation:
Union[int, Tuple[int, int]] = 1,
groups: int = 1, padding_mode: str =
zeros’, eps=1e-05, momentum=0.1,
affine=True,
track_running_stats=True)

H: Module

A fused Conv2d-BatchNorm2d module. See torch.nn.Conv2d and torch.nn.BatchNorm2d for

params information.

Examples:

convbn ConvBatchNorm2d (3, 64, kernel_size=3, padding=1)
x = torch.rand([16, 3, 224, 2247)
with torch.no_grad():

convbn.eval ()

conv = convbn.get_fused_conv ()

conv.eval ()

print ((convbn (x) - conv(x)) .abs().max())

[y
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(% L0

k_weight = 1.5
b_weight = 0.4
k_bias = 0.8
b_bias = 0.1

conv.weight.data *= k_weight
conv.weight.data += b_weight
conv.bias.data *= k_bias

conv.bias.data += b_bias

convbn.scale_fused_weight (k_weight, b_weight)

convbn.scale_fused_bias (k_bias, b_bias)

print ((convbn (x) - conv(x)) .abs () .max())

forward (x: Tensor)
get_fused_weight ()

B
the weight of this fused module

B

Tensor
get_fused_bias ()

B

the bias of this fused module

R !

Tensor
scale_fused_weight (k=None, b=None)
S8
e k(float or None)—scale factor
e b(float or None) —bias factor
Set the weight of this fused module to weight * k + b
scale_fused_bias (k=None, b=None)
S8

e k(float or None)—scale factor
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e b(float or None) —bias factor
Set the bias of this fused module to bias * k + b

get_fused_conv ()
training: bool

class spikingjelly.clock_driven.layer.ElementWiseRecurrentContainer (sub_module:
Module, ele-
ment_wise_function:
Callable)

HZ: MemoryModule
¥
e sub_module (torch.nn.Module) —the contained module

* element_wise_function (Callable) —the user-defined element-wise function,

which should have the format z=f (x, vy)

A container that use a element-wise recurrent connection. Denote the inputs and outputs of sub_module as i[t]

and y[t] (Note that y[¢] is also the outputs of this module), and the inputs of this module as xt], then

ift] = f(xft],ylt = 1))

where f is the user-defined element-wise function. We set y[—1] = 0.

Note

The shape inputs and outputs of sub_module must be the same.

Codes example:

T = 8

net = ElementWiseRecurrentContainer (neuron.IFNode (v_reset=None), element_wise_
—function=lambda x, y: x + V)

print (net)

X = torch.zeros ([T])

x[0] = 1.5

for t in range(T):

print(t, f'x[t]={x[t]}, s[t]={net(x[t])}")

functional.reset_net (net)

forward (x: Tensor)
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extra_repr () — str
training: bool

class spikingjelly.clock_driven.layer.LinearRecurrentContainer (sub_module: Module,
in_features: int,
out_features: int, bias:

bool = True)

HZ: MemoryModule
S
e sub_module (torch.nn.Module)—the contained module
* in_features (int) —size of each input sample
* out_features (int) —size of each output sample
* bias (bool) —If set to False, the layer will not learn an additive bias

A container that use a linear recurrent connection. Denote the inputs and outputs of sub_module as [t] and y[t]

(Note that y[t] is also the outputs of this module), and the inputs of this module as x[t], then

o [t] T
it] = <y[t 3 1}) W= +b

where W, b are the weight and bias of the linear connection. We set y[—1] = 0.

x[t] should have the shape [N, *, in_features],and y[t] has the shape [N, *, out_features].

Tip
The recurrent connection is implement by torch.nn.Linear (in_features + out_features,

in_features, bias).

in_features = 4

out_features = 2

T = 8

N = 2

net = LinearRecurrentContainer (

nn.Sequential (
nn.Linear (in_features, out_features),
neuron.LIFNode (),
)
in_features, out_features)
print (net)

X = torch.rand ([T, N, in_features])

EEFI)
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(% L0

for t in range(T):

print (t, net(x[t]))

functional.reset_net (net)

forward (x: Tensor)
training: bool

class spikingjelly.clock_driven.layer.MultiStepThresholdDependentBatchNormld (alpha:

float,
v_th:
foat,
*args,
*Ekwargs)

R Mult iStepThresholdDependentBatchNormBase

o APl in English

BE
* alpha (float) —H ML E RS
* v_th (float) — F— ki £ IC)2 1 B(E

*args, **kwargs TZEEY torch.nn.BatchNormld [SHAHE .

Going Deeper With Directly-Trained Larger Spiking Neural Networks —3C#2 H 1) Threshold-Dependent Batch
Normalization (tdBN),

o AP

SH
* alpha (f1oat) —the hyper-parameter depending on network structure

* v_th (float) —the threshold of next spiking neurons layer

Other parameters in *args, **kwargs are same with those of torch.nn.BatchNormld.

The Threshold-Dependent Batch Normalization (tdBN) proposed in Going Deeper With Directly-Trained Larger
Spiking Neural Networks.

num_features: int
eps: float

momentum: float
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affine: bool
track_running_stats: bool

class spikingjelly.clock_driven.layer.MultiStepThresholdDependentBatchNorm2d (alpha:
float,
v_th:

float,
*args,

*rkwargs)

JJ5: _MultiStepThresholdDependentBatchNormBase

e APl in English

B8
* alpha (float) i MZEE5HE B S5
« v_th (float) — F—/ ki &2 BE
*args, **kwargs FHZSHYE torch.nn.BatchNorm2d KIS EHHIA .

Going Deeper With Directly-Trained Larger Spiking Neural Networks — 342 4 1) Threshold-Dependent Batch
Normalization (tdBN),

o P API

BH
* alpha (f1oat) —the hyper-parameter depending on network structure

» v_th (float) —the threshold of next spiking neurons layer

Other parameters in *args, **kwargs are same with those of torch.nn.BatchNorm2d.

The Threshold-Dependent Batch Normalization (tdBN) proposed in Going Deeper With Directly-Trained Larger
Spiking Neural Networks.

num_features: int
eps: float
momentum: float
affine: bool

track_running_ stats: bool
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class spikingjelly.clock_driven.layer.MultiStepThresholdDependentBatchNorm3d (alpha:

foat,
v_th:

float,
*args,

**kwargs)

H2K: _MultiStepThresholdDependentBatchNormBase

e API in English

S5
* alpha (float) MM L HE S
* v_th (float) — N—A ki £ o021y (E

*args, **kwargs HZ45 torch.nn.BatchNorm3d ZEHAIR .

Going Deeper With Directly-Trained Larger Spiking Neural Networks — 3C#2 H # Threshold-Dependent Batch
Normalization (tdBN),

o P APl

* alpha (f1oat) —the hyper-parameter depending on network structure

* v_th (float) —the threshold of next spiking neurons layer

Other parameters in *args, **kwargs are same with those of torch.nn.BatchNorm3d.

The Threshold-Dependent Batch Normalization (tdBN) proposed in Going Deeper With Directly-Trained Larger

Spiking Neural Networks.

num_features: int

eps: float

momentum: float

affine: bool
track_running_stats: bool

class spikingjelly.clock_driven.layer.MultiStepTemporalWiseAttention (T:int,
reduction: int
=16,
dimension: int
=4)

H: Module
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e APl in English

¥
B NG IS
+ reduction [E45lL
* dimension -Hi AXIEMYERE . M AZE N [T, N, C, H, W] I}, dimension =4; #j
ABARYEEEH [T, N, L] Bif, dimension = 2,

Temporal-Wise Attention Spiking Neural Networks for Event Streams Classification 742 H} fi{) MultiStepTem-
poralWiseAttention JZ ., MultiStepTemporalWiseAttention Z 2 E — i AR 2 2 5 Bk & e i,
-

Conv2d —-> MultiStepTemporalWiseAttention —-> LIF

HAMRSE [T, N, C, H, Wl 8{(F [T, N, L], %) MultiStepTemporalWiseAttention |2, %y}
4 [T, N, C, H, W] ## [T, N, L].

reduction %Eéﬁ[ﬁ[ﬁ, M2 TSR r,

o F S API

SH

* T —timewindows of input

* reduction —reduction ratio

* dimension —Dimensions of input. If the input dimension is [T, N, C, H, W], dimension =

4; when the input dimension is [T, N, L], dimension = 2.

The MultiStepTemporal Wise Attention layer is proposed in Temporal-Wise Attention Spiking Neural Networks for
Event Streams Classification.
It should be placed after the convolution layer and before the spiking neurons, e.g.,
Conv2d —-> MultiStepTemporalWiseAttention -> LIF

The dimension of the inputis [T, N, C, H, W]or [T, N, L],afterthe MultiStepTemporalWiseAttention
layer, the output dimensionis [T, N, C, H, W]or [T, N, L].

reduction is the reduction ratio, which is r in the paper.
training: bool

forward (x_seq: Tensor)
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spikingjelly.clock_driven.neuron package

Module contents

spikingjelly.clock_driven.neuron.check_backend (backend: str)

class spikingjelly.clock_driven.neuron.BaseNode (v_threshold: float = 1.0, v_reset: float = 0.0,

surrogate_function: Callable =
Sigmoid(alpha=4.0, spiking=True),

detach_reset: bool = False)

HZ: MemoryModule

o APl in English

S
* v_threshold (float) & ILHY BI{EH B &

e v_reset (float) ML EEHE. WHEAN None, MRS, H
RSP EE N v_reset; WIREE A None, MHESYINZE v_threshold

* surrogate_function (Callable) &G TT3 ki ok Fob B =24 R
44
» detach_reset (bool) —275HF reset AR TT A K &
Al T4 SNN 2 Jo ) AR 25T,

o P API

S

v_threshold (f1oat) —threshold voltage of neurons

* v_reset (float) —reset voltage of neurons. If not None, voltage of neurons that just fired
spikes will be set to v_reset. If None, voltage of neurons that just fired spikes will subtract
v_threshold

* surrogate_function (Callable) —surrogate function for replacing gradient of spik-

ing functions during back-propagation
* detach_reset (bool)-whether detach the computation graph of reset
This class is the base class of differentiable spiking neurons.
abstract neuronal_charge (x: Tensor)
* API in English

TE XA TT FERZE D IR T IS XA PR A
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o ¥ API
Define the charge difference equation. The sub-class must implement this function.
neuronal_fire ()
e API in English
A YA 2 e R . BI(E, 5 k.
o VAPl
Calculate out spikes of neurons by their current membrane potential and threshold voltage.
neuronal_reset (spike)
* APl in English
AR 24 1 1o 2 TR ke, RS IR (S A T R
o WL API
Reset the membrane potential according to neurons’ output spikes.
extra_repr ()

forward (x: Tensor)

* APl in English

S

x (torch. Tensor) —#y AB| 1L T0H B Y&
B m]

P22 TR i L ikt
A [E1 v

torch.Tensor

FEHATERL . O ECE T AT R T AL
o WL API
S8
x (torch. Tensor) —increment of voltage inputted to neurons
B
out spikes of neurons

BT

torch.Tensor

Forward by the order of neuronal_charge, neuronal_fire, and neuronal_reset.
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training: bool

class spikingjelly.clock_driven.neuron.AdaptiveBaseNode (v_threshold: float = 1.0, v_reset:
float = 0.0, v_rest: float = 0.0,
w_rest: float = 0, tau_w: float =
2.0, a: float = 0.0, b: float = 0.0,
surrogate_function: Callable =
Sigmoid(alpha=4.0,
spiking=True), detach_reset: bool
= Fualse)

3 BaseNode
neuronal_adaptation (spike)
extra_repr ()
forward (x: torch. Tensor)

Helper for @overload to raise when called.
training: bool

class spikingjelly.clock_driven.neuron.IFNode (v_threshold: float = 1.0, v_reset: float = 0.0,
surrogate_function: Callable =
Sigmoid(alpha=4.0, spiking=True), detach_reset:
bool = False, cupy_fp32_inference=False)

HI: BaseNode

* APl in English

S8
» v_threshold (float) —#ZICH BIEH T

» v_reset (float) MAITUHEBEBE. WRAN None, Kokt g, &
JESWEEE N v_reset; QIRIEE N None, NWIHESHIH A v_threshold

* surrogate_function (Callable) [ [l f S HIA VTS ki ok KB BE A ek
5

» detach_reset (bool) — 275 reset 1 FEA B K 40 B
* cupy_f£fp32_inference (bool) ¥ N True, 1F eval #5K, i Jf] float32, AI¥F GPU
FazfT, I H cupy CELEE, MBI cupy AT

Integrate-and-Fire i £ oY, W DAEAEHAEA 4%, To AR HUEGRRHEE , A LIF Mg ollike
. HENMEsh 2 RN

Vit =Vt —1] + X[t]
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o P API

SH
* v_threshold (f1oat) —threshold voltage of neurons

* v_reset (float) —reset voltage of neurons. If not None, voltage of neurons that just fired
spikes will be set to v_reset. If None, voltage of neurons that just fired spikes will subtract
v_threshold

* surrogate_function (Callable) —surrogate function for replacing gradient of spik-

ing functions during back-propagation
* detach_reset (bool) -whether detach the computation graph of reset

* cupy_fp32_inference (bool) —If True, if this module is in eval mode, using float32,

running on GPU, and cupy is installed, then this module will use cupy to accelerate

The Integrate-and-Fire neuron, which can be seen as a ideal integrator. The voltage of the IF neuron will not decay

as that of the LIF neuron. The subthreshold neural dynamics of it is as followed:

Vt] =Vt —1] + X[t]

neuronal_charge (x: Tensor)
forward (x: Tensor)

training: bool

class spikingjelly.clock_driven.neuron.MultiStepIFNode (v_threshold: float = 1.0, v_reset:

float = 0.0, surrogate_function:
Callable = Sigmoid(alpha=4.0,
spiking=True), detach_reset: bool =
False, backend="torch’,

lava_s_cale=64)
I TFNode

* APl in English

S
* v_threshold (float) & ILHY B B E

* v_reset (float) 7T$Z§:7—BE@E§%E0 ﬁﬂ%ﬁjﬂ None, éllfqaééﬁ*%ﬁiﬂﬂ({qq)a’ 5}
RSP EE N v_reset; WIRRE A None, MHESYINZ v_threshold

* surrogate_function (Callable) [ [alf&fimf HIAR VTR bkir ok £obh BE O AU pR
bl
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» detach_reset (bool) —2{5FF reset A FEMT 1A K 7 B

* backend (str) —fH BFFITE Gu, PIPAAN "torch' 8 'cupy'. 'cupy' M
HE, HAZ R GPU,

LM AH spikingjelly.clock_driven.neuron.IFNode,

MG T EAMAL T, Bi A x_seq.shape = [T, *1, AUTPAHH .v Al .spike FKEL t =
T - 1 BZIFH )RRkl , B HEH . v_seq Ml . spike_seq SKESERERY T AN 20 AY HL AN kot

Y B AE AR DARBUE 2 X T AP M2 AR (5 5 -

o APl

SH
* v_threshold (f1oat) —threshold voltage of neurons

* v_reset (float) —reset voltage of neurons. If not None, voltage of neurons that just fired
spikes will be set to v_reset. If None, voltage of neurons that just fired spikes will subtract
v_threshold

* surrogate_function (Callable) —surrogate function for replacing gradient of spik-

ing functions during back-propagation
* detach_reset (bool) -whether detach the computation graph of reset
* backend (str) —use which backend, 'torch' or 'cupy'. 'cupy' is faster but only

supports GPU

The multi-step version of spikingjelly.clock_driven.neuron.IFNode.

Tip
The input for multi-step neurons are x_seq.shape = [T, *]. We can get membrane potential and spike at

time-stept = T - 1by.vand.spike. We can also get membrane potential and spike at all T time-steps by

.v_seqgand .spike_seq.

Tip

Read Propagation Pattern for more details about single-step and multi-step propagation.
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forward (x_seq: Tensor)
extra_repr ()
to_lava ()

reset ()

training: bool

class spikingjelly.clock_driven.neuron.LIFNode (fau: float = 2.0, decay_input: bool = True,
v_threshold: float = 1.0, v_reset: float = 0.0,
surrogate_function: Callable =
Sigmoid(alpha=4.0, spiking=True),
detach_reset: bool = False,

cupy_fp32_inference=False)

HH: BaseNode

* APl in English

S8
* tau (£loat) —HEH AL R HEL
* decay_input (bool) i ARSI
» v_threshold (float) &G BEH &

* v_reset (float) 7}332'}:7—59@@%%};:0 ﬁﬂ%ﬁﬁ None, éllfqaééﬁ*%ﬁiﬂﬂ({qq)a’ 5
JESHEE N v_reset; UK E N None, NHESPHZE v_threshold

* surrogate_function (Callable) — [ [n) &4 it 55 ik ok B0 B2 1) B X o
4
» detach_reset (bool) &7 reset LRI B 43 55
* cupy_f£fp32_inference (bool)—#i N True, IF eval #5izF , i ] float32, A¥F GPU
FizfT, I H cupy BEZAE, W BN cupy FEATIMER
Leaky Integrate-and-Fire #1Z2 yuiiAY , W DABAE W IR B3 . T &8 ek

%7 decay_input == True:

LK~ (V1] Vycser)

V[t =V[t—1]+

¥ decay_input == False:

VI = VIt —1] = SVt = 1]~ Vyewer) + X[1]

T
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INBEY: TE eval BRI float32, #I7E GPU _Fizfr, IH cupy B4 2%, W EHEhHER cupy JE
AT .

e tau (f1oat)-membrane time constant
* decay_input (bool)—whether the input will decay
* v_threshold (f1oat) —threshold voltage of neurons

* v_reset (float) —reset voltage of neurons. If not None, voltage of neurons that just fired
spikes will be set to v_reset. If None, voltage of neurons that just fired spikes will subtract
v_threshold

* surrogate_function (Callable) —surrogate function for replacing gradient of spik-

ing functions during back-propagation
* detach_reset (bool)-whether detach the computation graph of reset
* cupy_fp32_inference (bool) —If True, if this module is in eval mode, using float32,
running on GPU, and cupy is installed, then this module will use cupy to accelerate
The Leaky Integrate-and-Fire neuron, which can be seen as a leaky integrator. The subthreshold neural dynamics

of it is as followed:

IF decay_input == True:

IF decay_input == False:

VI = VIE— 1] = ~(VIE~ 1] = Voeger) + X1

Tip
If this module is in eval mode, using float32, running on GPU, and cupy is installed, then this module will use cupy

to accelerate.
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extra_repr ()
neuronal_charge (x: Tensor)
forward (x: Tensor)
training: bool

class spikingjelly.clock_driven.neuron.MultiStepLIFNode (fau: float = 2.0, decay_input: bool
= True, v_threshold: float = 1.0,
v_reset: float = 0.0,
surrogate_function: Callable =
Sigmoid(alpha=4.0,
spiking=True), detach_reset: bool
= False, backend="torch’,

lava_s_cale=64)

HH: LIFNode

e API in English

S8
* tau (float) —[FEHLALINTE HEL
» decay_input (bool) i A BB ER
 v_threshold (float) 1% TCHY BI(E L E

* v_reset (float) MAETHEEBLE. WHRAN None, B okplik g, B
B EE N v_reset; UK E N None, NHESPHZE v_threshold

+ surrogate_function (Callable) I N ik FEENknh B ACBAIEHY i FL
1

e detach_reset (bool) —215¥F reset AR THEE 5

* backend (str) i WA THE G0, PIPAA "torch' of 'cupy'. 'cupy' #JF
bk, B GPU.

ZH A spikingjelly.clock_driven.neuron.LIFNode,

MBS XETEZEMATT, FiA x_seq.shape = [T, *1, AMUATLAH vl . spike Mt =
T - L IWNZIR R AR, BB . v_seq Fl . spike_seq SRIMTERERY T AN ZI A B H A K o

BTy R AEAR X DARICE 2 X T AP 2 R (5 .
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e tau (f1oat)-membrane time constant
* decay_input (bool)—whether the input will decay
* v_threshold (f1oat) —threshold voltage of neurons

* v_reset (float) —reset voltage of neurons. If not None, voltage of neurons that just fired
spikes will be set to v_reset. If None, voltage of neurons that just fired spikes will subtract
v_threshold

* surrogate_function (Callable) —surrogate function for replacing gradient of spik-

ing functions during back-propagation
* detach_reset (bool)-whether detach the computation graph of reset
* backend (str) —use which backend, 'torch' or 'cupy'. 'cupy' is faster but only

supports GPU

The multi-step version of spikingjelly.clock_driven.neuron.LIFNode.

Tip
The input for multi-step neurons are x_seq.shape = [T, *]. We can get membrane potential and spike at

time-stept = T — 1by .vand .spike. We can also get membrane potential and spike at all T time-steps by

.v_seqgand .spike_seq.

Tip

Read Propagation Pattern for more details about single-step and multi-step propagation.

forward (x_seq: Tensor)
extra_repr ()
to_lava ()

reset ()

training: bool
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class spikingjelly.clock_driven.neuron.ParametricLIFNode (init_tau: float = 2.0,

decay_input: bool = True,
v_threshold: float = 1.0, v_reset:
float = 0.0, surrogate_function:
Callable = Sigmoid(alpha=4.0,
spiking=True), detach_reset:

bool = False)
H: BaseNode

e API in English

BH
« init_tau (float) RN R H ORI LA E
« decay_input (bool) i AL T
 v_threshold (float) 1% T BI(EH

» v_reset (float) MAITLHEEB L. WRAN None, Lokt s, &
EXHEEE N v_reset; WK E N None, WKW ZE v_threshold

* surrogate_function (Callable) [ [l f i AT hkir ok KB HE A ek
5

» detach_reset (bool) —275¥F reset AN 1A K 4 B

Incorporating Learnable Membrane Time Constant to Enhance Learning of Spiking Neural Networks 2 H i
Parametric Leaky Integrate-and-Fire (PLIF) #i £ oA, W DAFEAE @ W im0 . KB T &) )12
TREN

%+ decay_input == True:

# decay_input == False:

VI = VIt~ 1] = (VI = 1] = Viewer) + X[

o L = Sigmoid(w), w AT ML

e init_tau (f1oat) —the initial value of membrane time constant

368

Chapter 7. Welcome to SpikingJdelly’ s documentation


https://docs.python.org/3/library/functions.html#float
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/functions.html#float
https://docs.python.org/3/library/functions.html#float
https://docs.python.org/3/library/typing.html#typing.Callable
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/functions.html#float
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/functions.html#float
https://docs.python.org/3/library/functions.html#float
https://docs.python.org/3/library/functions.html#bool
https://arxiv.org/abs/2007.05785
https://docs.python.org/3/library/functions.html#float

spikingjelly, Z{ThaZ alpha

* decay_input (bool)-whether the input will decay
* v_threshold (f1oat) —threshold voltage of neurons

* v_reset (float) -reset voltage of neurons. If not None, voltage of neurons that just fired
spikes will be set to v_reset. If None, voltage of neurons that just fired spikes will subtract
v_threshold

* surrogate_function (Callable) —surrogate function for replacing gradient of spik-

ing functions during back-propagation

* detach_reset (bool) -whether detach the computation graph of reset

The Parametric Leaky Integrate-and-Fire (PLIF) neuron, which is proposed by Incorporating Learnable Membrane
Time Constant to Enhance Learning of Spiking Neural Networks and can be seen as a leaky integrator. The

subthreshold neural dynamics of it is as followed:

IF decay_input == True:

! (X[t] - (V[t - 1] - Vreset))

T

V[t =V[t—1]+

IF decay_input == False:

Vit =V[t—-1] - %(V[t — 1] = Vieset) + X[t]

where L = Sigmoid(w), w is a learnable parameter.
T

extra_repr ()
neuronal_charge (x: Tensor)
training: bool

class spikingjelly.clock_driven.neuron.MultiStepParametricLIFNode (init_tau: float =
2.0, decay_input:
bool = True,
v_threshold: float
= 1.0, v_reset:
float = 0.0, surro-
gate_function:
Callable = Sig-
moid(alpha=4.0,
spiking=True),
detach_reset: bool
= False,

backend="torch’)
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H: ParametricLIFNode

e API in English

S8
* init_tau (float) [HEHLNEHEEE B MR
» decay_input (bool) i AJEH 2T,
« v_threshold (f1loat) £ ICIY BI{E

» v_reset (float) -MATTIWEEHRE. WHRAN None, MRk, H
KW EE N v_reset; WIHRIEE N None, MHBESYIHF v_threshold

* surrogate_function (Callable) [ [al &4 K155 ki bk K0 B2 (5 A R
e

» detach_reset (bool) —215¥F reset I RN 1A K 4 B

% # i A ) Incorporating Learnable Membrane Time Constant to Enhance Learning of Spiking Neural Networks
i 4 ) Parametric Leaky Integrate-and-Fire (PLIF) #22 eAk %Y | o[ DABVE @ I AR a8 . His s
BIPIE YL vk

VI = Vi = 1]+ Z(X1 = (VI = 1] = Vycaer)

Hep L = Sigmoid(w), w &R S

NG T TFELMAETT, $iA x_seq.shape = [T, *], ANMUAIPAEEH] v Fl .spike KLt =
T - 1 WZIRHEER kR, BEEEHEH .v_seq fll .spike_seq IRENSERERY T B 2 04 HL AT ki

IS BRI DARIE 2 T B M Z SRR IR B

o P API

B8
e init_tau (f1oat) —the initial value of membrane time constant
* decay_input (bool)—whether the input will decay
* v_threshold (f1oat) —threshold voltage of neurons

* v_reset (float) —reset voltage of neurons. If not None, voltage of neurons that just fired
spikes will be set to v_reset. If None, voltage of neurons that just fired spikes will subtract
v_threshold
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* surrogate_function (Callable) —surrogate function for replacing gradient of spik-

ing functions during back-propagation
* detach_reset (bool) -whether detach the computation graph of reset

* backend (str) —use which backend, 'torch' or 'cupy'. 'cupy' is faster but only

supports GPU

The multi-step Parametric Leaky Integrate-and-Fire (PLIF) neuron, which is proposed by Incorporating Learnable
Membrane Time Constant to Enhance Learning of Spiking Neural Networks and can be seen as a leaky integrator.

The subthreshold neural dynamics of it is as followed:

Vi = V[t 1]+ %(X[t] S (VI = 1] = Viewer)

where 1 = Sigmoid(w), w is a learnable parameter.

Tip
The input for multi-step neurons are x_seqg.shape = [T, *]. We can get membrane potential and spike at

time-stept = T — 1by .vand.spike. We can also get membrane potential and spike at all T time-steps by

.v_seqgand .spike_seq.

Tip

Read Propagation Pattern for more details about single-step and multi-step propagation.

forward (x_seq: Tensor)
extra_repr ()
training: bool

class spikingjelly.clock_driven.neuron.QIFNode (fau: float = 2.0, v_c: float = 0.8, a0: float =
1.0, v_threshold: float = 1.0, v_rest: float = 0.0,
v_reset: float = -0.1, surrogate_function:
Callable = Sigmoid(alpha=4.0, spiking=True),

detach_reset: bool = False)

¥ BaseNode

o APl in English
* tau (£loat) LA ] F L
e v_c(float) K E
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* a0 (float)—
» v_threshold (float) —MZICHY HEHE
e v_rest (float) #E HA

e v_reset (float) ML EEHE. WHEAN None, MRS, H
B EE N v_reset; WIREE A None, MHESYINZE v_threshold

* surrogate_function (Callable) [ [a) & RG] et Ea ki ek Eioh B2 1 B A R
b4
» detach_reset (bool) &7 reset LRI B 43 5

Quadratic Integrate-and-Fire #jiZ JCHIAY, — R AU L O A TORAL, R IR Rt 47t
(Exponential Integrate-and-Fire) fIITRIRAS . HH L3 1N :

VIO = Vit — 1]+ ~(X[] 4+ ao(VI[t — 1] — Veeat)(VIE — 1] — V2)

T

o P API

S8
e tau (f1oat)-membrane time constant
* v_c (float) —critical voltage
* a0 (float) -
* v_threshold (f1oat) —threshold voltage of neurons
* v_rest (float) —resting potential

* v_reset (float) -reset voltage of neurons. If not None, voltage of neurons that just fired
spikes will be set to v_reset. If None, voltage of neurons that just fired spikes will subtract
v_threshold

* surrogate_function (Callable) —surrogate function for replacing gradient of spik-

ing functions during back-propagation

* detach_reset (bool) -whether detach the computation graph of reset

The Quadratic Integrate-and-Fire neuron is a kind of nonlinear integrate-and-fire models and also an approximation

of the Exponential Integrate-and-Fire model. The subthreshold neural dynamics of it is as followed:

VI = VIt~ 1+ (X[ + ao(VlE — 1] = View)(VIE— 1] = V2)

extra_repr ()

neuronal_charge (x: Tensor)
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training: bool

class spikingjelly.clock_driven.neuron.EIFNode (fau: float = 2.0, delta_T: float = 1.0, theta_rh:
float = 0.8, v_threshold: float = 1.0, v_rest:
Jloat = 0.0, v_reset: float = -0.1,
surrogate_function: Callable =
Sigmoid(alpha=4.0, spiking=True),

detach_reset: bool = False)

HF: BaseNode

* APl in English

SH
* tau (float) —BEALAL ) FE L
* delta_T (float)-BEIEESEL
e theta_rh (float) K5 B 1 B
 v_threshold (float) % ICHI FI{EHE
* v_rest (float) i E R

* v_reset (float) MEITLWEEH L. WHRAN None, M okikol G, H
FESWiEE N v_reset; WHRIKE N None, NHEESHIHZE v_threshold

* surrogate_function (Callable) [ [ &K 2Rt kil ok Bk B it 2L R
5

» detach_reset (bool) 2% reset i FENTTTE & 4
Exponential Integrate-and-Fire #1 2 TR, —FhIELPEFR A R & oA Ry, 2 HH f & mainl

(Hodgkin-Huxley model) {8l J5 ft S 1 — 2. 1 A — 0 WHEf LIF AL, JLRIF 230 79
IR

VI = Vit =11+ 1 (X[ = (VIe=1) = Vi) + Apesp (L1202 )

o L API

S8
e tau (float)-membrane time constant
* delta_T (float) —sharpness parameter
e theta_rh (f1oat)-rheobase threshold
* v_threshold (f1oat) —threshold voltage of neurons

* v_rest (float) —resting potential
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* v_reset (float) —reset voltage of neurons. If not None, voltage of neurons that just fired
spikes will be set to v_reset. If None, voltage of neurons that just fired spikes will subtract
v_threshold

* surrogate_function (Callable) —surrogate function for replacing gradient of spik-

ing functions during back-propagation
* detach_reset (bool)-whether detach the computation graph of reset
The Exponential Integrate-and-Fire neuron is a kind of nonlinear integrate-and-fire models and also an one-

dimensional model derived from the Hodgkin-Huxley model. It degenerates to the LIF model when Ap — 0.

The subthreshold neural dynamics of it is as followed:
1 Vit—1] -6,
Vil = Vie— 1+ 3 (X0 = V= 1= Voo + Aresp (L1200
extra_repr()

neuronal_charge (x: Tensor)

training: bool

class spikingjelly.clock_driven.neuron.MultiStepEIFNode (fau: float = 2.0, delta_T: float =

1.0, theta_rh: float = 0.8,
v_threshold: float = 1.0, v_rest:
float = 0.0, v_reset: float = -0.1,
surrogate_function: Callable =
Sigmoid(alpha=4.0,
spiking=True), detach_reset: bool

= False, backend="torch’)

HJ: EIFNode
e APl in English
s:;param tau: JEHL (N B 8] # $:type tau: float
S8

e delta_T (float) PEIHEZE
* theta_rh (float) —JE5H &
» v_threshold (float) —fH£ JLHY F{E H &
» v_rest (float) —#H HA

* v_reset (float) MEIUHEEBE. WHRAN None, B okl )g, B
JESWEEE N v_reset; WIRIEE N None, NWIHESHIH A v_threshold
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* surrogate_function (Callable) [ [l fHf S AT ki ok KB RE AR ek
e

» detach_reset (bool) &7 reset T FRHY A & 43 B
LM AH) spikingjelly.clock_driven.neuron.EIFNode,

WTZHMAETT, Bil x_seq.shape = [T, *], MUATPAMEH .v Al .spike KLt = T - 1L H}
ZIM L ATk, IRBEREEH] . v_seq fl . spike_seq RHLSERERY T />Hf 20 HL Ak o

BTy B AEAR X DARICE 2 X T AP 2 AR (5 B

o P APl

S8
e tau (float)-membrane time constant
* delta_T (f1oat) —sharpness parameter
* theta_rh (f1oat) -rheobase threshold
* v_threshold (f1oat) —threshold voltage of neurons
* v_rest (float) —resting potential

* v_reset (float) —reset voltage of neurons. If not None, voltage of neurons that just fired
spikes will be set to v_reset. If None, voltage of neurons that just fired spikes will subtract

v_threshold

* surrogate_function (Callable) —surrogate function for replacing gradient of spik-

ing functions during back-propagation

* detach_reset (bool)-whether detach the computation graph of reset

* backend (str) —use which backend, 'torch' or 'cupy'. 'cupy' is faster but only
supports GPU
Tip
The input for multi-step neurons are x_seq.shape = [T, *]. We can get membrane potential and spike at

time-stept = T - 1by .vand.spike. We can also get membrane potential and spike at all T time-steps by

.v_seqgand .spike_seq.

Tip
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Read Propagation Pattern for more details about single-step and multi-step propagation.

forward (x_seq: Tensor)
extra_repr ()
training: bool

class spikingjelly.clock_driven.neuron.GeneralNode (a: float, b: float, c: float = 0.0,
v_threshold: float = 1.0, v_reset: float =
0.0, surrogate_function: Callable =
Sigmoid(alpha=4.0, spiking=True),

detach_reset: bool = False)

HI: BaseNode

neuronal_charge (x: Tensor)
training: bool

class spikingjelly.clock_driven.neuron.MultiStepGeneralNode (a: float, b: float, c: float,
v_threshold: float = 1.0,
v_reset: float = 0.0,
surrogate_function:
Callable =
Sigmoid(alpha=4.0,
spiking=True),
detach_reset: bool = Fualse,

backend="torch’)

2 GeneralNode

forward (x_seq: Tensor)
extra_repr ()
training: bool

class spikingjelly.clock_driven.neuron.LIAFNode (act: Callable, threshold_related: bool, *args,
*Ekwargs)
3 LIFNode
S8
e act (Callable) —the activation function

¢ threshold_related (bool) —whether the neuron uses threshold related (TR mode). If
true, y = act(h - v_th), otherwise y = act(h)
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Other parameters in *args, **kwargs are same with LI FNode.

The LIAF neuron proposed in LIAF-Net: Leaky Integrate and Analog Fire Network for Lightweight and Efficient

Spatiotemporal Information Processing.

Warning

The outputs of this neuron are not binary spikes.

training: bool

forward (x: Tensor)

spikingjelly.clock_driven.model package

Submodules
spikingjelly.clock_driven.model.spiking_resnet module

class spikingjelly.clock_driven.model.spiking_resnet.SpikingResNet (block, layers,
num_classes=1000,
zero_init_residual=False,
groups=1,
width_per_group=64,
re-
place_stride_with_dilation=None,
norm_layer=None,
sin-
gle_step_neuron:
Op-
tional[callable]
= None,

**lwargs)

HH: Module

forward (x)
training: bool

spikingjelly.clock_driven.model.spiking_resnet.spiking_resnet18 (pretrained=False,
progress=True,
single_step_neuron:
Optional[callable] =

None, **kwargs)
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pretrained (bool) —If True, the SNN will load parameters from the ANN pre-trained on
ImageNet

progress (bool) —If True, displays a progress bar of the download to stderr

* single_step_neuron (callable) —a single-step neuron

kwargs (dict) —kwargs for single_step_neuron
B

Spiking ResNet-18
Yl

torch.nn.Module

A spiking version of ResNet-18 model from “Deep Residual Learning for Image Recognition”

spikingjelly.clock_driven.model.spiking_resnet.spiking_resnet34 (pretrained=False,
progress=True,
single_step_neuron:
Optional{callable] =

None, **kwargs)

pretrained (bool) —If True, the SNN will load parameters from the ANN pre-trained on
ImageNet

progress (bool) —If True, displays a progress bar of the download to stderr

* single_step_neuron (callable) —a single-step neuron

kwargs (dict) —kwargs for single_step_neuron
Bl

Spiking ResNet-34
RN

torch.nn.Module
A spiking version of ResNet-34 model from “Deep Residual Learning for Image Recognition”

spikingjelly.clock_driven.model.spiking_resnet.spiking_resnet50 (pretrained=False,
progress=True,
single_step_neuron:
Optionalfcallable] =

None, **kwargs)

SH

378 Chapter 7. Welcome to SpikingJdelly’ s documentation


https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/stdtypes.html#dict
https://pytorch.org/docs/stable/generated/torch.nn.Module.html#torch.nn.Module
https://arxiv.org/pdf/1512.03385.pdf
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/stdtypes.html#dict
https://pytorch.org/docs/stable/generated/torch.nn.Module.html#torch.nn.Module
https://arxiv.org/pdf/1512.03385.pdf
https://docs.python.org/3/library/typing.html#typing.Optional

spikingjelly, Z{ThaZ alpha

* pretrained (bool)-If True, the SNN will load parameters from the ANN pre-trained on
ImageNet

* progress (bool) —If True, displays a progress bar of the download to stderr
* single_step_neuron (callable) —a single-step neuron

* kwargs (dict) —kwargs for single_step_neuron
Bl
Spiking ResNet-50
RN

torch.nn.Module
A spiking version of ResNet-50 model from “Deep Residual Learning for Image Recognition”

spikingjelly.clock_driven.model.spiking_resnet.spiking_resnet101 (prefrained=False,
progress=True,
single_step_neuron:
Optionalfcallable]

= None, **kwargs)
S

* pretrained (bool)-If True, the SNN will load parameters from the ANN pre-trained on
ImageNet

* progress (bool) —If True, displays a progress bar of the download to stderr
* single_step_neuron (callable) —a single-step neuron

* kwargs (dict) —kwargs for single_step_neuron
Bl
Spiking ResNet-101
BN

torch.nn.Module
A spiking version of ResNet-101 model from “Deep Residual Learning for Image Recognition”

spikingjelly.clock_driven.model.spiking_resnet.spiking_resnet152 (pretrained=False,
progress=True,
single_step_neuron:
Optional{callable]

= None, **kwargs)
SH

* pretrained (bool)-If True, the SNN will load parameters from the ANN pre-trained on
ImageNet
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* progress (bool) —If True, displays a progress bar of the download to stderr
* single_step_neuron (callable)—a single step neuron

* kwargs (dict) —kwargs for single_step_neuron
Bl
Spiking ResNet-152
RN

torch.nn.Module
A spiking version of ResNet-152 model from “Deep Residual Learning for Image Recognition”

spikingjelly.clock_driven.model.spiking_resnet.spiking_resnext50_32x4d (pretrained=False,
progress=True,
sin-
gle_step_neuron:
Op-
tional[callable]
= None,

**kwargs)

pretrained (bool)—If True, the SNN will load parameters from the ANN pre-trained on
ImageNet

progress (bool) —If True, displays a progress bar of the download to stderr

* single_step_neuron (callable)—a single step neuron

kwargs (dict) —kwargs for single_step_neuron
B M

Spiking ResNeXt-50 32x4d
B

torch.nn.Module

A spiking version of ResNeXt-50 32x4d model from “Aggregated Residual Transformation for Deep Neural
Networks”

spikingjelly.clock_driven.model.spiking_resnet.spiking_ resnext101_32x8d (pretrained=False,
progress=True,
sin-
gle_step_neuron:
Op-
tional[callable]
= None,

**kwargs)
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B8
* pretrained (bool)-If True, the SNN will load parameters from the ANN pre-trained on
ImageNet
* progress (bool) —If True, displays a progress bar of the download to stderr
* single_step_neuron (callable) —asingle step neuron
* kwargs (dict) —kwargs for single_step_neuron
A
Spiking ResNeXt-101 32x8d
RN

torch.nn.Module

A spiking version of ResNeXt-101 32x8d model from “Aggregated Residual Transformation for Deep Neural
Networks”

spikingjelly.clock_driven.model.spiking_resnet.spiking_wide_resnet50_2 (pretrained=False,
progress=True,
sin-
gle_step_neuron:
Op-
tional[callable]
= None,

*Ekwargs)

* pretrained (bool)-If True, the SNN will load parameters from the ANN pre-trained on
ImageNet

* progress (bool) —If True, displays a progress bar of the download to stderr
* single_step_neuron (callable) —asingle step neuron
* kwargs (dict) —kwargs for single_step_neuron
A
Spiking Wide ResNet-50-2

PR e

torch.nn.Module
A spiking version of Wide ResNet-50-2 model from “Wide Residual Networks”

The model is the same as ResNet except for the bottleneck number of channels which is twice larger in every block.

The number of channels in outer 1x1 convolutions is the same, e.g. last block in ResNet-50 has 2048-512-2048
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channels, and in Wide ResNet-50-2 has 2048-1024-2048.

spikingjelly.clock_driven.model.spiking_resnet.spiking wide_resnet101_2 (pretrained=False,
progress=True,
sin-
gle_step_neuron:
Op-
tional[callable]
= None,

*tkwargs)
SH

* pretrained (bool)—If True, the SNN will load parameters from the ANN pre-trained on
ImageNet

* progress (bool) —If True, displays a progress bar of the download to stderr
* single_step_neuron (callable) —a single step neuron
* kwargs (dict) —kwargs for single_step_neuron
Bl
Spiking Wide ResNet-101-2
BRI
torch.nn.Module

A spiking version of Wide ResNet-101-2 model from “Wide Residual Networks”

The model is the same as ResNet except for the bottleneck number of channels which is twice larger in every block.

The number of channels in outer 1x1 convolutions is the same, e.g. last block in ResNet-50 has 2048-512-2048
channels, and in Wide ResNet-50-2 has 2048-1024-2048.
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class spikingjelly.clock_driven.model.spiking_resnet.MultiStepSpikingResNet (block,
lay-
ers,
num_classes=1000,
zero_init_residual=Fa
groups=1,
width_per_group=64,
re-
place_stride_with_dilc
norm_layer=None,
T:
Op-
tional[int]

None,
multi_step_neuron:
Op-
tional[callable]

None,

**kwargs)
2 Module

forward (x)
S8
x (torch. Tensor) —the input with shape=[N, C, H, W] or [* N, C, H, W]
A
output

BRI

torch.Tensor

training: bool
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spikingjelly.clock_driven.model.spiking_resnet.multi_step_spiking_resnet18 (pretrained=False,

S

R m

pretrained (bool)—If True, the SNN will load parameters from the ANN pre-trained on
ImageNet

progress (bool) —If True, displays a progress bar of the download to stderr
T (int) —total time-steps
multi_step_neuron (callable)—a multi-step neuron

kwargs (dict) —kwargs for multi_step_neuron

Spiking ResNet-18

B

torch.nn.Module

A multi-step spiking version of ResNet-18 model from “Deep Residual Learning for Image Recognition”

progress=True,
T:

Op-

tionalfint]

None,
multi_step_neuron:
Op-
tional[callable]

None,

**kwargs)

spikingjelly.clock_driven.model.spiking_resnet.multi_step_spiking_resnet34 (pretrained=False,

progress=True,
T:

Op-

tional[int]

None,
multi_step_neuron:
Op-
tional[callable]

None,

**kwargs)
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Ipha

B M

pretrained (bool) —If True, the SNN will load parameters from the ANN pre-trained on
ImageNet

progress (bool) —If True, displays a progress bar of the download to stderr
T (int) —total time-steps
multi_step_neuron (callable)—a multi-step neuron

kwargs (dict) —kwargs for multi_step_neuron

Spiking ResNet-34

A B asis!

torch.nn.Module

A multi-step spiking version of ResNet-34 model from ‘“Deep Residual Learning for Image Recognition”

spikingjelly.clock_driven.model.spiking_resnet.multi_step_spiking_resnet50 (pretrained=False,

R

pretrained (bool)—If True, the SNN will load parameters from the ANN pre-trained on
ImageNet

progress (bool) —If True, displays a progress bar of the download to stderr
T (int) —total time-steps
multi_step_neuron (callable)—a multi-step neuron

kwargs (dict) —kwargs for multi_step_neuron

Spiking ResNet-50

progress=True,
T:

Op-

tionalfint]

None,
multi_step_neuron:
Op-
tional[callable]

None,

**kwargs)
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e E e

torch.nn.Module

A multi-step spiking version of ResNet-50 model from “Deep Residual Learning for Image Recognition”

spikingjelly.clock_driven.model.spiking_resnet.multi_step_spiking_resnet101 (pretrained=False,

SH

R M

pretrained (bool) —If True, the SNN will load parameters from the ANN pre-trained on
ImageNet

progress (bool) —If True, displays a progress bar of the download to stderr
T (int) —total time-steps
multi_step_neuron (callable)—a multi-step neuron

kwargs (dict) —kwargs for multi_step_neuron

Spiking ResNet-101

Bl

torch.nn.Module

A multi-step spiking version of ResNet-101 model from “Deep Residual Learning for Image Recognition”

progress=True,
T

Op-

tional[int]

None,
multi_step_neuron:
Op-
tional[callable]

None,

*Ekwargs)
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spikingjelly.clock_driven.model.spiking_resnet.multi_step_spiking_resnet152 (pretrained=False,

progress=True,
T:

Op-

tionalfint]

None,

multi_step_neuron:

Op-
tional[callable]
None,
**kwargs)
S
* pretrained (bool)-If True, the SNN will load parameters from the ANN pre-trained on
ImageNet
* progress (bool) —If True, displays a progress bar of the download to stderr
* T (int) —total time-steps
* multi_step_neuron (callable)—a multi-step neuron
* kwargs (dict) —kwargs for multi_step_neuron
Bl

Spiking ResNet-152

B

torch.nn.Module

A multi-step spiking version of ResNet-152 model from “Deep Residual Learning for Image Recognition”

spikingjelly.clock_driven.model.spiking_resnet .multi_step_spiking resnext50_32x4d (pretrained=I

progress=Tri
T:

Op-
tional[int]

None,
multi_step_n.
Op-
tional[callab

None,

**kwargs)

7.5. About

387


https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/stdtypes.html#dict
https://pytorch.org/docs/stable/generated/torch.nn.Module.html#torch.nn.Module
https://arxiv.org/pdf/1512.03385.pdf
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/typing.html#typing.Optional

spikingjelly, Z{ThRZ alpha

* pretrained (bool)-If True, the SNN will load parameters from the ANN pre-trained on
ImageNet

* progress (bool) —If True, displays a progress bar of the download to stderr
* T (int) —total time-steps
* multi_step_neuron (callable)—a multi-step neuron
* kwargs (dict) —kwargs for multi_step_neuron
Bl
Spiking ResNeXt-50 32x4d
AL

torch.nn.Module

A multi-step spiking version of ResNeXt-50 32x4d model from “Aggregated Residual Transformation for Deep

Neural Networks”

spikingjelly.clock_driven.model.spiking_resnet .multi_step_spiking resnext101_32x8d (pretrained-=
progress=T
T:
Op-
tional[int]

None,
multi_step_
Op-

tional[calla

None,

**kwargs)

* pretrained (bool)-If True, the SNN will load parameters from the ANN pre-trained on
ImageNet

* progress (bool) —If True, displays a progress bar of the download to stderr
* T (int) —total time-steps
* multi_step_neuron (callable)—a multi-step neuron

* kwargs (dict) —kwargs for multi_step_neuron
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R

Spiking ResNeXt-101 32x8d
R

torch.nn.Module

A multi-step spiking version of ResNeXt-101 32x8d model from “Aggregated Residual Transformation for Deep

Neural Networks”

spikingjelly.clock_driven.model.spiking_resnet.multi_step_spiking_wide_resnet50_2 (pretrained=F
progress=Tri
T:
Op-
tional[int]

None,
multi_step_n
Op-
tional[callab

None,

*Ekwargs)

* pretrained (bool)-If True, the SNN will load parameters from the ANN pre-trained on
ImageNet

* progress (bool) —If True, displays a progress bar of the download to stderr
* T (int) —total time-steps
* multi_step_neuron (callable)—a multi-step neuron
* kwargs (dict) —kwargs for multi_step_neuron
Bl
Spiking Wide ResNet-50-2
FATESL

torch.nn.Module

A multi-step spiking version of Wide ResNet-50-2 model from “Wide Residual Networks”

The model is the same as ResNet except for the bottleneck number of channels which is twice larger in every block.
The number of channels in outer 1x1 convolutions is the same, e.g. last block in ResNet-50 has 2048-512-2048
channels, and in Wide ResNet-50-2 has 2048-1024-2048.
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spikingjelly.clock_driven.model.spiking_resnet .multi_step_spiking_ wide_resnet101_2 (pretrained=
progress=T
T:
Op-
tional[int]

None,
multi_step_
Op-

tional[ calla

None,

**kwargs)

S

* pretrained (bool)-If True, the SNN will load parameters from the ANN pre-trained on
ImageNet

* progress (bool) —If True, displays a progress bar of the download to stderr
* T (int) —total time-steps
* multi_step_neuron (callable)—a multi-step neuron
* kwargs (dict) —kwargs for multi_step_neuron
Bl
Spiking Wide ResNet-101-2

B

torch.nn.Module
A multi-step spiking version of Wide ResNet-101-2 model from “Wide Residual Networks”

The model is the same as ResNet except for the bottleneck number of channels which is twice larger in every block.
The number of channels in outer 1x1 convolutions is the same, e.g. last block in ResNet-50 has 2048-512-2048
channels, and in Wide ResNet-50-2 has 2048-1024-2048.

Module contents

spikingjelly.clock_driven.monitor package

Module contents

class spikingjelly.clock_driven.monitor.Monitor (net: Module, device: Optional[str] = None,

backend: str = numpy’)
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H: object

e API in English

S8
e net (nn.Module) AN P 2%

* device (str, optional) — Wi WECHE A7 i FI AL BRI 45, {024 backend A
"torch' BfARL. AIPAH 'cpu', 'cuda', 'cuda:0' FHFHEIF torch.
device KA, BRi\N None

e backend (str, optional) -WMEHEHALH)Gi. ATPAH 'torch', 'numpy'
, BACH "numpy!

o P AP

S8
* net (nn.Module) —Network to be monitored

* device (str, optional)-Device carrying and processing monitored data. Only take
effect when backend is set to 'torch'. Can be string 'cpu', 'cuda', 'cuda:0'or

torch.device, defaults to None
* backend (str, optional) —Backend processing monitored data, can be 'torch',

"'numpy ', defaults to ' numpy '

enable ()
* APl in English
J&H) Monitor Y HEHLINRE, FFIRICREDE
o P API
Enable Monitor. Start recording data.
disable ()
* API in English
&% I Monitor [ S ILZIRE, AHHCREE
o ¥ API
Disable Monitor. Stop recording data.

forward_hook (module, input, output)
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reset ()
* API in English
i 2 Z AT SR
s P API
Delete previously recorded data
get_avg_firing_rate (all: bool = True, module_name: Optional[str] = None) — Tensor

* API in English

S8
* all (bool, optional) —@#& NI ZNET-HEE, BIAH True
* module_name (str, optional)-ZHIZFR, X2 all A False BFARL
B
JIr L J2 13 S i e
AR S|

torch.Tensor or float

o L API

* all (bool, optional)—-Whether needing firing rate averaged on all layers, defaults to

True

* module_name (str, optional)-Name of concerned layer. Only take effect when

allis False

B
Averaged firing rate on concerned layers

B
torch.Tensor or float

get_nonfire_ratio (all: bool = True, module_name: Optional[str] = None) — Tensor

* API in English
e

* all (bool, optional) - NHTAZMTIMZICA], BN True

* module_name (str, optional)—JZMIZFR, XY all f False BHRK
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&
JIr R 2 B BRI 22 ST L 1)
AT i

torch.Tensor or float

o VAPl

S8

* all (bool, optional)—-Whether needing ratio of silent neurons of all layers, defaults

to True

* module_name (str, optional)-Name of concerned layer. Only take effect when

allisFalse
B
Ratio of silent neurons on concerned layers

BRI

torch.Tensor or float

spikingjelly.clock_driven.rnn package

Module contents

spikingjelly.clock_driven.rnn.bidirectional_rnn_cell_forward (cell: Module, cell_reverse:
Module, x: Tensor, states:
Tensor, states_reverse:

Tensor)

e cell (nn.Module)—1F [ RNN cell, #j AJZIE[A])F5)
* cell_reverse (nn.Module) —JZ [a]f) RNN cell, %y A2 2 1]/
e x(torch.Tensor)-shape = [T, batch_size, input_size] BJHiA

» states (torch.Tensor) —IF[i RNN cell fi 5k # RNN cell H A B
A BECIR A, W shape = [batch_size, hidden_size] ; #H W shape =

[states_num, batch_size, hidden_size]

» states_reverse —Ju |i] RNN cell R 15K RNN cell HA EANRBURE,
N shape = [batch_size, hidden_size] ; %M shape = [states_num,

batch_size, hidden_size]
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R
Y, SS, SS_T

y: torch.Tensor
shape = [T, batch_size, 2 * hidden_size] fJiid. vt] HIE[ cell £

e BFZIRIS ) cell 6 T — € — 1 W20 5 PFEE Mok

ss: torch.Tensor

shape Y5 states f[A], 1F[a) cell fF T-1 BfZIFIRES

ss_r: torch.Tensor

shape 5 states_reverse f[F], J2|a] cell £ 0 BfZIHRRES
T A IE [ F1 2 ) RN cell 31525 Hsf 10 208 52 1R B A 1 S5 SR AT AS cell OB ZORAS

class spikingjelly.clock_driven.rnn.SpikingRNNCellBase (input_size: int, hidden_size: int,

bias=True)
HZ: Module
e API in English
Spiking RNN Cell {13,
BH

e input_size (int) —#i A x HIHELL
* hidden_size (int) -REURT h BIFFEEL
* bias (bool) 47N False, W NFBHIKEIZ A S A EIT b_ih 1 b_hh. BN

True

Fik: FOARCE R SIS 2 8 U(—VE, VE) AR, k=1
o S API
The base class of Spiking RNN Cell.
SH
* input_size (int)-The number of expected features in the input x
* hidden_size (int)—The number of features in the hidden state h

* bias (bool)-If False, then the layer does not use bias weights b_ih and b_hh. Default:

True

Note

All the weights and biases are initialized from U/ (—\/E ,Vk) where k = 1
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reset_parameters ()
* API in English
P LETA T2 B8
o ¥ API
Initialize all learnable parameters.
weight_ih ()

* API in English

B
i A\ B BRI S B HE A
BRI

torch.Tensor

o VL API

B
the learnable input-hidden weights

BRI

torch.Tensor

weight_hh ()

e APl in English

B
BEHCR A B BRI IR A ) S A
B

torch.Tensor

« P API

Bl
the learnable hidden-hidden weights

B

torch.Tensor

bias_ih ()

* APl in English
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B
i N3 R 25 ) e Al . 3
B e

torch.Tensor

o VAPl

Bl
the learnable input-hidden bias

B

torch.Tensor

bias_hh/()

e API in English

B
WEBR A B B ROIR A 1) 342 i LI
B MR

torch.Tensor

o VL API
B m]
the learnable hidden-hidden bias
B
torch.Tensor
training: bool

class spikingjelly.clock_driven.rnn.SpikingRNNBase (input_size, hidden_size, num_layers,
bias=True, dropout_p=0,
invariant_dropout_mask=False,

bidirectional=False, *args, **kwargs)

F: Module
* APl in English
ZJZ Rkt RNN B8
SH
* input_size (int) HiA x RHMEEL

* hidden_size (int) eI h B4
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e num_layers (int) —N# RNN f)2%%, Bl num_layers = 2 ¥-&0)EHERE
MW RNN, 565 1 28008 0 2t e A, T B s 2

+ bias (bool) #7 False, MBI KRR A SHA TN b_in flb_hh. Bk

True

* dropout_p (float) #dE 0, MR THE—Z, &1 RNN ZEa8n—N 55541
#°k dropout_p [ Dropout |2, BRiAR 0

e invariant_dropout_mask (bool) ¥ False, NI{fi fI3%5@ ) Dropout; F5A
True, T SNN R, mask RNKEE I EZE AL Dropout', Z:W.Dropout, #R
AN False

» bidirectional (bool) %54 True, NffX|n RNN, 2Ri\H False
« args RIS EL
* kwargs KNI SEL

o P API

The base-class of a multi-layer spiking RNN.
S8
* input_size (int) -The number of expected features in the input x
* hidden_size (int)-The number of features in the hidden state h

* num_layers (int) —Number of recurrent layers. E.g., setting num_layers=2 would
mean stacking two LSTMs together to form a stacked RNN, with the second RNN taking in
outputs of the first RNN and computing the final results

* bias (bool) —If False, then the layer does not use bias weights b_ih and b_hh. Default:

True

* dropout_p (f1oat) —If non-zero, introduces a Dropout layer on the outputs of each RNN
layer except the last layer, with dropout probability equal to dropout. Default: 0

* invariant_dropout_mask (bool)-If False, use the naive Dropout; If True, use
the dropout in SNN that mask doesn’ t change in different time steps, see Dropout for more

information. Defaule: False
e bidirectional (bool)—If True, becomes a bidirectional LSTM. Default: False
* args —additional arguments for sub-class
* kwargs —additional arguments for sub-class

create_cells ( *args, **kwargs)

* API in English
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B
 args — R H NI SE
 kwargs — Al AN SEL

B
# self.bidirectional == True W& R[AIIE iz A HERE S RNN; 75 03 [A] B
Mtk RNN

P pit]

nn.Sequential

o P API

S
* args —additional arguments for sub-class

* kwargs —additional arguments for sub-class

B
If self.bidirectional == True, return a RNN for forward direction and a RNN for

reverse direction; else, return a single stacking RNN

BRI
nn.Sequential

static base_cell()

e APl in English

A
% RNN ) B A RNN  Cell. fi 40 X} FspikingrLsTM, & [a] 1y
B SpikingLSTMCell

B

nn.Module

o YL API

Rl
The base cell of this RNN. E.g, in SpikingLSTM this function will return
SpikingLSTMCell

BRI

nn.Module
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static states_num()

* API in English

HAT|
RS BWECE . FINXI T spikingLsti, HTFHEHZ h Al c, FHGRE 2; i
X spikingGRU, WTFHEHEh, FIRE 1

R

nt

o L API

RIA
The states number. E.g., for SpikingLSTM the output are h and c, this function will return
2; for SpikingGRU the output is h, this function will return 1

B
int
forward (x: Tensor, states=None)
* APl in English
S
e x(torch.Tensor)—shape = [T, batch_size, input_sizel, ¥ AJF5

e states (torch.Tensor or tuple) —self.states_num() H 1 W2 H
4~ tensor, &M 2 —4 tuple, f17 self.states_num() > tensors. JfA

H{ tensor BN -1 ¥~ shape = [num_layers * num_directions, batch,
hidden_size], % self.states_num () MRS UIE RNN 2 XU 6],

num_directions N 2, FMIHN 1

el

output, output_states output: torch.Tensor
shape = [T, batch, num_directions * hidden_sizel, HJa—=%
JIT A R 220 1 s

output_states: torch.Tensor or tuple
self.states_num() H 1 W2 tensor, 7 MN)JE—1> tuple, 4 self.
states_num () 4> tensors., G 1 tensor {5145k shape = [num_layers *
num_directions, batch, hidden_size], % self.states_num() 4~
I JE B ZI RS

o v API
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B

e x (torch.Tensor) —shape = [T, batch_size, input_size], tensor con-

taining the features of the input sequence

* states(torch.Tensor or tuple)-asingletensorwhenself.states_num()
is 1, otherwise a tuple with se1f.states_num () tensors. shape = [num_layers
* num_directions, batch, hidden_size] for all tensors, containing the
self.states_num/() initial states for each element in the batch. If the RNN is bidi-

rectional, num_directions should be 2, else it should be 1
B
output, output_states output: torch.Tensor

shape = [T, batch, num_directions * hidden_size], tensor con-

taining the output features from the last layer of the RNN, for each t

output_states: torch.Tensor or tuple
a single tensor when self.states_num() is 1, otherwise a tuple with self.
states_num() tensors. shape = [num_layers * num_directions,
batch, hidden_size] for all tensors, containing the self.states_num() states
fort = T - 1

training: bool

class spikingjelly.clock_driven.rnn.SpikingLSTMCell (input_size: int, hidden_size: int,
bias=True,
surrogate_functionl =Erf(alpha=2.0,
spiking=True),
surrogate_function2=None)

H: SpikingRNNCellBase
e APl in English

Bk PR RFHEIZ (LSTM) cell, iz 4e 1 Long Short-Term Memory Spiking Networks and Their Applications —
SCREH

O(Wiiz + bii + Whih + i)
= O(Wisz + by + Whyph + bpy)
= O(Wigx + big + Wigh + brg)
0=0(W;ox + bijo + Whoh + bio)

7
f
g
d=fxct+ixg

M =o0xc

H:dr © J2 heaviside [y FRpEEL (Jkob %) , and * J2 Hadamard S, BIZICEAHIE.
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e input_size (int) ¥ A x FIFFAEEL
* hidden_size (int) -[HUIRES h HRFELL

* bias (bool) #7h False, M NABHRHEIZ A L A M E I b_ih 1 b_hh. BN

True

* surrogate_functionl (spikingjelly.clock_driven.surrogate.
SurrogateFunctionBase) — AR IR 7155 ki ek 40k B2 ) 2 UK 4G 115
i, £, o SR I

* surrogate_function2 (None or spikingjelly.clock_driven.
surrogate.SurrogateFunctionBase) —J [AJ4& 3% B S 118 ik o 26 3086 2 1)
FRACRE, TTE g I AEEIHE . 258 None, M BN, surrogate_functionl,
2\ A None

ik AR E IS R U(—VE, VE) TR, Hop k=1
ZNIENEE

T =6

batch_size = 2
input_size = 3
hidden_size = 4

rnn

rnn.SpikingLSTMCell (input_size, hidden_size)
input = torch.randn (T, batch_size, input_size) * 50
h = torch.randn (batch_size, hidden_size)

c = torch.randn (batch_size, hidden_size)

output = []

for t in range(T):
h, ¢ = rnn(input[t], (h, c))
output.append (h)

print (output)

o J L API

A spiking long short-term memory (LSTM) cell, which is firstly proposed in Long Short-Term Memory Spiking
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Networks and Their Applications.

i = O(Wyx + by + Whyih + bp,)

f=0(W;sx+big + Wysrh+ bpy)

g =OWigx + big + Wigh + bpg)
0= O(Wiox + bio + Whoh + bpo)
d=fxct+ixg

W =o0xc

where O is the heaviside function, and * is the Hadamard product.
S8
* input_size (int) -The number of expected features in the input x
* hidden_size (The number of features in the hidden state h) —int

* bias (bool)-If False, then the layer does not use bias weights b_ih and b_hh. Default:

True

* surrogate_functionl (spikingjelly.clock_driven.surrogate.
SurrogateFunctionBase) —surrogate function for replacing gradient of spiking

functions during back-propagation, which is used for generating i, £, o

* surrogate_function2 (None or spikingjelly.clock_driven.
surrogate.SurrogateFunctionBase) —surrogate function for replacing gradient
of spiking functions during back-propagation, which is used for generating g. If None, the
surrogate function for generating g will be set as surrogate_functionl. Default:

None

Note

All the weights and biases are initialized from 2/ (—+v/k, k) where k = 1

Examples:

T =6
batch_size = 2
input_size = 3
hidden_size = 4

rnn = rnn.SpikingLSTMCell (input_size, hidden_size)
input = torch.randn (T, batch_size, input_size) * 50
h = torch.randn (batch_size, hidden_size)

c = torch.randn (batch_size, hidden_size)

output = []

for t in range(T):

[y
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(B L3
h, ¢ = rnn(inputlt], (h, c))
output .append (h)
print (output)
forward (x: Tensor, hc=None)
* API in English
e x(torch.Tensor)-shape = [batch_size, input_size] WA
e he(tuple or None)—(h_0,c_0)h_0 : torch.Tensor
shape = [batch_size, hidden_size], EIFERIING
c_ 0
[torch.Tensor] shape = [batch_size, hidden_size], BIGAIHLIRE
WAARHEAE (h_0,¢_0), h_0 BRI\ c_0 BIAH O
pA |
(h_1,c_1): h_1: torch.Tensor
shape = [batch_size, hidden_sizel, F—/BZIFEREIRES
c_1
[torch.Tensor] shape = [batch_size, hidden_size], |F—/NHJZI40 0k
o
PIANY
Y BB ASiA
tuple
o P API
S
e x (torch.Tensor) —the input tensor with shape = [batch_size,
input_size]
e he(tuple or None)—(h_0,c_0)h_O : torch.Tensor
shape = [batch_size, hidden_size], tensor containing the initial hidden

state for each element in the batch
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c 0
[torch.Tensor] shape = [batch_size, hidden_size], tensor containing the

initial cell state for each element in the batch

If (h_0, c_0) is not provided, both h__0 and c__0 default to zero
RIA
(h_1,c_1):h_1: torch.Tensor

shape = [batch_size, hidden_size], tensor containing the next hidden

state for each element in the batch

c_1
[torch.Tensor] shape = [batch_size, hidden_size], tensor containing the

next cell state for each element in the batch

B

tuple
training: bool

class spikingjelly.clock_driven.rnn.SpikingLSTM (input_size, hidden_size, num_layers,
bias=True, dropout_p=0,
invariant_dropout_mask=False,
bidirectional=False,
surrogate_functionl =Erf(alpha=2.0,
spiking=True), surrogate_function2=None)
HIs: SpikingRNNBase
» APl in English

Z 2 ‘Fkh < KEERHOZ LSTM, £ 4l Long Short-Term Memory Spiking Networks and Their Applications
— 3R .

T— 2T IR

O(Wiiwe + bis + Whihe—1 + bni)
O(
(
(

Wipxy + bif + thht—l + bhf)

it
i
gt = O(Wigzs + big + Wighi 1 + bpy)
Ot

) Wiomt + bio + Whohtfl + bho)

et = frxci—1+ i * g

hi = o0 % ¢,_4
Hor by 2t N2 BREOIRES, o 72 ¢ I ZIATIDIRES, heer B2 ¢ — 1 2R RGEIR S B 4IRS
Qs feo g, o AR, WG, M, HiE ], © /& heaviside By ERRREC (kb BE%L) | and * /& Hadamard
AR BB CEME.
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e input_size (int) -#j A x FEHIFEL
* hidden_size (int) —[BHRES h BOEESL

e num_layers (int) —N#E RNN 2%, Bl num_layers = 2 ¥R
W2 RNN, 25 1 ZH200C8 0 Zrf e A, i m 45

* bias (bool) #7h False, W NEBHIRHUZ A Sl A ME b_ih 1 b_hh. BIAHN

True
* dropout_p (float) #7dE 0, WRTHE—Z, &1 RNN ZELHm—Z 540
# k) dropout_p W Dropout JZ. BRiA N 0

* invariant_dropout_mask (bool) ¥ False, NI{fi I35l Dropout; F7A
True, N SNN H4EH 1), mask RNFEE R ASAG I Dropout‘, Wl Dropout., Bk
AN False

* bidirectional (bool) A True, NH#E AT RNN, BRiAN False

* surrogate_functionl (spikingjelly.clock_driven.surrogate.

SurrogateFunctionBase) — i) &4 ik R 55 Mkt R 5086 B2 (B AR 2, 1R
i, £, o I At

* surrogate_function2 (None or spikingjelly.clock_driven.

surrogate.SurrogateFunctionBase) —J [Al & RGN I 2 115 kv ok B50B6 BE 1Y)
R EEL, TS g A ERHME . £ None, WX B, surrogate_functionl,
#INHN None

o J APl
The spiking multi-layer long short-term memory (LSTM), which is firstly proposed in Long Short-Term Memory
Spiking Networks and Their Applications.
For each element in the input sequence, each layer computes the following function:
ant + bu + thht 1+ bhz)

Wigxe + big + Whrhi—1 + bpy)
zgxt + bzg + Whght 1+ bhg)

/\/\/\/\

WioTi + bijo + Whohi—1 + bho)

o
&
|

= fixci—1+ i x g

&
|

/
Ot * Ct71

where h; is the hidden state at time ¢, ¢; is the cell state at time ¢, z; is the input at time #, h;_; is the hidden state
of the layer at time #-/ or the initial hidden state at time 0, and 4., f:, g¢, 0; are the input, forget, cell, and output

gates, respectively. © is the heaviside function, and * is the Hadamard product.

S
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* input_size (int) -The number of expected features in the input x
* hidden_size (int)—The number of features in the hidden state h

* num_layers (int) —Number of recurrent layers. E.g., setting num_layers=2 would
mean stacking two LSTMs together to form a stacked RNN, with the second RNN taking in
outputs of the first RNN and computing the final results

* bias (bool) -If False, then the layer does not use bias weights b_ih and b_hh. Default:

True

* dropout_p (f1oat) —If non-zero, introduces a Dropout layer on the outputs of each RNN
layer except the last layer, with dropout probability equal to dropout. Default: O

* invariant_dropout_mask (bool)-If False, use the naive Dropout; If True, use
the dropout in SNN that mask doesn’ t change in different time steps, see Dropout for more

information. Defaule: False
e bidirectional (bool) —If True, becomes a bidirectional LSTM. Default: False

* surrogate_functionl (spikingjelly.clock_driven.surrogate.
SurrogateFunctionBase) —surrogate function for replacing gradient of spiking

functions during back-propagation, which is used for generating i, f, o

* surrogate_function2 (None or spikingjelly.clock_driven.
surrogate.SurrogateFunctionBase) —surrogate function for replacing gradient
of spiking functions during back-propagation, which is used for generating g. If None, the
surrogate function for generating g will be set as surrogate_functionl. Default:

None

static base_cell ()
static states_num/()

training: bool

class spikingjelly.clock_driven.rnn.SpikingVanillaRNNCell (input_size: int, hidden_size: int,

bias=True, surro-
gate_function=Erf(alpha=2.0,
spiking=True))

HHK: SpikingRNNCellBase

forward (x: Tensor, h=None)

training: bool
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class spikingjelly.clock_driven.rnn.SpikingVanillaRNN (input_size, hidden_size, num_layers,
bias=True, dropout_p=0,
invariant_dropout_mask=False,
bidirectional=Fualse,
surrogate_function=Erf(alpha=2.0,
spiking=True))

KK SpikingRNNBase
static base_cell ()
static states_num()
training: bool

class spikingjelly.clock_driven.rnn.SpikingGRUCell (input_size: int, hidden_size: int,
bias=True,
surrogate_functionl =Erf(alpha=2.0,
spiking=True),
surrogate_function2=None)

H: SpikingRNNCellBase

forward (x: Tensor, h=None)
training: bool

class spikingjelly.clock_driven.rnn.SpikingGRU (input_size, hidden_size, num_layers, bias=True,
dropout_p=0, invariant_dropout_mask=False,
bidirectional=False,
surrogate_functionl =Erf(alpha=2.0,

spiking=True), surrogate_function2=None)

K SpikingRNNBase
static base_cell()
static states_num/()

training: bool

spikingjelly.clock_driven.surrogate package

Module contents

spikingjelly.clock_driven.surrogate.heaviside (x: Tensor)

e API in English
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S
x — ¥y A tensor

B

k4 tensor

heaviside B ERpREL, & X H

1, >0
g(z)
0, z<0
[543 HeavisideStepFunction ARG HEZ15 H..
o P API
ZH
x —the input tensor
FEA ]
the output tensor
The heaviside function, which is defined by
1, z>0
g(z) =
0, <0

For more information, see HeavisideStepFunction.

spikingjelly.clock_driven.surrogate.check_manual_grad (primitive_function, spiking_function,

*args, **kwargs)
28
» primitive_function (callable) HfEEE LR I K2
» spiking_function (callable) #fEE R EL
B EER AR ) S ) e i — U2 FE 1Y, T A MR B R A S0 2 5 IR A

I R SRS A 25 A bR £ spiking_function f) K2 &4, 15 )5 B primitive_function {4 S5z [l {45 52
B2 H RSO, P MIREAEIL eps.

YIMTE

def s2nn_apply(x, alpha, beta):

return surrogate.s2nn.apply(x, alpha, beta)

surrogate.check_manual_grad(surrogate.S2NN.primitive_function, s2nn_apply, .

—alpha=4., beta=1.)
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spikingjelly.clock_driven.surrogate.check_cuda_grad (neu: Module, surrogate_function,

device, *args, **kwargs)

class spikingjelly.clock_driven.surrogate.SurrogateFunctionBase (alpha, spiking=True)

HZ: Module

set_spiking_mode (spiking: bool)
extra_repr ()

static spiking_function (x, alpha)
static primitive_function (x, alpha)
cuda_code (x: str, y: str, dtype="fp32’)
cuda_code_start_comments ()
cuda_code_end_comments ()

forward (x: Tensor)

training: bool

class spikingjelly.clock_driven.surrogate.MultiArgsSurrogateFunctionBase (spiking:
bool,
*args,

**kwargs)
2 Module

set_spiking_mode (spiking: bool)
cuda_code (x: str, y: str, dtype=fp32’)
cuda_code_start_comments ()
cuda_code_end_comments ()
training: bool

class spikingjelly.clock_driven.surrogate.piecewise_quadratic

K Function
static forward (ctx, x, alpha)

static backward (ctx, grad_output)
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class spikingjelly.clock_driven.surrogate.PiecewiseQuadratic (alpha=1.0,
spiking=True)

g;@ ! SurrogateFunctionBase

e APl in English

S
* alpha 45l fz ) A 4R IR B2 1P AR I S50

* spiking @k iilkl, BUOAN True, FERTE LRI heaviside ML A
FEREM BRI . 50 False WIANGEIRFAUBRIL, BT AARIT, B S 1m e Ff it
FRPHS BE 2 R KT 17 1 i e

I A I 4 B AR R BB (= AT ko R TR . S Tl e 1A

0, x| > 1
g'(z) = ">
—a?lzl+a, [ <3
XTI 1 J5E R S
1
O, xr < T
g(x) = —%aQMx +ax + %, lz] < é
1, T > é

Piecewise quadratic surrogate function

—-—- Heaviside ]
Primitive, o = 1.5 ]
—— Gradient, « = 1.5

.1.0. .1.5. - .2.0
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BB SCE D R

o P AP

SH
* alpha —parameter to control smoothness of gradient

* spiking —whether output spikes. The default is True which means that using heaviside
in forward propagation and using surrogate gradient in backward propagation. If False, in
forward propagation, using the primitive function of the surrogate gradient function used in

backward propagation

The piecewise quadratic surrogate spiking function. The gradient is defined by

g'(z) = Q2 |M>%
|z +a, |z <
The primitive function is defined by
0, T < —é
g() = { —3lzle+ax+ 3, |z <2
1, T > é

2 Esser S K, Merolla P A, Arthur J V, et al. Convolutional networks for fast, energy-efficient neuromorphic computing[J]. Proceedings of the
national academy of sciences, 2016, 113(41): 11441-11446.

4 Wu 'Y, Deng L, Li G, et al. Spatio-temporal backpropagation for training high-performance spiking neural networks[J]. Frontiers in neuroscience,
2018, 12: 331.

7 Bellec G, Salaj D, Subramoney A, et al. Long short-term memory and learning-to-learn in networks of spiking neurons[C]//Proceedings of the
32nd International Conference on Neural Information Processing Systems. 2018: 795-805.

11 Neftci E O, Mostafa H, Zenke F. Surrogate gradient learning in spiking neural networks: Bringing the power of gradient-based optimization to
spiking neural networks[J]. IEEE Signal Processing Magazine, 2019, 36(6): 51-63.

13 Panda P, Aketi S A, Roy K. Toward scalable, efficient, and accurate deep spiking neural networks with backward residual connections, stochastic

softmax, and hybridization[J]. Frontiers in Neuroscience, 2020, 14.
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Piecewise quadratic surrogate function

A B A D — 1
‘ ‘ ‘ : Heaviside ]
Primitive, a = 1.5 ]
Gradient, a = 1.5

.1.(). | .1.5. - .2.0

The function is used inPage 411, 2Page 411, 4Page 411, 7Page 411, 11Page 411, 13'
static spiking_function (x, alpha)

static primitive_function (x: Tensor, alpha)
training: bool

class spikingjelly.clock_driven.surrogate.piecewise_exp

H: Function

static forward (ctx, x, alpha)
static backward (ctx, grad_output)

class spikingjelly.clock_driven.surrogate.PiecewiseExp (alpha=1.0, spiking=True)

F2: SurrogateFunctionBase

* APl in English

SH
* alpha 5l Sz o)t BE B RE I R BE I S 5L

e spiking & &E Bk, BRHAH True, FEEIAMEREH{#H heaviside MAE A
MR . A0 False WIREHIRABEEE, BIMERERS, 1 5 3G
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PRI JEE 5 A R A0 7 P i

S P st 0 B R R SR B B ko T e B ST e 3

EEE
X RV ) i R A

%e‘”, z <0

g(x) =
1—%6‘”, x>0
Piecewise exponential surrogate function
— T~ T T T T T T 1
1.0 ——- Heaviside ”””””””” ‘

Primitive, o = 2

. —— Gradient, a = 2
0.8 ] :

Output

VRO S 1 g

o L API

ZH

* alpha —parameter to control smoothness of gradient

* spiking -whether output spikes. The default is True which means that using heaviside

in forward propagation and using surrogate gradient in backward propagation. If False, in

forward propagation, using the primitive function of the surrogate gradient function used in

backward propagation

6 Shrestha S B, Orchard G. SLAYER: spike layer error reassignment in time[C]//Proceedings of the 32nd International Conference on Neural

Information Processing Systems. 2018: 1419-1428.
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The piecewise exponential surrogate spiking function. The gradient is defined by

f10) = S

The primitive function is defined by

Output

1 _ax
§€ s <0

1—%6_‘””, x>0

Piecewise exponential surrogate function

1.0

T T T T
Heaviside .

| Primitive, o = 2
L —— Gradient, o = 2
0.8 ] :

training: bool

The function is used in®"2ee 411 11
static spiking_function (x, alpha)

static primitive_function (x: Tensor, alpha)

class spikingjelly.clock_driven.surrogate.sigmoid

F: Function

static forward (ctx, x, alpha)

static backward (ctx, grad_output)
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class spikingjelly.clock_driven.surrogate.Sigmoid (alpha=4.0, spiking=True)

%%’é SurrogateFunctionBase

* APl in English

S
* alpha il I A I L )P AR A 2 4L

* spiking @ HfH ke, BHAN True, FERTH G heaviside ML
FEREM MR ABBRE . #7h False WIAGE R AMAEL, BRI, B0 St FE
PRI JEE A R A 7 P i

St g I ] sigmoid FRIAH LY ik Kl pR K. S il 4%
g'(z) = a* (1 — sigmoid(ax))sigmoid(azx)

Xt BV ) i RS

1

g(z) = sigmoid(ax) = pnp—:

Sigmoid surrogate function

19 _ 7777777 —-—- Heaviside ]
I | | | | | Primitive, « = 5 |
I | | ; ; ; —— Gradient, a =5 |
LOp | | ——
08 o A
E ‘ ‘
= : :
06 e -
& I i i
0.4 - ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, -
0.2 '1* rT* r ””””””””””””””””” .
' | ! |
I i | :
0.0 = R A
E . A R M B T R R R R
—-2.0 —1.5 -1.0 —0.5 0.0 0.5 1.0 1.5 2.0
Input
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ﬁ@ﬁﬁj{%]’agcﬁlll,élnlilﬁ FP{%)EH .

o VL API

SH
* alpha —parameter to control smoothness of gradient

* spiking —whether output spikes. The default is True which means that using heaviside
in forward propagation and using surrogate gradient in backward propagation. If False, in
forward propagation, using the primitive function of the surrogate gradient function used in

backward propagation
The sigmoid surrogate spiking function. The gradient is defined by
g'(z) = a* (1 — sigmoid(axx))sigmoid(azx)

The primitive function is defined by

g(z) = sigmoid(ax) = 1-1-%
Sigmoid surrogate function
T T N L L e |
19 - e e 4 AN I —-—- Heaviside ]
: Primitive, « = 5
I —— Gradient, a = 5
LOp— e e e e —————
' i
| 1 1 1 i 1 1 1
0.8 [ S A tro A e N
o 1 1 i 1 1
= : : | : :
2, : : ! : :
T e e R— e e
o i i I i i
. | | ! | |
T . S . . e
i
I e A A | N I e i
02 ? | i ‘; :‘ r
i
[ i 1 I i : i
0.0 T : : [ . T :
E . . 0 1 | P 1 1 1 N
-2.0 -1.5 -1.0 —0.5 0.0 0.5 1.0 1.5 2.0

Input

12 Roy D, Chakraborty I, Roy K. Scaling deep spiking neural networks with binary stochastic activations[C]//2019 IEEE International Conference
on Cognitive Computing (ICCC). IEEE, 2019: 50-58.

14 Lotfi Rezaabad A, Vishwanath S. Long Short-Term Memory Spiking Networks and Their Applications[C]//International Conference on Neuro-
morphic Systems 2020. 2020: 1-9.

15 Wozniak S, Pantazi A, Bohnstingl T, et al. Deep learning incorporating biologically inspired neural dynamics and in-memory computing[J]. Nature
Machine Intelligence, 2020, 2(6): 325-336.
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The function is used inPaee 411 4Page 416, 12Page 416, 14Page 416, 15
static spiking_function (x, alpha)

static primitive_function (x: Tensor, alpha)
cuda_code (x: str, y: str, dtype=fp32’)

training: bool

class spikingjelly.clock_driven.surrogate.soft_sign

2 Function

static forward (ctx, x, alpha)
static backward (ctx, grad_output)

class spikingjelly.clock_driven.surrogate.SoftSign (alpha=2.0, spiking=True)

%3@ ! SurrogateFunctionBase

o APl in English

2
o alpha il S [ AL IR BE B 1 AR BE R S50
* spiking @&k, ERIAH True, FERIFEIGEEAEH heaviside MITER
AR HERBRE . #50 False WIANHEHIRACEARE, BIIAEREET, B I 23t
PRSP 2 R A, R SORT B ) 5 bR K
SRR I soft sign [R86 E  ikih 2 i 0. IR &35 H

o 1

90 = S al)? ~ 2a(L 4 [a])?
Xt 7 1) i pR R
1 ax T
g(x) = 5(1 oz +1) = §(m +1)
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SoftSign surrogate function

T T ! ! L

[ ‘ ‘ ‘ ‘ —-—- Heaviside ]
L — ”””””””” ”””””””” ”””””””” ”””””””” ”””” Primitive, a = 3 7]
| | | | | —— Gradient, « = 3

BB s

o ¥ API

SH
* alpha —parameter to control smoothness of gradient

* spiking—whether output spikes. The default is True which means that using heaviside
in forward propagation and using surrogate gradient in backward propagation. If False, in
forward propagation, using the primitive function of the surrogate gradient function used in

backward propagation

The soft sign surrogate spiking function. The gradient is defined by

rooN o
9@ = 0 faal)?
The primitive function is defined by
1 azx
= (—+1
9@ = 5T o TV

8 Zenke F, Ganguli S. Superspike: Supervised learning in multilayer spiking neural networks[J]. Neural computation, 2018, 30(6): 1514-1541.
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SoftSign surrogate function

[ ‘ ‘ ‘ ‘ —-—- Heaviside ]
14 T ”””””””” ”””””””” ”””””””” ”””””””” ”””” Primitive, a = 3 7]

—— Gradient, « = 3

The function is used in8Paee 411 11

static spiking_function (x, alpha)
static primitive_function (x: Tensor, alpha)
training: bool

class spikingjelly.clock_driven.surrogate.atan
H: Function
static forward (ctx, x, alpha)
static backward (ctx, grad_output)

class spikingjelly.clock_driven.surrogate.ATan (alpha=2.0, spiking=True)

%%@ ! SurrogateFunctionBase

e APl in English

S AR I 52 IE 1) R 5 arc tangent oA 4 ik K iR g, S E g N
«

g'(z) = 2(1+ (Zax)?)
Xt 1) i eR AR

1 0 1
g(x) = - arctan(iax) + 3
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ATan surrogate function

—-—- Heaviside ]
Y e s A Primitive, @ = 3

—— Gradient, « = 3

o S API

The arc tangent surrogate spiking function. The gradient is defined by

The primitive function is defined by
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ATan surrogate function

[ ‘ ‘ ‘ ‘ ‘ —-—- Heaviside ]
14 T ”””””””” ”””””””” ”””””””” ”””””””” ”””” Primitive, a = 3 7]

—— Gradient, « = 3

1.2

static spiking_function (x, alpha)

static primitive_function (x: Tensor, alpha)
cuda_code (x: str, y: str, dtype=fp32’)

training: bool

class spikingjelly.clock_driven.surrogate.nonzero_sign_log_abs

FZ: Function

static forward (ctx, x, alpha)
static backward (ctx, grad_output)

class spikingjelly.clock_driven.surrogate.NonzeroSignLogAbs (alpha=1.0, spiking=True)

%%@ ! SurrogateFunctionBase

e APl in English

BH
* alpha 45l [z ) A 4R IR 2 1) PR I S 4L
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* spiking @ikl , BUAN True, FERTE LN heaviside ML A
FEREM BRI . 50 False WIANGEIRFUBRIL, BT AEHRIT, B S it
FRPAR B2 R SRS 17 1 i e

B R I TERE A (0, Do BRILER S R T SRR BN

e 1 4 ) il NonzeroSignLogAbs Fi RE R likinft A TR eR . S 1) (&4 1y

(@) = o _ 1
I T T aa] ~ T4
XIS S PR
g(x) = NonzeroSign(z) log(|ax| + 1)
/\':F'
1, x>0
NonzeroSign(z) =
-1, <0
NonzeroSignLogAbs surrogate function
| —— Heaviside ]
10 | Primitive, « =1 . ’
- —— Gradient, a =1 3 1
0.5 T ]
O i i i i i
—0.5 - S S i S - S E— o S — -
B e e e i R—
—2.0 -1.5 —1.0 —0.5 0.0 0.5 1.0 1.5 2.0
Input
R B SCE A o
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o P API

B8
* alpha —parameter to control smoothness of gradient

* spiking —whether output spikes. The default is True which means that using heaviside
in forward propagation and using surrogate gradient in backward propagation. If False, in
forward propagation, using the primitive function of the surrogate gradient function used in

backward propagation

Warning

The output range the primitive function is not (0, 1). The advantage of this function is that computation cost is

small when backward.

The NonzeroSignLogAbs surrogate spiking function. The gradient is defined by

« 1

!
€r) = =
g'() 1+ Jax] I 1z

The primitive function is defined by
g(x) = NonzeroSign(z) log(|ax| + 1)

where

. 1, x>0
NonzeroSign(z) =
-1, <0
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NonzeroSignLogAbs surrogate function

— T T T — T T

. —-—- Heaviside

10 | Primitive, « =1 _

- —— Gradient, a =1

L e
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Input

The function is used in .

static spiking_function (x, alpha)

static primitive_function (x: Tensor, alpha)
training: bool

class spikingjelly.clock_driven.surrogate.erf

HZ: Function

static forward (ctx, x, alpha)
static backward (ctx, grad_output)

class spikingjelly.clock_driven.surrogate.Exrf (alpha=2.0, spiking=True)

%%3@2 SurrogateFunctionBase

e APl in English

S
* alpha 5l [z [ 5 IR I P RR I S50

* spiking @ikl , BAN True, FERTE LM heaviside ML A
FERE MM BRI . 50 False WIANGEMIRFAUHRIL, R AR, B S e FE it
FRPR BE A R KT 17 1 i e
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Gaussian error surrogate function
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o APl

ZH
* alpha —parameter to control smoothness of gradient

* spiking —whether output spikes. The default is True which means that using heaviside
in forward propagation and using surrogate gradient in backward propagation. If False, in
forward propagation, using the primitive function of the surrogate gradient function used in

backward propagation

The Gaussian error (erf) surrogate spiking function. The gradient is defined by

! Esser S K, Appuswamy R, Merolla P, et al. Backpropagation for energy-efficient neuromorphic computing[J]. Advances in neural information
processing systems, 2015, 28: 1117-1125.
18 Yin B, Corradi F, Bohté S M. Effective and efficient computation with multiple-timescale spiking recurrent neural networks[C]//International

Conference on Neuromorphic Systems 2020. 2020: 1-8.
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Gaussian error surrogate function

LI T T T T T T T T
—-—- Heaviside

Primitive, a = 2

| —— Gradient, a = 2
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The primitive function is defined by
The function is used in! P2 411, 4Page 425, 18

static spiking_function (x, alpha)
static primitive_function (x: Tensor, alpha)
training: bool

class spikingjelly.clock_driven.surrogate.piecewise_leaky_ relu

H: Function

static forward (ctx, x: Tensor, w=1, c=0.01)
static backward (ctx, grad_output)

class spikingjelly.clock_driven.surrogate.PiecewiseLeakyReLU (w=1.0, c=0.01,
spiking=True)

HZ: MultiArgsSurrogateFunctionBase

* API in English

S
e w—w <= x <= whREHFBIEEE R 1 / 2w
s cx > wil x < -wREREIBEN c
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* spiking @ikl , BUAN True, FERTE LN heaviside ML A
FEREM BRI . 50 False WIANGEIRFUBRIL, BT AEHRIT, B S it
FRPAR B2 R SRS 17 1 i e

I BRI Ak KRR K. BRI

, i, —w<z<w
g'(x) =

c, r<-—-worx>w

XTI P J5E R S
cr + cw, T < —w
g@)=qtr+l,  —w<z<w
cx—cw+1, z>w
PiecewiseLeakyReLU surrogate function
1.2 e s 3
1.0
08 7 i 7 - 7 i - N 7"1 7777777 7 7 i 7 ]
B S e I i LA
= A ]
&
= I | | | | ]
| . T s S
R T B S
i —:—- Heaviside
0.0 N 7
- Primitive, w =1,c¢=0.1 |
i —— Gradient, w =1,¢=0.1
—0.2 1 P 1 - 1 Fi— 1 1 1 1 1 1 L 1 L 1 1 i 5 1 1 1 n f’ 1 n Fa— 5 Fe— n ri—
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ﬁ@ﬁﬁj{%&%ﬂ"@c 411,45910Page 416, 121617 EP@FH .

o P AP

SH
e w—when -w <= x <= wthegradientis1 / 2w
e c-whenx > worx < —w the gradientis c

* spiking —whether output spikes. The default is True which means that using heaviside
in forward propagation and using surrogate gradient in backward propagation. If False, in
forward propagation, using the primitive function of the surrogate gradient function used in

backward propagation

The piecewise surrogate spiking function. The gradient is defined by

, o —w <z <w
g'(z) =
c, T<—-worzr>w
The primitive function is defined by
cr + cw, r < —w
—J 1 1
g@) = e +3  —w<zr<w

cx—cw+1, z>w

3 Yin S, Venkataramanaiah S K, Chen G K, et al. Algorithm and hardware design of discrete-time spiking neural networks based on back propagation
with binary activations[C]//2017 IEEE Biomedical Circuits and Systems Conference (BioCAS). IEEE, 2017: 1-5.
5 Huh D, Sejnowski T J. Gradient descent for spiking neural networks[C]//Proceedings of the 32nd International Conference on Neural Information
Processing Systems. 2018: 1440-1450.
9 Wu 'Y, Deng L, Li G, et al. Direct training for spiking neural networks: Faster, larger, better[C]//Proceedings of the AAAI Conference on Artificial
Intelligence. 2019, 33(01): 1311-1318.
10.Gu P, Xiao R, Pan G, et al. STCA: Spatio-Temporal Credit Assignment with Delayed Feedback in Deep Spiking Neural Networks[C]//IJCAL
2019: 1366-1372.
16 Cheng X, Hao Y, Xu J, et al. LISNN: Improving Spiking Neural Networks with Lateral Interactions for Robust Object Recognition[C]/IJCAL
1519-1525.
17 Kaiser J, Mostafa H, Neftci E. Synaptic plasticity dynamics for deep continuous local learning (DECOLLE)[J]. Frontiers in Neuroscience, 2020,
14: 424.
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PiecewiseLeakyReLU surrogate function

1.2F =
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Input
The function is used in3Pagc 411, 4Page 428, SPage 428, 9Page 428, 10Page 416, 12Page 428, 16Page 428, 17.
forward (x)
static spiking_function (x: Tensor, w, c)
static primitive_function (x: Tensor, w,c)
cuda_code (x: str, y: str, dtype=fp32’)
training: bool

class spikingjelly.clock_driven.surrogate.squarewave_fourier_series

2 Function

static forward (ctx, x: Tensor, n: int, T_period: float)
static backward (ctx, grad_output)

class spikingjelly.clock_driven.surrogate.SquarewaveFourierSeries (n: int =2,
T _period: float =
8, spiking=True)

HH: MultiArgsSurrogateFunctionBase

forward (x)
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static spiking_function (x: Tensor, w, c)

static primitive_function (x: Tensor, n: int, T_period: float)
cuda_code (x: str, y: str, dtype="fp32’)

training: bool

class spikingjelly.clock_driven.surrogate.s2nn

2 Function
static forward (ctx, x: Tensor, alpha: float, beta: float)
static backward (ctx, grad_output)
class spikingjelly.clock_driven.surrogate.S2NN (alpha=4.0, beta=1.0, spiking=True)
K2 MultiArgsSurrogateFunctionBase

e APl in English

B
« alpha ffil x < 0 WHEEERIZSEL
s beta il x >= 0 BHERSE

* spiking @ ke, BRAN True, FERTIEIEREET heaviside MAER
PR BRI . 50 False WIANGEMIRFUHRIE, AT AR, (S e Ff it
FRPRS B X R KT 17 i e

S2NN: Time Step Reduction of Spiking Surrogate Gradients for Training Energy Efficient Single-Step Neural
Networks 42 H ) S2NN L%, S &k

a x (1 — sigmoid(ax))sigmoid(azx), z < 0
Blx+1),z>0

g'(x) =

Xt B2 ) i bR A

sigmoid(az), z < 0
fln(x +1)+1,2>0
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S2NN surrogate function
T I F A | T T T T T ) ) T ]
L7 —— Heaviside e A R | ]

Primitive, « = 4,5 =1

1.50 |

1.25}

Output
o —_
3 o
o S

0.25
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o P API

BH
* alpha -the param that controls the gradient when x < 0
* beta —the param that controls the gradient when x >= 0

* spiking —whether output spikes. The default is True which means that using heaviside
in forward propagation and using surrogate gradient in backward propagation. If False, in
forward propagation, using the primitive function of the surrogate gradient function used in

backward propagation

The S2NN surrogate spiking function, which is proposed by S2ZNN: Time Step Reduction of Spiking Surrogate
Gradients for Training Energy Efficient Single-Step Neural Networks. The gradient is defined by

a x (1 — sigmoid(ax))sigmoid(ax), x < 0

Ale+1),2>0

g'(x) =

The primitive function is defined by

sigmoid(aux),x < 0
Bin(z+1)+ 1,2 >0
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S2NN surrogate function
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forward (x)

static spiking_function (x: Tensor, alpha, beta)
static primitive_function (x: Tensor, alpha, beta)
cuda_code (x: str, y: str, dtype=fp32’)

training: bool

class spikingjelly.clock_driven.surrogate.q pseudo_spike

2 Function

static forward (ctx, x, alpha)
static backward (ctx, grad_output)

class spikingjelly.clock_driven.surrogate.QPseudoSpike (alpha=2.0, spiking=True)

K2 SurrogateFunctionBase

e APl in English

S
* alpha 5l S [ Rk IR B L R B0 B L I 240
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* spiking @ikl , BUAN True, FERTE LN heaviside ML A
FEREM BRI . 50 False WIANGEIRFUBRIL, BT AEHRIT, B S it
FRPAR B2 R SRS 17 1 i e
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* alpha —parameter to control tail fatness of gradient

* spiking —whether output spikes. The default is True which means that using heaviside
in forward propagation and using surrogate gradient in backward propagation. If False, in
forward propagation, using the primitive function of the surrogate gradient function used in

backward propagation
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The g-PseudoSpike surrogate spiking function, which is first proposed in Surrogate Gradients Design. The gradient

is defined by
2|x| | _
/ — 1 [e%
J(@) =1+ )
where @ > 1 corresponds to g in paper.
The primitive function is defined by
T L
1—3(1+ 2> 2>0.

QPseudoSpike surrogate function
IR A L I L L |

1.0 ——. Heaviside . ‘

| —— Primitive, a = 2

Output

static spiking_function (x, alpha)
static primitive_function (x: Tensor, alpha)
training: bool

cuda_code (x: str, y: str, dtype="fp32’)
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References

spikingjelly.clock_driven.ann2snn package

Subpackages

spikingjelly.clock_driven.ann2snn.examples package

Submodules

spikingjelly.clock_driven.ann2snn.examples.if_cnn_mnist module

spikingjelly.clock_driven.ann2snn.examples.cnn_mnist .val (net, device, data_loader,
T=None)

spikingjelly.clock_driven.ann2snn.examples.cnn_mnist.main ()

Module contents

spikingjelly.clock_driven.ann2snn.kernels package

Submodules

spikingjelly.clock_driven.ann2snn.kernels.onnx module

spikingjelly.clock_driven.ann2snn.kernels.pytorch module

Module contents

Submodules

spikingjelly.clock_driven.ann2snn.modules module

class spikingjelly.clock_driven.ann2snn.modules.VoltageHook (scale=1.0, momentum=0.1,

mode="Max’)

HF: Module

e APl in English

S

e scale (float) -#EHEIIGE
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* momentum (float) —ZfE({H

e mode (str, float)HtHz. B A “Max” FaRiCHE ANN BUE R IMEH, “99.9%” 3=
NIESE ANN JE 1) 99.9% 437, Hi A 0-1 (1) float Z177 5 AR 10 SRis te B
PO

VoltageHook HIT7E ANN HfEFH Hhiff & B i Y Fil o
o P API
ZH
* scale (float) —initial scaling value

* momentum (f]oat) -momentum value

* mode (str, float)-Themode. Value “Max” means recording the maximum value of
ANN activation, “99.9%” means recording the 99.9% precentile of ANN activation, and a

float of 0-1 means recording the corresponding multiple of the maximum activation value.
VoltageHook is used to determine the range of activations in ANN inference.
forward (x)
training: bool

class spikingjelly.clock_driven.ann2snn.modules.VoltageScaler (scale=1.0)

F: Module

* APl in English

S8
scale (float) ~4gi{E

VoltageScaler FT SNN T d 45 HL 7

o P API

BH
scale (float) —scaling value

VoltageScaler is used for scaling current in SNN inference.
forward (x)
extra_repr ()

training: bool
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Module contents

spikingjelly.clock_driven.lava_exchange package

Module contents

spikingjelly.clock_driven

spikingjelly.clock_driven

spikingjelly.clock_driven

spikingjelly.clock_driven

SH

.lava_exchange.TNX_to_NXT (x_seq: Tensor)
.lava_exchange .NXT_to_TNX (x_seq: Tensor)

.lava_exchange.lava_neuron_forward (lava_neuron: Module,

x_seq: Tensor, v: Tensor)

.lava_exchange.step_quantize (x: Tensor, step: float = 1.0)

* x (torch. Tensor)—the input tensor

* step (float) —the quantize step

B M
quantized tensor

A B asis!

torch.Tensor

The step quantize function. Here is an example:

fig
x =
plt
plt

plt
plt
plt
plt

plt.
plt.

# plt.style.use(['science’,

= plt.figure(dpi=200, figsize=(6,

'muted’,

torch.arange (-4, 4, 0.001)

.plot (x, x, label='y=x',

legend ()
grid(ls='—--")

.title('step quantize')
.xlabel ("Input')
.ylabel ('Output")

—svg')

ls="-.")

'grid'])
4))

.plot (x, lava_exchange.step_qgquantize(x, 2.), label='quantize(x, step=2)")

.savefig('./docs/source/_static/API/clock_driven/lava_exchange/step_quantize.

plt.savefig('./docs/source/_static/API/clock_driven/lava_exchange/step_qgquantize.

opdf")
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Input

False)

spikingjelly.clock_driven.lava_exchange.quantize_8bit (x: Tensor, scale, descale

)

conv2d_nn: Conv2d

spikingjelly.clock_driven.lava_exchange.check_conv2d (

spikingjelly.clock_driven.lava_exchange.check_£c (fc: Linear)

(sj_ms_neuron:
Module)

am_dict

spikingjelly.clock_driven.lava_exchange.to_lava_neuron_par

spikingjelly.clock_driven.lava_exchange.to_lava_neuron (sj_ms_neuron: Module)

spikingjelly.clock_driven.lava_exchange.linear_ to_lava_synapse_dense (fc: Linear)

BH

fc (nn. Linear) —a pytorch linear layer without bias

R m

a lava slayer dense synapse

B

slayer.synapse.Dense

Codes example:

Chapter 7. Welcome to SpikingJdelly’ s documentation

438


https://pytorch.org/docs/stable/tensors.html#torch.Tensor
https://pytorch.org/docs/stable/generated/torch.nn.Conv2d.html#torch.nn.Conv2d
https://pytorch.org/docs/stable/generated/torch.nn.Linear.html#torch.nn.Linear
https://pytorch.org/docs/stable/generated/torch.nn.Module.html#torch.nn.Module
https://pytorch.org/docs/stable/generated/torch.nn.Module.html#torch.nn.Module
https://pytorch.org/docs/stable/generated/torch.nn.Linear.html#torch.nn.Linear

spikingjelly, Z{ThaZ alpha

T =4
N = 2
layer_nn = nn.Linear (8, 4, bias=False)
layer_sl = lava_exchange.linear_to_lava_synapse_dense (layer_nn)
x_seq = torch.rand ([T, N, 8])
with torch.no_grad() :
y_nn = functional.seq to_ann_forward(x_seq, layer_nn)
y_sl = lava_exchange.NXT_to_TNX (layer_sl (lava_exchange.TNX_to_NXT (x_seq)))

print ('max error:', (y_nn - y_sl).abs().max())

spikingjelly.clock_driven.lava_exchange.conv2d_to_lava_synapse_conv (conv2d_nn:
Conv2d)

SH

conv2d_nn (nn.Conv2d) —a pytorch conv2d layer without bias
B

a lava slayer conv synapse
AR el

slayer.synapse.Conv

Codes example:

T =4
N = 2
layer_nn = nn.Conv2d(3, 8, kernel_size=3, stride=1, padding=1, bias=False)
layer_sl = lava_exchange.conv2d_to_lava_synapse_conv (layer_nn)
x_seq = torch.rand ([T, N, 3, 28, 28])
with torch.no_grad():
y_nn = functional.seqg_to_ann_forward(x_seq, layer_nn)
y_sl = lava_exchange.NXT_to_TNX (layer_sl (lava_exchange.TNX_to_NXT (x_seq)))

print ('max error:', (y_nn — y_sl).abs().max())

spikingjelly.clock_driven.lava_exchange.avgpool2d_to_lava_synapse_pool (pool2d_nn:

Ayg_
Pool2d)
BH
pool2d_nn (nn.AvgPool2d) —a pytorch AvgPool2d layer
B
a lava slayer pool layer
R

slayer.synapse.Pool
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Warning

The lava slayer pool layer applies sum pooling, rather than average pooling.

T =4

N = 2

layer_nn = nn.AvgPool2d(kernel_size=2, stride=2)

layer_sl = lava_exchange.avgpool2d_to_lava_synapse_pool (layer_nn)
x_seq = torch.rand ([T, N, 3, 28, 28])

with torch.no_grad() :

y_nn = functional.seq_ to_ann_forward(x_seq, layer_nn)

y_sl = lava_exchange.NXT_to_TNX (layer_sl (lava_exchange.TNX_to_NXT (x_seq))) /.
—4.

print ('max error:', (y_nn - y_sl).abs().max())

spikingjelly.clock_driven.lava_exchange.to_lava_block_dense (fc: Linear, sj_ms_neuron:
Module, quantize_to_8bit:

bool = True)

spikingjelly.clock_driven.lava_exchange.to_lava_block_conv (conv2d_nn: Conv2d,
sj_ms_neuron: Module,
quantize_to_8bit: bool =

True)

spikingjelly.clock_driven.lava_exchange.to_lava_block_£flatten (flatten_nn: Flatten)

Module contents
7.5.2 spikingjelly.datasets package

Submodules
spikingjelly.datasets.asl_dvs module

class spikingjelly.datasets.asl_dvs.ASLDVS (root: str, data_type: str = ‘event’, frames_number:
Optionalfint] = None, split_by: Optional[str] = None,
duration: Optionalfint] = None,
custom_integrate_function: Optional{Callable] =
None, custom_integrated_frames_dir_name:
Optional(str] = None, transform: Optional[Callable]
= None, target_transform: Optional[ Callable] =
None)
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K2 NeuromorphicDatasetFolder
The ASL-DVS dataset, which is proposed by Graph-based Object Classification for Neuromorphic Vision Sensing.

Refer to spikingjelly.datasets.NeuromorphicDatasetFolder for more details about params

information.
static resource_url_md5 () — list
RIA
A list url that url [1] is a tuple, which contains the i-th file’ s name, download link, and
MD5

B

list
static downloadable () — bool
Bl
Whether the dataset can be directly downloaded by python codes. If not, the user have to

download it manually

B
bool

static extract_downloaded_files (download_root: str, extract_root: str)

BH
* download_root (str)-Root directory path which saves downloaded dataset files

e extract_root (str)-Root directory path which saves extracted files from downloaded
files

R
None

This function defines how to extract download files.

static load_origin_data (file_name: str) — Dict

S8
file_name (st r) —path of the events file

A
adict whose keysare ['t', 'x', 'y', 'p'] andvaluesare numpy.ndarray

B
Dict

This function defines how to read the origin binary data.
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static get_H_W() — Tuple

|
A tuple (H, W), where H is the height of the data and W* is the weight of the
data. For example, this function returns "~ (128, 128) for the
DVS128 Gesture dataset.

B
tuple

static read_mat_save_to_np (mat_file: str, np_file: str)
static create_events_np_f£files (extract_root: sir, events_np_root: sir)

B8

¢ extract_root (str)-Root directory path which saves extracted files from downloaded
files

* events_np_root —Root directory path which saves events files in the npz format

RH
None

This function defines how to convert the origin binary data in extract_root to npz format and save

converted files in events_np_root.

spikingjelly.datasets.cifar10_dvs module

spikingjelly.datasets.cifarl0_dvs.read_bits (arr, mask=None, shift=None)
spikingjelly.datasets.cifarl10_dvs.skip_header (fp)

spikingjelly.datasets.cifarl10_dvs.load_raw_events (fp, bytes_skip=0, bytes_trim=0,
filter_dvs=False, times._first=False)

spikingjelly.datasets.cifarl10_dvs.parse_raw_address (addr, x_mask=4190208, x_shift=12,
y_mask=2143289344, y_shift=22,
polarity_mask=2048,
polarity_shift=11)

spikingjelly.datasets.cifarl0_dvs.load_events (fp, filter_dvs=False, **kwargs)
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class spikingjelly.datasets.cifarl10_dvs.CIFAR10DVS (root: str, data_type: str = ‘event’,
frames_number: Optionalf[int] = None,
split_by: Optional[str] = None, duration:
Optionalfint] = None,
custom_integrate_function:
Optional{Callable] = None,
custom_integrated_frames_dir_name:
Optional[str] = None, transform:
Optional[Callable] = None,
target_transform: Optional[Callable] =
None)

I NeuromorphicDatasetFolder

The CIFAR10-DVS dataset, which is proposed by ‘CIFAR10-DVS: An Event-Stream Dataset for Ob-

ject Classification
<https://internal- journal.frontiersin.org/articles/10.3389/fnins.2017.00309/full>*_.

Referto spikingjelly.datasets.NeuromorphicDatasetFolder for more details about

params information.
static resource_url_md5 () — list
AT
A list url that url [1] is a tuple, which contains the i-th file’ s name, download link, and
MD5

Y BB AR
list

static downloadable () — bool
P
Whether the dataset can be directly downloaded by python codes. If not, the user have to

download it manually

BRI

bool
static extract_downloaded_files (download_root: str, extract_root: str)
S8
* download_root (str)—Root directory path which saves downloaded dataset files

* extract_root (str)-Root directory path which saves extracted files from downloaded
files

Bl

None
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This function defines how to extract download files.
static load_origin_data (file_name: str) — Dict

S8
file_name (st r) —path of the events file

Bl

adict whose keysare ['t', 'x', 'y', 'p'] andvaluesare numpy.ndarray

B
Dict

This function defines how to read the origin binary data.

static get_H_W() — Tuple

B
A tuple (H, W), where H is the height of the data and W* is the weight of the
data. For example, this function returns °~° (128, 128) for the
DVS128 Gesture dataset.

B
tuple

static read_aedat_save_to_np (bin_file: str, np_file: str)
static create_events_np_files (extract_root: sir, events_np_root: sir)

B
e extract_root (str)-Root directory path which saves extracted files from downloaded
files

* events_np_root —Root directory path which saves events files in the npz format
Bl
None

This function defines how to convert the origin binary data in extract_root to npz format and save

converted files in events_np_root.

spikingjelly.datasets.dvs128_gesture module
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class spikingjelly.datasets.dvsl128_gesture.DVS128Gesture (root: str, train: Optional[bool] =
None, data_type: str = ‘event’,
frames_number: Optionalfint] =
None, split_by: Optional[str] =
None, duration: Optionalfint] =
None,
custom_integrate_function:
Optional{Callable] = None, cus-
tom_integrated_frames_dir_name:
Optionalfstr] = None,
transform: Optional[Callable] =
None, target_transform:
Optional[Callable] = None)

FE: NeuromorphicDatasetFolder
The DVS128 Gesture dataset, which is proposed by A Low Power, Fully Event-Based Gesture Recognition System.

Refer to spikingjelly.datasets.NeuromorphicDatasetFolder for more details about params

information.
static resource_url_md5 () — list
Bl
Alist url that url [i] is a tuple, which contains the i-th file’ s name, download link, and
MD5

R

list
static downloadable () — bool
Bl
Whether the dataset can be directly downloaded by python codes. If not, the user have to

download it manually

B[R]
bool

static extract_downloaded_files (download_root: str, extract_root: str)

B8
¢ download_root (st r)—Root directory path which saves downloaded dataset files

e extract_root (str)—Root directory path which saves extracted files from downloaded
files

Bl

None
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This function defines how to extract download files.
static load_origin_data (file_name: str) — Dict

S8
file_name (st r) —path of the events file

jA |
a dict whose keysare ['t "',

B
Dict

A}

x', 'y', 'p'l] and values are numpy .ndarray

This function defines how to read the origin binary data.

static split_aedat_files_to_np (fname: str, aedat_file: str, csv_file: str, output_dir: str)

static create_events_np_f£files (extract_root: str, events_np_root: sir)

S8

* extract_root (str)-Root directory path which saves extracted files from downloaded
files

* events_np_root —Root directory path which saves events files in the npz format
A
None

This function defines how to convert the origin binary data in extract_root to npz format and save

converted files in events_np_root.

static get_H_W() — Tuple

A
A tuple (H, W), where H is the height of the data and W* is the weight of the
data. For example, this function returns (128, 128) for the
DVS128 Gesture dataset.

R RIER
tuple

spikingjelly.datasets.es_imagenet module

spikingjelly.datasets.es_imagenet.load_events (fname: sir)
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class spikingjelly.datasets.es_imagenet .ESImageNet (root: sir, train: Optional{bool] = None,

F: NeuromorphicDatasetFolder

data_type: str = ‘event’, frames_number:
Optionalfint] = None, split_by:
Optionalfstr] = None, duration:
Optional[int] = None,
custom_integrate_function:
Optional{Callable] = None,
custom_integrated_frames_dir_name:
Optional[str] = None, transform:
Optional{Callable] = None,
target_transform: Optional[Callable] =
None)

The ES-ImageNet dataset, which is proposed by ES-ImageNet: A Million Event-Stream Classification Dataset for

Spiking Neural Networks.

Refer to spikingjelly.datasets.NeuromorphicDatasetFolder for more details about params

information.

static load_events_np (fname: str)

static resource_url_md5 () — list

B

A list url that url [1] is a tuple, which contains the i-th file’ s name, download link, and

MD5

B

list
static downloadable () — bool

Bl

Whether the dataset can be directly downloaded by python codes. If not, the user have to

download it manually

BRI

bool

static extract_downloaded_files (download_root: str, extract_root: str)

B8

* download_root (st r) —Root directory path which saves downloaded dataset files

* extract_root (str)-Root directory path which saves extracted files from downloaded

files
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&

None
This function defines how to extract download files.

static create_events_np_files (extract_root: str, events_np_root: sir)

S8

* extract_root (str)—-Root directory path which saves extracted files from downloaded
files

* events_np_root —Root directory path which saves events files in the npz format

Bl

None

This function defines how to convert the origin binary data in extract_root to npz format and save

converted files in events_np_root.

static get_H_W() — Tuple

B
A tuple (H, W), where H is the height of the data and W* is the weight of the
data. For example, this function returns °~° (128, 128) for the
DVS128 Gesture dataset.

R RIE
tuple

spikingjelly.datasets.n_caltech101 module

class spikingjelly.datasets.n_caltechl101.NCaltechl01 (root: str, data_type: str = ‘event),
frames_number: Optionalfint] =
None, split_by: Optional[str] = None,
duration: Optionalfint] = None,
custom_integrate_ function:
Optional{Callable] = None,
custom_integrated_frames_dir_name:
Optionalfstr] = None, transform:
Optional[Callable] = None,
target_transform: Optional[Callable]

= None)

FE: NeuromorphicDatasetFolder

The N-Caltech101 dataset, which is proposed by Converting Static Image Datasets to Spiking Neuromorphic
Datasets Using Saccades.
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Refer to spikingjelly.datasets.NeuromorphicDatasetFolder for more details about params

information.
static resource_url_md5 () — list
RIA
A list url that url [1] is a tuple, which contains the i-th file’ s name, download link, and
MD5

e R !

list
static downloadable () — bool
B
Whether the dataset can be directly downloaded by python codes. If not, the user have to

download it manually

B
bool

static extract_downloaded_files (download_root: str, extract_root: str)

S8
* download_root (str)-Root directory path which saves downloaded dataset files

* extract_root (str)-Root directory path which saves extracted files from downloaded
files

PEE]
None

This function defines how to extract download files.

static load_origin_data (file_name: str) — Dict

S8

file_name (str) —path of the events file

B

adict whose keysare ['t', 'x', 'y', 'p'] andvaluesare numpy.ndarray

Y E1 B ARIA
Dict

This function defines how to read the origin binary data.
static get_H_W() — Tuple

Bl
A tuple (H, W), where H is the height of the data and W* is the weight of the
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data. For example, this function returns ° (128, 128) for the
DVS128 Gesture dataset.

R
tuple

static read_bin_save_to_np (bin_file: str, np_file: str)
static create_events_np_f£files (extract_root: sir, events_np_root: sir)

S8

* extract_root (str)—-Root directory path which saves extracted files from downloaded
files

* events_np_root —Root directory path which saves events files in the npz format
Bl
None
This function defines how to convert the origin binary data in extract_root to npz format and save

converted files in events_np_root.

spikingjelly.datasets.n_mnist module

class spikingjelly.datasets.n_mnist.NMNIST (root: str, train: Optional[bool] = None, data_type: str
= ‘event’, frames_number: Optional[int] = None,
split_by: Optional[str] = None, duration: Optionalfint]
= None, custom_integrate_function:
Optional{Callable] = None,
custom_integrated_frames_dir_name: Optional[str] =
None, transform: Optional[Callable] = None,
target_transform: Optional[ Callable] = None)

K2’ NeuromorphicDatasetFolder
The N-MNIST dataset, which is proposed by Converting Static Image Datasets to Spiking Neuromorphic Datasets
Using Saccades.
Refer to spikingjelly.datasets.NeuromorphicDatasetFolder for more details about params
information.
static resource_url_md5 () — list

B

A list url that url [1] is a tuple, which contains the i-th file’ s name, download link, and

MD5

B

list
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static downloadable () — bool

Rl
Whether the dataset can be directly downloaded by python codes. If not, the user have to

download it manually

BRI

bool

static extract_downloaded_files (download_root: str, extract_root: str)

B8
* download_root (st r) —Root directory path which saves downloaded dataset files

* extract_root (str)-Root directory path which saves extracted files from downloaded
files

RA
None

This function defines how to extract download files.

static load_origin_data (file_name: str) — Dict

B8

file_name (str) —path of the events file
B m]
adict whose keysare ['t"', 'x', 'y', 'p'] and valuesare numpy.ndarray

B
Dict

This function defines how to read the origin binary data.

static get_H_W() — Tuple

A
A tuple (H, W), where H is the height of the data and W* is the weight of the
data. For example, this function returns (128, 128) for the
DVS128 Gesture dataset.

U B RSl
tuple

static read_bin_save_to_np (bin_file: str, np_file: str)
static create_events_np_f£files (extract_root: sir, events_np_root: sir)

SH
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* extract_root (str)-Root directory path which saves extracted files from downloaded
files

* events_np_root —Root directory path which saves events files in the npz format
Bl
None

This function defines how to convert the origin binary data in extract_root to npz format and save

converted files in events_np_root.

spikingjelly.datasets.nav_gesture module

spikingjelly.datasets.nav_gesture.peek (f, length=1)

spikingjelly.datasets.nav_gesture.readATIS_tddat (file_name, orig_at_zero=True,
drop_negative_dt=True, verbose=True,

events_restriction=[0, inf])

reads ATIS td events in .dat format

input: filename: string, path to the .dat file orig_at_zero: bool, if True, timestamps will start at O drop_negative_dt:
bool, if True, events with a timestamp greater than the previous event are dismissed verbose: bool, if True, verbose

mode. events_restriction: list [min ts, max ts], will return only events with ts in the defined boundaries

output: timestamps: numpy array of length (number of events), timestamps coords: numpy array of size (number
of events, 2), spatial coordinates: col O is x, col 1 is y. polarities: numpy array of length (number of events),

polarities removed_events: integer, number of removed events (negative delta-ts)

class spikingjelly.datasets.nav_gesture.NAVGestureWalk (root: str, data_type: str = ‘event’,
frames_number: Optional[int] =
None, split_by: Optional[str] =
None, duration: Optional[int] =
None, custom_integrate_function:
Optional[Callable] = None, cus-
tom_integrated_frames_dir_name:
Optional[str] = None, transform:
Optional[Callable] = None,
target_transform:
Optional[Callable] = None)

FE: NeuromorphicDatasetFolder

The Nav Gesture dataset, which is proposed by Event-Based Gesture Recognition With Dynamic Background

Suppression Using Smartphone Computational Capabilities.

Refer to spikingjelly.datasets.NeuromorphicDatasetFolder for more details about params

information.
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static resource_url_md5 () — list

B m
A list url that url [1] is a tuple, which contains the i-th file’ s name, download link, and
MD5

BRI

list
static downloadable () — bool
B
Whether the dataset can be directly downloaded by python codes. If not, the user have to

download it manually

B[R]y
bool

static extract_downloaded_files (download_root: str, extract_root: str)

B8
* download_root (st r)—Root directory path which saves downloaded dataset files

e extract_root (str)-Root directory path which saves extracted files from downloaded
files

B m]
None

This function defines how to extract download files.

static get_H_W() — Tuple

Bl
A tuple (H, W), where H is the height of the data and W° is the weight of the
data. For example, this function returns (128, 128) for the
DVS128 Gesture dataset.

R MY
tuple

static read_aedat_save_to_np (bin_file: str, np_file: str)
static create_events_np_f£files (extract_root: str, events_np_root: sir)

S8

* extract_root (str)-Root directory path which saves extracted files from downloaded
files

* events_np_root —Root directory path which saves events files in the npz format
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&

None

This function defines how to convert the origin binary data in extract_root to npz format and save

converted files in events_np_root.

class spikingjelly.datasets.nav_gesture.NAVGestureSit (root: sir, data_type: str = ‘event’,

Jframes_number: Optionalfint] =
None, split_by: Optional[str] = None,
duration: Optionalfint] = None,
custom_integrate_ function:
Optional[Callable] = None, cus-
tom_integrated_frames_dir_name:
Optionalfstr] = None, transform:
Optional{Callable] = None,
target_transform: Optional[ Callable]

= None)

HHK: NAVGesturewalk

The Nav Gesture dataset, which is proposed by Event-Based Gesture Recognition With Dynamic Background

Suppression Using Smartphone Computational Capabilities.

Refer to spikingjelly.datasets.NeuromorphicDatasetFolder for more details about params

information.

static

static

resource_url_md5 () — list

jA |
A list url that url [1] is a tuple, which contains the i-th file’ s name, download link, and
MD5

A E s

list
extract_downloaded_f£files (download_root: str, extract_root: str)
S48
* download_root (str)-Root directory path which saves downloaded dataset files

¢ extract_root (str)-Root directory path which saves extracted files from downloaded
files

B

None

This function defines how to extract download files.
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spikingjelly.datasets.speechcommands module

spikingjelly.datasets.speechcommands.load_speechcommands_item (relpath: str, path: str)
— Tuple[Tensor, int,

str, str, int]

class spikingjelly.datasets.speechcommands.SPEECHCOMMANDS (label_dict: Dict, root: str,
silence_cnt: Optional[int] = 0,
silence_size: Optional[int] =
16000, transform:
Optional{Callable] = None,
url: Optional[str] =
speech_commands_v0.02’,
split: Optional(str] = ‘train’,
folder_in_archive:
Optionalfstr] =
SpeechCommands’, download:
Optional[bool] = False)

+ label_dict (Dict) FRks A BINANL T I

* root (str) HHEERIM HF

» silence_cnt (int, optional)-Silence JEMEE

* silence_size (int, optional)—Silence R~}

e transform (Callable, optional)—A function/transform that takes in a raw audio
e url (str, optional) -HIRERA, ERHAN v0.02

e split (str, optional)-BUEL&LXI4, DA "train", "test", "val", B

iAH "train"
» folder_in_archive (str, optional) —fRJEJG W H & 4 X, EiA N
"SpeechCommands"

» download (bool, optional) —Ef FEEHE, BRiAA False

SpeechCommands 155 8RS, H H Speech Commands: A Dataset for Limited-Vocabulary Speech Recogni-
tion, RS th MK EE 5 IS8 KA T T R4, 27 v0.01 5 v0.02 B RUA .

G ORI S S Gl DRy

]' *Hﬁé\ﬁiﬁj’ /:EE 10/I\777 Yes77 s (4N077 s “Up” s “DOWn” s “Left” s “Right” , “On” s “Oﬂ‘?’ s “Stop” s
“Go” . X v0.02, IBERAMENT 54 :” Forward” , “Backward” , “Follow” , “Learn” , “Visual” .
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2. 0~9 9%, 2 104:” One” , “Two” , “Three” , “Four” , “Five” , “Six” , “Seven” , “Eight”
, “Nine”

3. %B}jiﬁj7 ﬂ%*}m‘jﬂq:ﬁtiﬂ, ;Hé 10 /I\:n Bedﬂ? , “Bird” , “Cat” , “Dog” , “HaPPY” , “House” ,

“Marvin” , “Sheila” , “Tree” , “Wow”

vO.OL JRAE 5 331 30 36, 64,727 MEBURBL, v0.02 iRAS & 36T 35 3¢, 105,829 ASEiifr B i
AN AS AR S, VASEESER) README,

RT3 BLELT: torchaudio 14755 TI0AE, [RIHILB% T 6 0501,

Module contents

spikingjelly.datasets.play_£frame (x: Tensor, save_gif_to: Optional[str] = None) — None

SH
e x(torch.Tensor or np.ndarray)—frames with shape=[T, 2, H, W]

* save_gif_to (str)-If None, this function will play the frames. If True, this function

will not play the frames but save frames to a gif file in the directory save_gif_to
B
None

spikingjelly.datasets.load_matlab_mat (file_name: str) — Dict

ZH

file_name (st r) —path of the matlab’ s mat file
$Ey |

adict whose keysare ['t', 'x', 'y', 'p'] and valuesare numpy.ndarray
B

Dict

spikingjelly.datasets.load_aedat_v3 (file_name: str) — Dict

S8

file_name (st r) —path of the aedat v3 file
Bl

a dict whose keysare ['t', 'x', 'y', 'p'] andvaluesare numpy.ndarray
RN

Dict

This function is written by referring to https://gitlab.com/inivation/dv/dv-python . It can be used for DVS128

Gesture.
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spikingjelly.datasets.load_ATIS_bin (file_name: str) — Dict

S8

file_name (str) —path of the aedat v3 file
B

adict whose keysare ['t', 'x', 'y', 'p'l] andvaluesare numpy.ndarray
B

Dict

This function is written by referring to https://github.com/jackd/events-tfds . Each ATIS binary example is a
separate binary file consisting of a list of events. Each event occupies 40 bits as described below: bit 39 - 32:
Xaddress (in pixels) bit 31 - 24: Yaddress (in pixels) bit 23: Polarity (0 for OFF, 1 for ON) bit 22 - 0: Timestamp

(in microseconds)

spikingjelly.datasets.load_npz_frames (file_name: str) — ndarray

S8
file_name (st r) —path of the npz file that saves the frames

B
frames

BRI
np.ndarray

spikingjelly.datasets.integrate_events_segment_to_frame (x: ndarray, y: ndarray, p:
ndarray, H: int, W:int, j_L: int =

0, j_r: int = -1) — ndarray

param x

x-coordinate of events

type x
numpy.ndarray

param y

y-coordinate of events

typey
numpy.ndarray

param p

polarity of events

type p
numpy.ndarray

param H

height of the frame
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type H
int
param W

weight of the frame
type W

int
param j_l

the start index of the integral interval, which is included
type j_l

int
param j_r

the right index of the integral interval, which is not included
type j_r

return
frames

rtype
np.ndarray

Denote a two channels frame as F' and a pixel at (p, z,y) as F(p, z,y), the pixel value is integrated

from the events data whose indices are in [j;, j,): .. math:

F(p, x, y) = \sum_{1i = j_{1}}"{j_{r} - 1} \mathcal{I}_{p, x, y}(p_{i}, x_
—{1}, y_{i})

where :math:‘Ifloor cdot

floor* is the floor operation, Z,, . . (p;, z;,yi) is an indicator function and it equals 1 only when (p,z,y) =
(Pis iy Yi)-

spikingjelly.datasets.cal_fixed_frames_number_segment_index (events_t: ndarray, split_by:
str, frames_num: int) —

tuple

* events_t (numpy.ndarray)—events’ t
e split_by (str)—‘time’ or ‘number’
e frames_num (int) —the number of frames
B
atuple (j_1, j_r)
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e E e

tuple

Denote frames_numas M, if split_byis 'time', then .. math:

\Delta T & = [\frac{t_{N-1} - t_{0}}{M}] \\

J_{1} & = \mathop{\arg\min}\limits_{k} \{t_{k} | t_{k} \geq t_{0} + \Delta T \
—cdot J\} \\

Jj_{r} & = \begin{cases} \mathop{\arg\max}\limits_{k} \{t_{k} | t_{k} < t_{0} + \
—Delta T \cdot (j + 1)\} + 1, &« 3 < M -1 \cr N, &« j =M - 1 \end{cases}

If split_byis "number', then .. math:

J_{1} & = [\frac{N}{M}] \cdot jF \\
j_{r} & = \begin{cases} [\frac{N}{M}] \cdot (j + 1), & j < M - 1 \cr N, & j =M —

< 1 \end{cases}

spikingjelly.datasets.integrate_events_by_ fixed_frames_number (events: Dict, split_by: str,
frames_num: int, H: int,

W:int) — ndarray

* events (Dict) —a dict whose keys are ['t', 'x', 'y', 'p'] and values are

numpy .ndarray
e split_by (str)—‘time’ or ‘number’
e frames_num (int)—the number of frames
* H (int) —the height of frame
* W (int) —the weight of frame
Bl

frames

B

np.ndarray

Integrate events to frames by fixed frames number. See cal_fixed frames_number_segment_index

and integrate_events_segment_to_frame for more details.
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spikingjelly.datasets.integrate_events_file_to_frames_file_by fixed_frames_number (loader:

S

* loader (Callable) —a function that can load events from events_np_file

* events_np_file (str) —path of the events np file

* output_dir (str) —output directory for saving the frames

e split_by (str)—‘time’ or ‘number’

e frames_num (int) —the number of frames

* H (int) —the height of frame

* W (int) —the weight of frame

e print_save (bool)—If True, this function will print saved files’ paths.
Bl

None

Integrate a events file to frames by fixed frames number and save

cal_fixed_ frames_number_segment_index and integrate_events_segment_to_frame

for more details.

spikingjelly.datasets.integrate_events_by_ fixed_duration (events: Dict, duration: int, H: int,

W:int) — ndarray
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Callable,
events_np_fi
str,

out-

put_dir:

str,

split_by:

str,
frames_num
int,

H:

int,

w:

int,
print_save:
bool

False)
%

None
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* events (Dict) —a dict whose keys are ['t', 'x', 'y', 'p'l]

numpy .ndarray
e duration (int) —the time duration of each frame
* H (int) —the height of frame
* W (int) —the weight of frame
B
frames
B
np.ndarray

Integrate events to frames by fixed time duration of each frame.

and values are

spikingjelly.datasets.integrate_events_file_to_frames_file_by_ fixed_duration (loader:

S8
* loader (Callable) —a function that can load events from events_np_file

* events_np_file (str) —path of the events np file

Callable,
events_np_file:
str,

out-
put_dir:
str,

du-

ra-

tion:

int,

H:

int,

w:

int,
print_save:
bool

False)
%

None
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* output_dir (str) —output directory for saving the frames
¢ duration (int) —the time duration of each frame
* H (int) —the height of frame
* W (int) —the weight of frame
* print_save (bool) -If True, this function will print saved files’ paths.
Bl
None
Integrate events to frames by fixed time duration of each frame.

spikingjelly.datasets.save_frames_to_npz_and_print (fname: str, frames)

spikingjelly.datasets.create_same_directory_structure (source_dir: str, target_dir: str) —

None

B8
* source_dir (str) —Path of the directory that be copied from

* target_dir (str)—Path of the directory that be copied to

B

None
Create the same directory structure in target_dir with that of source_dir.

spikingjelly.datasets.split_to_train_test_set (frain_ratio: float, origin_dataset: Dataset,

num_classes: int, random_split: bool = False)

* train_ratio (f1oat) —split the ratio of the origin dataset as the train set
* origin_dataset (torch.utils.data.Dataset) —the origin dataset
* num_classes (int) —total classes number, e.g., 10 for the MNIST dataset

e random_split (int)-If False, the front ratio of samples in each classes will be included
in train set, while the reset will be included in test set. If True, this function will split samples

in each classes randomly. The randomness is controlled by numpy . random. seed
B
atuple (train_set, test_set)
B MR
tuple

spikingjelly.datasets.pad_sequence_collate (batch: list)
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S8
batch (1ist) —alist of samples that contains (x, vy), where x is a list containing sequences

with different length and v is the label
$EA |
batched samples (x_p, vy, x_len), where " x_p is padded x with the same length, y
is the label, and x_1en is the length of the x
R
tuple

This function can be use as the collate_fn for DataLoader to process the dataset with variable length, e.g.,
a NeuromorphicDatasetFolder with fixed duration to integrate events to frames. Here is an example: ..

code-block:: python class VariableLengthDataset(torch.utils.data.Dataset):

def __init__(self, n=1000):
super().__init__ () self.n=n
def __ getitem__(self, i):

return torch.rand([i + 1, 2]), self.n-1- 1

def __len__(self):

return self.n

loader = torch.utils.data.Datal.oader(VariableLengthDataset(n=32), batch_size=2,

collate_fn=pad_sequence_collate,
shuffle=True)

for i, (x_p, label, x_len) in enumerate(loader):

print(f’ x_p.shape={x_p.shape}, label={label}, x_len={x_len}’ )ifi==2:

break

And the outputs are: .. code-block:: bash

x_p.shape=torch.Size([2, 18, 2D, label=tensor([14, 30]), x_len=tensor([18, 2D
x_p.shape=torch.Size([2, 29, 2]), label=tensor([3, 6]), x_len=tensor([29, 26]) x_p.shape=torch.Size([2,
23, 2]), label=tensor([ 9, 23]), x_len=tensor([23, 9])

spikingjelly.datasets.padded_sequence_mask (sequence_len: Tensor, T=None)

SH

* sequence_len (torch.Tensor) —a tensor shape = [N] that contains sequences

lengths of each batch element

* T (int) —The maximum length of sequences. If None, the maximum element in

sequence_len will be seen as T

R

a bool mask with shape = [T, NJ, where the padded position is False
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e E e

torch.Tensor
Here is an example: .. code-block:: python

x1 = torch.rand([2, 6]) x2 = torchorand([3, 6]) x3 = torchrand([4, 6]) x

torch.nn.utils.rnn.pad_sequence([x1, x2, x3]) # [T, N, *] print( ‘x.shape=" , x.shape) x_len

torch.as_tensor([x1.shape[0], x2.shape[0], x3.shape[0]]) mask = padded_sequence_mask(x_len) print(

‘mask.shape=", mask.shape) print( ‘mask=n’ , mask)
And the outputs are: .. code-block:: bash
x.shape= torch.Size([4, 3, 6]) mask.shape= torch.Size([4, 3]) mask=

tensor([[ True, True, True],
[ True, True, True], [False, True, True], [False, False, True]])

class spikingjelly.datasets.NeuromorphicDatasetFolder (root: str, train: Optional[bool] =
None, data_type: str = ‘event’,
frames_number: Optionalfint] =
None, split_by: Optional[str] = None,
duration: Optionalfint] = None,
custom_integrate_ function:
Optional[Callable] = None, cus-
tom_integrated_frames_dir_name:
Optional(str] = None, transform:
Optional{Callable] = None,
target_transform: Optional[Callable]

= None)

H: DatasetFolder
SH
* root (str)—root path of the dataset

* train (bool) —whether use the train set. Set True or False for those datasets provide
train/test division, e.g., DVS128 Gesture dataset. If the dataset does not provide train/test
division, e.g., CIFAR10-DVS, please set None and use split_to_train_test_set

function to get train/test set
* data_type (str) —event or frame
e frames_number (int) —the integrated frame number
e split_by (st r) —time or number
e duration (int) —the time duration of each frame

* custom_integrate_function (Callable) —a user-defined function that inputs are

events, H, W.eventsisadictwhosekeysare ['t', 'x', 'y', 'p'] andvalues
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are numpy . ndarray His the height of the data and W is the weight of the data. For example,
H=128 and W=128 for the DVS128 Gesture dataset. The user should define how to integrate

events to frames, and return frames.

e custom_integrated_frames_dir_name (str or None) -The name of
directory for saving frames integrating by custom_integrate_function.
If custom_integrated_frames_dir_name is None, it will be set to

custom_integrate_function.__ _name

* transform (callable) —a function/transform that takes in a sample and returns a trans-

formed version. E.g, transforms.RandomCrop for images.

* target_transform(callable)-afunction/transform that takes in the target and trans-

forms it.

The base class for neuromorphic dataset. Users can define a new dataset by inheriting this class and implementing all
abstract methods. Users canreferto spikingjelly.datasets.dvs128_gesture.DVS128Gesture.
If data_type == 'event'

the sample in this datasetis adict whose keysare ['t', 'x', 'y', 'p'] andvaluesare numpy .

ndarray.

If data_type == 'frame' and frames_number is not None
events will be integrated to frames with fixed frames number. split_by will define how to split events.

See cal_fixed frames_number segment_ index for more details.

If data_type == 'frame', frames_number is None, and duration is not None

events will be integrated to frames with fixed time duration.

If data_type == 'frame', frames_number is None, duration is None, and

custom_integrate_function is not None:
events will be  integrated by the user-defined function and saved to the

custom_integrated_frames_dir_name directory in root directory. Here is an example

from SpikingJelly’ s tutorials: .. code-block:: python

from spikingjelly.datasets.dvs128_gesture import DVS128Gesture from typing im-
port Dict import numpy as np import spikingjelly.datasets as sjds def inte-

grate_events_to_2_frames_randomly(events: Dict, H: int, W: int):

index_split = np.random.randint(low=0, high=events| ‘t’ ].__len_ ()) frames =
np.zeros([2, 2, H, W]) t, X, y, p = (events[key] for key in ( ‘t’ , ‘x’ , ‘y’, ‘p’
)) frames[0] = sjds.integrate_events_segment_to_frame(x, y, p, H, W, 0, index_split)
frames[1] = sjds.integrate_events_segment_to_frame(x, y, p, H, W, index_split, events|

‘t’ ].__len__()) return frames

root_dir = ‘D:/datasets/DVS128Gesture’ train_set = DVS128Gesture(root_dir, train=True,
data_type=’ frame’ , custom_integrate_function=integrate_events_to_2_frames_randomly) from

spikingjelly.datasets import play_frame frame, label = train_set[500] play_frame(frame)
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abstract static resource_url_md5 () — list

B m
A list url that url [1] is a tuple, which contains the i-th file’ s name, download link, and
MD5

BRI

list
abstract static downloadable () — bool
B
Whether the dataset can be directly downloaded by python codes. If not, the user have to

download it manually

B[R]y
bool

abstract static extract_downloaded_files (download_root: str, extract_root: str)

* download_root (st r)—Root directory path which saves downloaded dataset files

e extract_root (str)-Root directory path which saves extracted files from downloaded
files

B m]
None

This function defines how to extract download files.

abstract static create_events_np_files (extract_root: sir, events_np_root: sir)

28

* extract_root (str)-Root directory path which saves extracted files from downloaded
files

* events_np_root —Root directory path which saves events files in the npz format
Bl
None

This function defines how to convert the origin binary data in extract_root to npz format and save

converted files in events_np_root.
abstract static get_H_W() — Tuple
B
Atuple (H, W), where H is the height of the data and W is the weight of the data. For example,
this function returns (128, 128) for the DVS128 Gesture dataset.
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BT
tuple

static load_events_np (fname: str)

S
fname —file name

Bl

a dict whose keysare ['t "',

A}

x', 'y', 'p'] and values are numpy.ndarray

This function defines how to load a sample from events_np. In most cases, this function is np.load. But for

some datasets, e.g., ES-ImageNet, it can be different.

spikingjelly.datasets.random_temporal_delete (x_seq: Tensor, T_remain: int, batch_first)

S

* x_seq(torch.Tensor or np.ndarray)—asequence with shape = [T, N, *], where

T is the sequence length and N is the batch size
e T_remain (int) —the remained length
* batch_first (bool) —if True, x_seq will be regarded as shape = [N, T, *]
Bl
the sequence with length 7_remain, which is obtained by randomly removing T - T_remain slices
R e
torch.Tensor or np.ndarray

The random temporal delete data augmentation used in Deep Residual Learning in Spiking Neural Networks.

Codes example: .. code-block:: python

import torch from spikingjelly.datasets import random_temporal delete T = 8 T_remain
= 5 N = 4 x_seq = torch.arange(0, N*T).view([N, T]) print( ‘x_seq=n’ , x_seq) print(

‘random_temporal_delete(x_seq)=n’ , random_temporal_delete(x_seq, T_remain, batch_first=True))
Outputs: .. code-block:: shell
X_seq=

tensor([[ 0,1, 2,3,4,5,6,7],
[8,9,10, 11, 12, 13, 14, 15], [16, 17, 18, 19, 20, 21, 22, 23], [24, 25, 26, 27, 28, 29, 30,

311D

random_temporal_delete(x_seq)=

tensor([[ 0, 1, 4, 6, 7],
[8,9,12, 14, 15], [16, 17, 20, 22, 23], [24, 25, 28, 30, 31]])

class spikingjelly.datasets.RandomTemporalDelete (T _remain: int, batch_first: bool)

2 Module
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S
* T_remain (int) —-the remained length
* batch_first —if True, x_seq will be regarded as shape = [N, T, *]

The random temporal delete data augmentation used in Deep Residual Learning in Spiking Neural Networks. Refer

to random_temporal_delete for more details.
forward (x_seq: Tensor)
training: bool

spikingjelly.datasets.create_sub_dataset (source_dir: str, target_dir: str, ratio: float,

use_soft_link=True, randomly=False)
B8
* source_dir (str) —the directory path of the origin dataset
* target_dir (str)—the directory path of the sub dataset
* ratio (float) —the ratio of samples sub dataset will copy from the origin dataset

* use_soft_1link (bool) —if True, the sub dataset will use soft link to copy; else, the sub

dataset will copy files

* randomly (bool) —if True, the files copy from the origin dataset will be picked up ran-

domly. The randomness is controlled by numpy . random. seed

Create a sub dataset with copy rat io of samples from the origin dataset.

7.5.3 spikingjelly.event_driven package

spikingjelly.event_driven.examples package

Submodules
spikingjelly.event_driven.examples.tempotron_mnist module

class spikingjelly.event_driven.examples.tempotron_mnist.Net (m, T)

H: Module

forward (x: Tensor)
training: bool
spikingjelly.event_driven.examples.tempotron_mnist.main ()

B

None
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e APl in English

A5 P v S0 AT e i B 8 2 T PR 4 ikl B2 Tempotron 1#E4T MINIST 751
XA RSB I M 25 AT, H BRI Zhad B b 7E AR 1Y IR 8.
o S API
Use Gaussian tuned activation function encoder to encode the images to spikes.
The network with single Tempotron structure for classifying MNIST.

This function initials the network, starts training and shows accuracy on test dataset.

Module contents

spikingjelly.event_driven.encoding package

Module contents

class spikingjelly.event_driven.encoding.GaussianTuning (n, m, x_min: Tensor, x_max:

Tensor)
H: object
SH
« n HFEMECE, int
o m - Gif—ANREAEFTOE A e R, int
« x_min n MFFWH/ME, shape=[n] 1Y tensor
« x_max n PMFEREHAE, shape=[n] [ tensor

Bohte S M, Kok J N, La Poutre J A, et al. Error-backpropagation in temporally encoded networks of spiking
neurons[J]. Neurocomputing, 2002, 48(1): 17-37. 4 H (¥ m e i e g i 7 =X

YRS T F 14 AR B T ZE Y device 5 x_min.device —E(

encode (x: Tensor, max_spike_time=50)

S
 x —shape=[batch_size, n, k], batch_size ™M{IE, S MEIESH n MFE, S MHEF
Ak AEE
* max_spike_time R () Mkl ARt a], 0 mT RAFR A i i st 100 7 10 14 38
RA
out_spikes, shape=[batch_size, n, k, m], K& NEIRGID 8 T m A0 TTH) Bk %kt
[&]
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spikingjelly.event_driven.neuron package

Module contents

class spikingjelly.event_driven.neuron.Tempotron (in_features, out_features, T, tau=15.0,
tau_s=3.75, v_threshold=1.0)

HZ: Module
S8
e in_features i AS(E, & X5 nnLinear ¥ in_features Z:%{#H [A]
» out_features s, & X5 nn.Linear ] out_features Z%FH 7]
T i EM
* tau - LIF W& ICI B IR H AL
* tau_s 5l bR HL T I R [R] H 4R

» v_threshold —[H{HHE

Gutig R, Sompolinsky H. The tempotron: a neuron that learns spike timing-based decisions[J]. Nature Neuro-
science, 2006, 9(3): 420-428. H4 %) Tempotron %Y

static psp_kernel (& Tensor, tau, tau_s)

o t FIRIIZY) tensor

* tau - LIF #ZICIRU IR F AL

o tau_s 5l L LI BE DN 1) B A
Bml

t IR 2 5 i JE 1Y) LIF S22 et A

static mse_loss (v_max, v_threshold, label, num_classes)

S8

 v_max —Tempotron i £ JUYE Ay ELJE I P9 ) 1 fe KL EAE, 5 forward pRZX7E
ret_type == ‘v_max’ BJf{IR[E{EAH[E]. shape=[batch_size, out_features] [} tensor

* v_threshold —Tempotron HY[H{H Hi %, float B{ shape=[batch_size, out_features] ]

tensor
* label A E LIRS, shape=[batch_size] ] tensor
* num_classes FEARZEHEEL, int

AL
SRR Z T, 5 EE R EZ ZE ) iR
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forward (in_spikes: Tensor, ret_type)

S8

in_spikes[:, i] F/R5 1 AR Ikok 2%, v 0 B T 2], T 2 5EmHC

in_spikes —shape=[batch_size, in_features]

in_spikes[:, i] < 0 W FE7R I6 fikidr % it param ret_type: 1R [F{ERIZEI0, WPASK v’ ,7 v_max’ ,’ spikes’

‘return:

ret_type== ‘v’ : 1&[8]—~> shape=[batch_size, out_features, T] [{{] tensor, F/ out_features > Tempotron
M2 TTAEGTERHC T N HLERAE

ret_type == ‘v_max’ : j& [A]—4> shape=[batch_size, out_features] [} tensor, F&R~ out_features /> Tem-
potron M ZE SUAEDT FURHS T PRI R L I

ret_type == ‘spikes’ : 1% [i]—~> out_spikes, shape=[batch_size, out_features] [{{] tensor, $7x out_features

/> Tempotron F1 22 ST kirh A TS E 2], out_spikes(:, ] 7R i /> th kb 4 kb 2 gcmk 0, A 0
F T2, TRGEMEK. out_spikes[:, i] < 0 F7m Johkih & ik

training: bool

Module contents

7.5.4 spikingjelly.visualizing package

Module contents

spikingjelly.visualizing.plot_2d_heatmap (array: ndarray, title: str, xlabel: str, ylabel: str,

int_x_ticks=True, int_y_ticks=True, plot_colorbar="True,

colorbar_y_label="magnitude’, x_max=None, dpi=200)

array —shape=[T, N] fW{F 2%k

title AT EIAYHRE

xlabel —# T EH x &Y label

ylabel —#J7[E[ y %l label

int_x_ticks x fili L2 H /R8I

int_y_ticks -y 4l B2 H R B8z %

plot_colorbar —g i H} f7s H (4 FIEE NS | 5 £ 1) colorbar

colorbar_y_label —colorbar [ y %l label
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* x_max MR R ZI . #FICE N None, MBI B K2 g array.
shape[1]

* dpi -Z:[ dpi
B m
21l f11 figure
22l —ik " HER I W] RAI R 22 i — KSR 2 Z TR IR Z B R R R B R B

import torch

from spikingjelly.clock_driven import neuron
from spikingjelly import visualizing

from matplotlib import pyplot as plt

import numpy as np

1lif = neuron.LIFNode (tau=100.)
X = torch.rand(size=[32]) * 4
T = 50
s_list = []
v_1list = []
for t in range(T):
s_list.append(lif (x).unsqueeze (0))

v_list.append(lif.v.unsqueeze (0))

s_list = torch.cat(s_list)

v_1list = torch.cat(v_1list)

visualizing.plot_2d_heatmap (array=np.asarray(v_list), title='Membrane Potentials',
— xlabel='Simulating Step',
ylabel="Neuron Index', int_x_ticks=True, x_max=T,._

—dpi=200)

plt.show ()
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Membrane Potentials
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spikingjelly.visualizing.plot_2d_bar_in_3d (array: ndarray, title: str, xlabel: str, ylabel: str, zlabel:
str, int_x_ticks=True, int_y_ticks=True,
int_z_ticks=False, dpi=200)

S8
» array —shape=[T, N| BT &ZHAH
* title [t
* xlabel —x #li¥) label
* ylabel —y fiff’] label
* zlabel -z iy label
* int_x_ticks —x il @A H BREE ) E
* int_y_ticks -y il 2 H BoR B8z
» int_z_ticks z i B2 H R BEHZE
* dpi %[l dpi
B
21l 4y 1) figure

5 shape=[T, NJ FFERHCAL, 21 =AERIREIRIE . TTA A4S B2 A ETEHI Nk RO, Bzt
RIS, AR BIA:
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import torch
from spikingjelly import visualizing

from matplotlib import pyplot as plt

Epochs = 5
N = 10
firing_rate = torch.zeros (Epochs, N)
init_firing_rate = torch.rand(size=[N])
for i in range (Epochs):
firing_rate[i] = torch.softmax (init_firing_rate * (i + 1) ** 2, dim=0)
visualizing.plot_2d_bar_in_3d(firing_rate.numpy (), title='spiking rates of output.
—layer', xlabel='neuron index',

ylabel="training epoch', zlabel='spiking rate', int_

—x_ticks=True, int_y_ticks=True,
int_z_ticks=False, dpi=200)

plt.show ()

spiking rates of output layer

[
s
g
X
&
AT A R 22 5K s 2 M e [ I 20 HU T R R 1T, s A
import torch
[Cauy
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(€A

from spikingjelly import visualizing
from matplotlib import pyplot as plt

from spikingjelly.clock_driven import neuron

neuron_num = 4
T = 50
1lif _node = neuron.LIFNode (tau=100.)
w = torch.rand([neuron_num]) * 10
v_list = []
for t in range(T):
1lif node(w * torch.rand(size=[neuron_num]))

v_list.append(lif_node.v.unsqueeze (0))

v_list = torch.cat (v_1list)
visualizing.plot_2d_bar_in_3d(v_list, title='voltage of neurons', xlabel='neuron.
—index"',

ylabel='simulating step', zlabel='voltage',6 int_x_
—ticks=True, int_y_ticks=True,

int_z_ticks=False, dpi=200)

plt.show ()

voltage of neurons

==

voltage

il
l
|
I

-

§==—=
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spikingjelly.visualizing.plot_1d_spikes (spikes: asarray, title: str, xlabel: str, ylabel: str,

int_x_ticks=True, int_y_ticks=True, plot_firing_rate=True,

firing_rate_map_title="Firing Rate’, dpi=200)

* spikes —shape=[T, N] {#j np $(4, HAHcEHh 08 1, F0R NAEHSY T 1k
s
* title -y EIAYARAR
e xlabel —#J7 &) x %lifY) label
* ylabel - IEH y fli) label
* int_x_ticks x fl b2E H BRI
* int_y_ticks -y fill L@ B
* plot_firing_rate —@ 7R & ki A oS
* firing_rate_map_title - [kl Al KA ARAR
* dpi 411 dpi
Bml
2y figure
N ASIA T Rk i . w7 AT R N ASFRZTCHE T AN 200 bk A e ol , B :

import torch

from spikingjelly.clock_driven import neuron
from spikingjelly import visualizing

from matplotlib import pyplot as plt

import numpy as np

1lif = neuron.LIFNode (tau=100.)
X = torch.rand(size=[32]) * 4
T = 50
s_list = []
v_list = []
for t in range(T):
s_list.append(lif (x).unsqueeze (0))

v_list.append(lif.v.unsqueeze (0))

s_list = torch.cat (s_list)

v_1list = torch.cat(v_1list)

visualizing.plot_1d_spikes (spikes=np.asarray(s_list), title='Membrane Potentials',

— xlabel='Simulating Step',

GANY
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(L)
ylabel="Neuron Index', dpi=200)
plt.show ()
Spikes of Neurons Firing Rate
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spikingjelly.visualizing.plot_2d_spiking_feature_map (spikes: asarray, nrows, ncols, space,

title: str, dpi=200)

spikes —shape=[C, W, H], C/~RI8 W * H g kehHiRE, R ocE=0 0 5 L.
AR M — ORI T 5 BUZ J5 Y kb e 22 0 1 i

nrows — [l £ /1T
ncols — [l % /L5
space i [ [H] ¥ [H] PR
title J&HHRM

dpi ~£:[&][1 dpi

—A~ figure, Ff CMEFEATREL , SA)5HES AL nrows 47 ncols 51

A5 CANRSE A W * H B, 230, SRJSHES R nrows 47 neols 71, 3K RERYREIE— IOk 6 T4
BU R b 28 TRt S0 B RO DA HE AT AT AL . T B

7.5. About

477



https://docs.python.org/3/library/stdtypes.html#str

spikingjelly, Z{ThRZ alpha

from spikingjelly import visualizing
import numpy as np

from matplotlib import pyplot as plt

C = 48

W =38

H =38

spikes = (np.random.rand(C, W, H) > 0.8).astype(float)

—title='Spiking Feature Maps', dpi=200)
plt.show ()

visualizing.plot_2d_spiking_feature_map (spikes=spikes, nrows=6, ncols=8, space=2,.

Spiking Feature Maps

bR TEE
i % 35 R I B
EEANE R
S ki
ENMEER
- Lok 1

spikingjelly.visualizing.plot_one_neuron_v_s (v: ndarray, s: ndarray, v_threshold=1.0,
v_reset=0.0, title="8V_{t}$ and $S_{1}$ of the
neuron’, dpi=200)
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* v —shape=[T], f7HUHHZ TCAN ] b 2] i R
* s —shape=[T], FEHUH 28 TCA 5] b ZRE I ko
* v_threshold 12 JC/ S{E L
* v_reset AT EEHE. HAIPAN None
* title bR
* dpi Y dpi
Bml
— figure

L BRI LT . Tk B I TR 2R AR Do s B

import torch
from spikingjelly.clock_driven import neuron
from spikingjelly import visualizing

from matplotlib import pyplot as plt

1if = neuron.LIFNode (tau=100.)
x = torch.Tensor ([2.0])
T = 150
s_list = []
v_list = []
for t in range(T):

s_list.append(lif (x))

v_list.append(lif.v)
visualizing.plot_one_neuron_v_s(v_list, s_list, v_threshold=1lif.v_threshold, v_
—reset=1if.v_reset,

dpi=200)

plt.show ()
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7.5.5 spikingjelly.cext package
spikingjelly.cext.functional package
Module contents

class spikingjelly.cext.functional.sparse_mm_dense_atf
H2: Function

static forward (ctx, sparse: Tensor, dense: Tensor)
static backward (ctx, grad_output)

spikingjelly.cext.functional.sparse_mm_dense (sparse: Tensor, dense: Tensor)

e APl in English

¥
» sparse (torch. Tensor) —Fii 2D tensor
e dense (torch. Tensor) 4% 2D tensor
B
sparse Fi1 dense {4 #i 4 Tfe
B

torch.Tensor
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X AR R —4EHIE sparse MR A) “ RIS dense HEATAEI L .

Bt RBATR R 202, HIoh sparse BHONMHAL I, RIS FR AR 2 Tz
5o MR sparse NEHBL, W% ek B L £ A RIA torch . mm BRZE .

Bl MO A AT RIR S, HIREIARE, S 20,

Eih AR S CPU,

o P API

* sparse (torch. Tensor) —a 2D sparse tensor

e dense (torch. Tensor) —a 2D dense tensor
B
a matrix multiplication of the matrices dense and sparse
PR el

torch.Tensor

Performs a matrix multiplication of the matrices dense and sparse.

Warning

This function is implemented by converting sparse to a sparse format and doing a sparse matrix multiplication.

If the sparsity of sparse is not high enough, the speed of this function will be slower than torch . mm.

Warning

There are some numeral errors when doing the sparse matrix multiplication. But the errors are not significant.

Warning

This function does not support to run on cpu.
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spikingjelly.cext.layer package

Module contents

class spikingjelly.cext.layer.SparseLinear (in_features: int, out_features: int, bias: bool = True)

K2 Linear
e API in English
S8
* in_features (int) i AEFHERE
» out_features (int) &y AES =
* bias (bool) ¥ False, WARBEANEHAETHMEIN . BN True

BT AN EERE)Z. 5 torch.nn. Linear WAL,

i RIS NERR LI R, BER sparse BHCARREERERE S, ARG TR B A ¢ 1B
B W sparse NMEFH, MHZREAGHE & B 4R torch. mm BRZ .

B WUE R RIAATAE RTINS, (BRI AR, B0 .

S RERLSE CPU.

* in_features (int) —size of each input sample
* out_features (int) —size of each output sample

* bias (bool) —If set to False, the layer will not learn an additive bias. Default: True

The fully connected layer for sparse inputs. This module has a similar behavior as torch.nn.Linear.

Warning

482
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This function is implemented by converting sparse to a sparse format and doing a sparse matrix multiplication.

If the sparsity of sparse is not high enough, the speed of this function will be slower than torch . mm.

Warning

There are some numeral errors when doing the sparse matrix multiplication. But the errors are not significant.

Warning

This layer does not support to run on cpu.

forward (sparse: Tensor) — Tensor
in_features: int
out_features: int

weight: Tensor

class spikingjelly.cext.layer.AutoSparselinear (in_features: int, out_features: int, bias: bool =

True, in_spikes: bool = False)
2 Linear

o APl in English

BH
 in_features (int) i AMEHFE R
* out_features (int) i HKEHEEE
* bias (bool) # N False, WAZENEGH O 2EPRET . BRIAK True
* in_spikes (bool) ARG Mk, RITTEREN 08 1
BRI . MTAEEM A, &M batch_size XM IARBE R, KRS Y EITHE
HEM i AutoSparseLinear.benchmark FARHXG FAFHL W FREHLE SN, M AREX— RGN, #

A R SRR AN T K VA B A ] X TR BRI, A5 B batch_size XVl F 0 B
T, AR 2R 24 R A B B R A BRI S 2 o A A e e e i S PRk

W WHUE R RIAATAE T RS, (R A, B0 2.
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el WP FERTEA SZH CPU. fE CPU Lazfr, &l F i A 4 o v

o P API

BH
* in_features (int) -size of each input sample
* out_features (int) —size of each output sample
* bias (bool) —If set to False, the layer will not learn an additive bias. Default: True

* in_spikes (bool) ~Whether inputs are spikes, whose elements are O and 1 Default:

False

The auto sparse fully connected layer. For an input, if the corresponding critical sparsity of the input’ s batch size
is unknown, this layer will firstly run the benchmark AutoSparseLinear.benchmark to get the critical sparsity. The
critical sparsity is the sparsity where the sparse matrix multiplication and the dense matrix multiplication have the
same speed. For an input, if the corresponding critical sparsity of the input’ s batch size is known, this layer can

auto select whether using the sparse or dense matrix multiplication according to the current input’ s sparsity.

Warning

There are some numeral errors when doing the sparse matrix multiplication. But the errors are not significant.

Warning

This sparse matrix multiplication does not support to run on cpu. When this layer is on CPU, the dense matrix

multiplication will be always used.

forward (x: Tensor) — Tensor
extra_repr () — str
benchmark (batch_size: int, device=None, run_times=1024, precision=0.0001, verbose=True)
* APl in English
B8
* batch_size (int) —#j A batch size

* device (str or None) —iafTHHEMIKIIERI & . ¥4 None, WP E N
A2 IAERI A -
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* run_times (int) —Jaf ARG/ B FEARTA R B SCIR AU, BOK, ULEEE I
(PN STk

* precision (float) — A BRI L FEH B AR RS B
* verbose (bool) - fTH I A Y H 2%
) —ar A4k, Te%i AR batch size 2 batch_size I, TEf MG FEEIZFT run_times K

Mg/l PR, LU I, B R BN R o 7 SRR B E precision
I, A R M RA T AR R SRR SR bR, D) 2o S J3E ¢ A Nomee

o VAPl

* batch_size (int) —batch size of the input

¢ device (str)—where to running the benchmark. If None, it will be set as same with this

layer’ s device

e run_times (int) —the number of replicated running times for sparse/dense matrix mul-

tiplication. The benchmark result will be more reliable with a larger run_times
* precision (float) —the precision of binary searching critical sparsity

¢ verbose (bool) -If True, this function will print logs during running

Using the binary search to find the critical sparsity when the batch size of the input is batch_size. This
function will run run_times sparse/dense matrix multiplication on different sparsity and compare their
speeds until it finds the cirtical sparsity. If the dense matrix multiplication is faster than the sparse matrix

multiplication when searching exceeds precision, then the critical sparsity will be set to None.

in_features: int
out_features: int

weight: Tensor

spikingjelly.cext.neuron package

Module contents

Module contents

spikingjelly.cext.cal_fun_t (n, device, f, *args, **kwargs)
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annzsnn_examplég}kingjelly.clock_driven.

ann2snn.examplégigﬁﬁgﬁﬁ%%ﬁ;ClOCk—driven'
ann2snn.module§pikingjelly.clock_driven.

encoding, 315 spikingjelly.clock_driven.
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.examples, 314 304
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321

examples.lif_ fc_mnist,

examples.PPO,

examples.Spiking_ AZ2C,

examples.Spiking_DQON_sta

examples.spiking_lstm_se

examples.spiking_lstm_te:

examples.Spiking_ PPO,

functional,

cifar8pikingdalbyialoskiREbYeRlBYRLE¥6PBERE 10N

437

Class;@%&éggéglly.clock_driven.
spikingjelly.clock_driven.

Commoﬁpikingjelly.clock_driven.

377

commofiPhkiiRIpeblEssiagkedyiven.
spikingjelly.clock_driven.

conv_$RikiBgIphigeclock driven.
spikingjelly.clock_driven.

dan_csbikipgdelly.datasets, 456

spikingjelly.datasets.asl_

layer, 334
model, 390

model.spiking_resnet,

monitor, 390
neuron, 359
rnn, 393
surrogate, 407

dvs, 440

DON Sgg%g}ngjelly.datasets.cifarlO_dvs,442

spikingjelly.datasets.dvs128_gesture,
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444
spikingjelly.datasets.es_imagenet, 446
spikingjelly.datasets.n_caltech101,448
spikingjelly.datasets.n_mnist, 450
spikingjelly.datasets.nav_gesture, 452
spikingjelly.datasets.speechcommands,

455
spikingjelly.event_driven, 471
spikingjelly.event_driven.encoding, 469
spikingjelly.event_driven.examples, 469
spikingjelly.event_driven.examples.tempotron_mnist,

468
spikingjelly.event_driven.neuron, 470

spikingjelly.visualizing, 471
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examples.cifa:

surrogate.atar

surrogate.erf

surrogate.non:

.surrogate.q_p:s

surrogate.s2nr

surrogate.sign

surrogate.soft

A B
action(spikingjelly.clock_driven.examplebadymacdrt (ppleifiggadlyicaxt.functional.sparse_mm_c

BE) 313 BATE) 480
action(spikingjelly.clock_driven.examplebagkikidd)0eNikinggeTtgnslockndriven.

BE) 303 BAT ) 304
ActorCritic(spikingjelly.clock_driven.exbmpkesarBHO (spikingjelly.clock_driven.

FHR) 302 BATE) 419
ActorCritic(spikingjelly.clock_driven.exbapkesr8gikspgkARGjelly.clock_driven.

) L 303 BAT k) 424
AdaptiveBaseNode(spikingjelly.clock_driveackenardn) (spikingjelly.clock_driven.

k) 361 BATE) 421
affine(spikingjelly.clock_driven.layer.MbatksoedIhfephkldhepeéhsentBakcHNovmhdsurrogate . piec

) 355 BATE) 412
affine(spikingjelly.clock_driven.layer.MbatksaedlhfephkidhepihdentBakciNovmAdsurrogate.piec

) 356 BAT ) 426
affine(spikingjelly.clock_driven.layer.Mbhtk@ﬁeﬁ]hfsphbid@gpéhgentBakgﬁmmvmﬁdsurrogate.piec

BE) 357 BAT ) 409
ASLDVS (spikingjelly.datasets.asl_dvs backward () (spikingjelly.clock_driven

FRR) 440 BATE) 432
ATan(spikingjelly.clock_driven.surrogatebackward()(spikingjelly.clock_driven.

%K) L 419 BAT ) 430
atan(spikingjelly.clock_driven.surrogatebackward () (spikingjelly.clock_driven.

FRK) 419 BATE) 414
AutoSparseLinear(spikingjelly.cext.layerbackward () (spikingjelly.clock_driven.

k) 483 BAT ) AT
avgpool2d_to_lava_synapse_pool () (# backward () (spikingjelly.clock_driven.

spikingjelly.clock_driven.lava_exchange #A &) ,429

surrogate.squse

Byed) 439 base_cell () (spikingjelly.clock_driven.rnn.SpikingGI
AXAT (spikingjelly.clock_driven.layer BAFE) 407
k) L 335 base_cell () (spikingjelly.clock_driven.rnn.SpikingLs
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AT E) 406 HHK) 442

base_cell () (spikingjelly.clock_driven.rnrl®selingBNNRangjelly.clock_driven.examples.common.
BAT %) 398 k) 301

base_cell () (spikingjelly.clock_driven.rnrlsekind¥pnkingBRNNly.clock_driven.examples.common.
WAL E) 407 F) 301

BaseNode(spikingjelly.clock_driven.exampCésudpfakleWrapperabling_spikebased_backpropagatior
HE k) 304 (spikingjelly.clock_driven.examples.common.m

BaseNode(spikingjelly.clock_driven.neuron H k) 301
#Eﬁﬂé),359 conv2d_to_lava_synapse_conv () Cﬁ

benchmark () (spikingjelly.cext.layer.AutoSparsedpnkamgielly.clock_driven.lava_exchange
k) 484 k) 439

bias_hh() (spikingjelly.clock_driven.rnncopiBxadR{NpekiBgselly.clock_driven.examples.class:
F k) 39 BAT %) 307

bias_ih() (spikingjelly.clock_driven.rnnCepirBatgRNNEeRtBapékingjelly.clock_driven.layer
k) 395 H ) 351

bidirectional_rnn_cell_forward() (#& create_cells () (spikingjelly.clock_driven.rnn.Spik:
spikingjelly.clock_driven.rnn ﬁﬁf),397
) 393 create_events_np_files ()

(: (spikingjelly.datasets.asl_dvs.ASLDVS

BAT &) 442

cal_fixed_frames_number_segment_index () create_events_np_files()

(# spikingjelly.datasets # 3 #) (spikingjelly.datasets

, 458 BRI ) 444
cal_fun_t () (# spikingjelly.cext ) create_events_np_files ()

, 485

(spikingjelly.datasets
ChannelsPool(spikingjelly.clock_driven.layer BAIE) 446

FH) L343 create_events_np_files ()
check_backend () (% (spikingjelly.datasets

spikingjelly.clock_driven.neuron HBAFHE) 448

ﬁ%ﬁi¢q , 359 create_events_np_files ()
check_conv2d() (% (spikingjelly.datasets

spikingjelly.clock_driven.lava_exchange #BAFFE) 450

i%ﬁi¢ﬁ ,438 create_events_np_files/()
check_cuda_grad() (% (spikingjelly.datasets

spikingjelly.clock_driven.surrogate BAKE) 451

Bdd) 408 create_events_np_files ()
check_fc () (# spikingjelly.clock_driven.lava_exggﬁggfngjelly_datasets

Hikw) 438 HAT k) 453
check_manual_grad() (7 create_events_np_files ()

spikingjelly.clock_driven.surrogate (spikingjelly.datasets

M) ,408 BANIE) 466

.cifarl10_dvs.CIFAR10DV

.dvsl128_gesture.DVS128

.es_imagenet .ESImageNe

.n_caltechl01.NCaltech

.n_mnist.NMNIST

.nav_gesture.NAVGestur

.NeuromorphicDatasetFo

CIFARlODVS(spikingjelly.datasets.cifarloe§g§te_mask() (spikingjelly.clock_driven.layer.Droyg
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disable () (spikingjelly.clock_driven.monitor.Monitc

downloadable () (spikingjelly.datasets.asl_dvs.ASLDV!

Fik) 337

create_mask () (spikingjelly.clock_driven.layer.Znapotddd
FE) 338

create_same_directory_structure () @E

spikingjelly.datasets #HF),462 downloadable () (spikingjelly.datasets

create_sub_dataset () (#

spikingjelly.datasets # 3 ) downloadable () (spikingjelly.datasets

, 468
cuda_code ()
%)

cuda_code ()

(spikingjelly.clock_driven.sdowu@@adablen)(spikingjelly.datasets
, 421
(spikingjelly.

FE) ,409

cuda_code ()

(spikingjelly.

FE) ,429

cuda_code ()
%)

cuda_code ()

(spikingjelly.
, 434
(spikingjelly.

F k) 432

cuda_code ()

(spikingjelly.

Fik) 417

cuda_code ()
k)
cuda_code ()

i)

(spikingjelly.
, 430
(spikingjelly.
, 409

cuda_code_end_comments ()

(spikingjelly.clock_driven.
, 409

07 %)

cuda_code_end_comments ()

(spikingjelly.clock_driven.
, 409

cuda_code_start_comments ()

o)

(spikingjelly.clock_driven.
, 409

cuda_code_start_comments ()

0 )

(spikingjelly.clock_driven.
, 409

i)

clock_driven

clock_driven

clock_driven

clock_driven.

clock_driven.

clock_driven.

clock_driven.

BATE) 441
.cifarl0_dvs.CI
BATE) 443
.dvsl1l28_gesture
BATE) 445
.es_imagenet .E¢

AT ) 447

. sdowodabadaMitt{iAsgsRnngigitgFdatasenBasecaltechl101 .1

BAT &) 449

.sdDE@@@BdaBiedé&$péEéa@j&éLy.datasets.n_mnist.NMNISi

BATE) 450

. sdowodabudadR edldeoppkkagjelly.datasets.nav_gesture.N?

BATE) 453
sdDW@@@BdaBZEN)(spikingjelly.datasets.NeuromorphicDa
AT &) 466
sDONbgpikifggmblig. clock_driven.examples.DQN_state
%K) 302
sD@BN@apékSqg@eéﬁyveEouk;drSeemesxamples.dqn_cart_pc

W) 313
sBoBtifapekSngrediyeFinckidnBusa . examples. Spiking_DQD
%) L 303

drop () (spikingjelly.clock_driven.layer.DropConnect

surrogate.Multhi#irhsSdZrogateFunctionBase

DropConnectLinear

(spikingjelly.clock_driven.layer

surrogate.SurrbdpfaF ki ionBase

DropoutZd(spikingjelly.clock_driven.layer

FHyK) 337

surrogaeaphnit(fmidsihg reldat eFhoak idmBasse. layer

FE k) 336
DVSlZ8Gesture(spikingjelly.datasets.dv5128_gesture

surrogate.SurrbdpfaF ki ionBase

CupyNet (spikingjelly.clock_driven.examples.conv_fashion_mnist

H %) 309

D

DCT (spikingjelly.clock_driven.layer W

k) ,335

EIFNode(spikingjelly.clock_driven.neuron
FEIR) 373

ElementWiseRecurrentContainer
(spikingjelly.clock_driven.layer

Hy %) 353

e ]
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enable () (spikingjelly.clock_driven.monié&trﬁgmépmﬁ) (spikingjelly.clock_driven.neuron.Base
FE) ,391 FE) , 360
encode () (spikingjelly.clock_driven.encoéxngalaeprdyEfspdkingjelly.clock_driven.neuron.EIF]
Fik) 319 Fk) 374
encode () (spikingjelly.clock_driven.encoéXﬁgaE@EpmdicEspmﬁémgjelly.clock_driven.neuron.LIFP
Jrik) 317 Fik) 365
encode () (spikingjelly.clock_driven.encoéxngaStrepefilEspoléngielly.clock_driven.neuron.Mult
FixE) 316 Fik) 376
encode () (spikingjelly.clock_driven.encoéXﬁga@eé@hﬁedﬁhp$EEng@déiy.clock_driven.neuron.Mult
FE) 320 FE) ,376
encode () (spikingjelly.event_driven.encoéxngaGaepsian{apikgngjelly.clock_driven.neuron.Mult
Fik) 469 k) 364
eps(spikingjelly.clock_driven.layer.MultESt@plhep$H®lﬁ@ppkmdggéB&ychNomhldriven.neuron.Mult
B) ,355 Fk) 367
eps(spikingjelly.clock_driven.layer.Mult eStepTirepsidl{BppkndgneBiychNock2driven.neuron.Mult
) 356 Fik) 371
eps(spikingjelly.clock_driven.layer.MultE&t@plhep$ﬂalﬁ@ppkmdggéBéychNommidriven.neuron.Para
BlE) 357 o) 369
Erf(spikingjelly.clock_driven.surrogate extra_repr() (spikingjelly.clock_driven.neuron.QIF}
FER) 424 i) 372
erf(spikingjelly.clock_driven.surrogate extra_repr () (spikingjelly.clock_driven.surrogate.E
k) 424 o) 409
ESImageNet(spikingjelly.datasets.es_imagemétract_downloaded_files ()
H k) 446 (spikingjelly.datasets.asl_dvs.ASLDVS
extra_repr() (spikingjelly.cext.layer.AutoSpars#iAnesy) , 441
;?ﬁi),484 extract_downloaded_files ()
extra_repr() (spikingjelly.clock_driven.ann2snnspaciies)aldt.atptSeseltesr. cifarl10_dvs.CIFAR10DV
Fik) 436 BATE) 443
extra_repr() (spikingjelly.clock_driven.em@mdtﬁgdSWaﬂeﬁdéﬂgéddes()
Fa) ,317 (spikingjelly.datasets.dvs128_gesture.DVS128
extra_repr() (spikingjelly.clock_driven.layer.D#chCpinec#dSinear
FE) 347 extract_downloaded files ()
extra_repr() (spikingjelly.clock_driven.layer.Dismakimngjelly.datasets.es_imagenet.ESImageNe
Fk) 337 BAT ) 447
extra_repr() (spikingjelly.clock_driven.éayerncEleneniBadeRefiteertiContainer
FiE) L, 353 (spikingjelly.datasets.n_caltechl01.NCaltech
extra_repr () (spikingjelly.clock_driven.layer.N&foru) , 449
F) ,335 extract_downloaded_files ()
extra_repr() (spikingjelly.clock_driven.layer.SapmpsieRijeldy .datasets.n_mnist .NMNIST
) 343 BATE) 451
extra_repr() (spikingjelly.clock_driven.estractAdepniveBedeNaodes ()

F ) 361

(spikingjelly.datasets.nav_gesture.NAVGestur
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BAF ) 454 forward() (spikingjelly.clock_driven.examples.dqn_c

extract_downloaded_files () F) ,313
(spikingjelly.datasets.nav_gesturef.dlwaedturfalkdingjelly.clock_driven.examples.dqn_c
WA ) 453 ) 313

extract_downloaded_files () forward () (spikingjelly.clock_driven.examples.DQN_E
(spikingjelly.datasets.NeuromorphicDatasekBolldan?
AT ) 466 forward() (spikingjelly.clock_driven.examples.PPO.Z

%) L, 302

F forward () (splklngjelly.clock_driven.examples.Spikj

first_spike_index() (% o) 303
spikingjelly.clock _driven.functiomglyard() (spikingjelly.clock_driven.examples.Spiki
M) 327 Fi) 302

forward () (Spikingjelly'ceXt'layer'AutosE%%%%%HQ§a{spikingjelly.clock_driven.examples.Spikj
Fk) 484 FE) 304

forward() (Spikingjelly.cext.layer.Sparsg%%@g%H() (spikingjelly.clock_driven.examples.Spiki
FEk) 483 Fi) 303

forward () (Spikingjelly'CIOCk—driven'ann%%%%a@%ﬁglf§pYR%B@§@@?9@clock_driven.examples.spikj
Fik) 436 Fk) 314

forward() (spikingjelly.clock_driven.annzgpiypedyle¢spYR1E§985¢318 ock driven.layer.AXAT
k) 436 Fi) 336

forward () (Spikingjelly'CIOCk—driven'enc?@%&%r@Q3sf9ﬁ§E§H§§élly.clock_driven.layer.Channels
Fik) 319 F k) 344

forward() (spikingjelly.clock_driven.enceding rS43t¢s81ERRg98¥1y.clock_driven.layer.ConvBatc
) L 316 Fi) 352

forward() (spikingjelly.clock_driven.enceding rSi(3t¢sesRER§98€ Ty . clock driven.layer.DCT
Fi) 315 FiE) 335

forward() (spikingjelly.clock_driven.examplesraifatifikibggpab)ingcspikebasrdihpekrneBaast:
k) 305 F) 347

forward() (spikingjelly.clock_driven.exapplgsraifatifikligsaab)ingospilebasadiRockrneBagat:
F k) 306 FE) 337

forward() (spikingjelly.clock_driven.examplesr@ifarifikligsaab)ingsspilebasadiRockrEoRAgAE:
F k) 306 F¥) 353

forward() (spikingjelly.clock_driven.exapplgsraifatifikligsaab)ingospikebasadiRoskprroRagak:
k) 306 Fi) 355

forward() (SpikingjellY-ClOCk_driven-exary‘}]%%%%r‘a](@s%éﬁik@ﬁégeﬁY&}b@H}Q@E_driven.layer.MultiSte
k) 307 F) 347

forward() (spikingjelly.clock_driven.exapples rak3s¢sfykdnggeYoyingbayedriven.layer. MultiSte
FE) 307 FiE) L339

forward() (spikingjelly.clock_driven.examplesraqyvL{Epshings8nist E8RY¥NEEiven. layer.MultiSte
) 309 Fi) L339

forward() (spikingjelly.clock_driven.examplesr@Qyv{Eashing;8nist P¥EROBNS en. layer. MultisSte
k) 309 FiE) 358
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forward () (spikingjelly.

FEk) 335
forward ()

FiE) ,351

forward () (spikingjelly.

FEk) 348
forward ()

Fk) ,343

forward () (spikingjelly.

FEk) 383
forward ()

Fxk) ,377

forward () (spikingjelly.

F i) 361
forward ()

FE) , 360

forward () (spikingjelly.

F#) 362

forward() (spikingjelly.

Fik) 371

forward () (spikingjelly.

F#E) 366

forward() (spikingjelly.

Fik) 376

forward () (spikingjelly.

F) 376

forward() (spikingjelly.

Fik) 363

forward() (spikingjelly.

FE) 367

forward() (spikingjelly.

Fik) 371

forward() (spikingjelly.

F ) 407

forward() (spikingjelly.

k) 403
forward ()

F k) 399

forward () (spikingjelly.

FEk) 406
forward()

F k) 429

(spikingjelly.

(spikingjelly.

(spikingjelly.

(spikingjelly.

(spikingjelly.

(spikingjelly.

clock_driven.

clock_driven.

clock_driven.

clock_driven.

clock_driven.

clock_driven

clock_driven

clock_driven

clock_driven.

clock_driven.

clock_driven.

clock_driven.

clock_driven.

clock_driven.

clock_driven.

clock_driven.

clock_driven.

clock_driven.

clock_driven.

clock_driven

clock_driven.

.neufomvwBasdNédpikingjelly.clock_driven.

layéDrNam@djm(spikingjelly.clock_driven.surrogate.SZNP
FE) 432

layéorRard{$héppMkdnggelly.clock_driven.surrogate.Squs
F ) 429

layéDr&aqﬁdAN@@pmkamggflly.clock_driven.surrogate.Surl
FE) 409

layéorsprdgselspikingjelly.datasets.RandomTemporalDele
F ) 468

modébrwprhﬂmgLsp$héngMelt¥SEepSp;ﬁingesNmeples.tempc
F ) 468

.modébrepiking(spikenhgsplkyngResNetiriven. neuron. Tempot:

FiE) ,470

.neufomwhddpﬁﬁska$e§@dély.cext.functional.sparse_mm_de

BT &) 480
examples.cifar!’

BAT &) 304

neuf@mwﬁE@ddéspikingjelly.clock_driven.surrogate.atan
BATE) 419

neufomrwh¥ARN¢dpikingjelly.clock_driven.surrogate.erf
BAT ) 424

neuf@mwhfﬂN@ﬁspikingjelly.clock_driven.surrogate.nonze
BATE) 421

neufomrwdwit() §sppRIAYgdély.clock_driven.surrogate.piece
BATE) 412

neuf@mwﬁmﬁﬂi$Ep@@éngjelmydelock_driven.surrogate.piece
BATE) 426

neufomrwdwit() §sppEFNgdelly.clock_driven.surrogate.piece
BT %) 409

neufomwdwit() §sppkifyddély.clock_driven.surrogate.q pse
BAIFE) 42

neurfomrwdwit)§sppRangmet tyctIBNkddriven. surrogate.s2nn
BAT %) 430

rnn fepikiddGREpekingjelly.clock_driven.surrogate.sigm
BATE) 414

rnn f8piaidgl§EMEeihgjelly.clock_driven.surrogate.soft._
BATE) 41T

rnn fBpwkiddREBakeéngjelly.clock_driven.surrogate.squar

BATE) 429

. rnn fepwkrdghenkl) aksNtkiigjelly.clock_driven.monitor.l

Fk) 391
surfogeteobiboddise{#FakyReLU

spikingjelly.clock_driven.functional
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Bhd) 331 H

fused_conv2d_bias_of_convbn2d() (& heaviside () (# spikingjelly.clock_driven.surrogate
spikingjelly.clock_driven.functional Bk d) | 407
HHhw) 330

fused_conv2d_weight_of_convbn2d/() CE
spikingjelly.clock_driven.functiom&Node(spikingjelly.clock_driven.examples.cifarl0_:

Hd) 330 HE k) 306
(3 IFNode(spikingjelly.clock_driven.neuron
FEIR) 361

GauSSianTuning(Spikingjelly'event—driveni%ﬂ%%géﬂ%es(spikingjelly.cext.layer.AutoSparseLinee

FHK) 469 BE) 485

GeneralNOde(Spikingjelly'ClOCk—driven'ne%ﬁgﬁeatures(spikingjelly.cext.layer.SparseLinear

k) L 376 B 483

get_avg_firing_rate () integrate_events_by_fixed_duration ()

(spikingjelly.clock_driven.monitor.Monit?%; spikingjelly.datasets # # #)

) 392 , 460
get_fused bias() (spikingjelly.clock_driygn.l2¥et-CoRUBRLEYNGINRA frames_number ()

JriE) 352 (# spikingjelly.datasets # # #)
get_fused_conv () (spikingjelly.clock_driven.layq§9CoanatchNorm2d

ﬁVf)»353 integrate_events_file_to_frames_file_by_ fixed_durat
get_fused_weight () (# spikingjelly.datasets # # #)

(spikingjelly.clock_driven.layer.Coanath@prmZd

ﬁﬁf)’352 integrate_events_file_to_frames_file_by_fixed_frame
get_H_W() (spikingjelly.datasets.asl_dvs.ASLDVS (# spikingjelly.datasets # 3 #)

AT E) 441 , 459
get_H_W()(spikingjelly.datasets.cifarlO_q%§e%}g%%£ggg%tS_Segment_to_frame() (%

HAF ) 444 spikingjelly.datasets ), 457

get_H_W()(spikingjelly.datasets.dv5128_gesture.DVSlZSGesture
BMAT &) 446
get_H_W() (spikingjelly.datasets.es_imagehatimBffmageNal conv_linear_weight () (%

AT E) 448 spikingjelly.clock_driven. functional
get_H_W() (spikingjelly.datasets.n_caltech101.NCHleeh1 033
BAFIE) 449 kernel_dot_product () (&
get_H_W() (spikingjelly.datasets.n_mnist .NMNIST spikingjelly.clock_driven.functional
BAIE) 451 ) | 324

get_H_W()(spikingjelly.datasets.nav_gesttfe.NAVGestureWalk
BATE) 453
get_H_W() (spikingjelly.datasets.NeuromorpRiensyEssepsrdspikingjelly.clock driven.encoding

AT &) 4606 FE k) 317

get_nonfire_ratio () lava_neuron_forward () (7%
(spikingjelly.clock_driven.monitor.Monit@@ikingjelly-ClOCk_driven-1ava_eXChange
k) 392 k) , 437
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LIAFNode(spikingj elly.clock_driven.neuron (spikingjelly .datasets.n_caltechl101.NCaltech
FEy k) 376 BT &) 449
LIFNode(spikingjelly.clock_driven.examplédsadifart@nrfatanabling spikebased_backpropagation
H k) 305 (spikingjelly.datasets.n_mnist.NMNIST
LIFNode(spikingjelly.clock_driven.neuron BAFE) 451
k) | 364 load_raw_events () (f
linear_to_lava_synapse_dense () (& spikingjelly.datasets.cifarl0_dvs
spikingjelly.clock_driven.lava_exchange ) 442
A ) ,438 load_speechcommands_item () (Z£
LinearRecurrentContainer spikingjelly.datasets.speechcommands
(spikingjelly.clock_driven.layer k) | 455
X)L 354 M
load_aedat_v3 () (E
spikingjelly.datasets #& H &) main() (# spikingjelly.clock_driven.ann2snn.example
456 Hikw) ,435
load_ATIS_bin() (& main () (# spikingjelly.clock_driven.examples.cifarl
spikingjelly.datasets # 3 &) HHd) 306
. 456 main () (# spikingjelly.clock_driven.examples.classi
load_events () (# spikingjelly.datasets. cifarlo_@%%qj) » 307
M) | 442 main () (4”£ spikingjelly.clock_driven.examples.conv_f
load_events () (Z’£ spikingjelly.datasets .es_imageﬁ%%qj) ,309
#:;‘i(ﬁ%\:}j) , 446 main () (# spikingjelly.clock_driven.examples.lif_ fc
load_events_np () (spikingjelly.datasets. es_imageﬁ@% .qﬁ)SIané%eNet
BAIE) 447 main () (4”£ spikingjelly.clock_driven.examples.spikin
load_events_np () (spikingjelly .datasets .Neuromorﬁ%gﬁgbg’éétFolder
BAFE) 467 main () (# spikingjelly.event_driven.examples.tempot
load_matlab_mat () (& Bded) 468
spikingjelly.datasets # 3 &) make_env() (# spikingjelly.clock_driven.examples.PP
456 Eikd) 302
load_npz_frames () (% momentum(spikingjelly.clock_driven.layer.MultiStep]
spikingjelly.datasets # 3 &) ) 355
, 457 momentum( spikingjelly.clock_driven.layer.MultiStepr
load_origin_data() BM) 356
(spikingjelly.datasets.asl_dvs 'ASLIEQ;gentum(spikingjelly .clock_driven.layer.MultiStepr
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