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SpikingJelly f&—AN3LT PyTorch , {5 ki i 25 % 4% (Spiking Neural Network, SNN) #4718 B2 3] U HESE

e Homepage in English
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https://github.com/fangwei123456/spikingjelly
https://pytorch.org/
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CHAPTER 1

W
e

TR, Spikinglelly ;25T PyTorch (), T ZmffRIFEEH 2% | PyTorch, 7 HE%% spikingjelly.

TRURARIT KL,

fti% GitHub/Openl AWTHHr . BEURAZREM , ATPAM PyPLZRHL

M ‘PyPI <https://pypi.org/project/spikingjelly/>¢_ ‘Zz%% 5@k e A< (0.0.0.0.6):

pip install spikingjelly

MRS 23 b BT I A i -

s GitHub:

git clone https:

cd spikingjelly
python setup.py

//github.com/fangweil23456/spikingjelly.git

install

@ d Openl :

git clone https:

cd spikingjelly
python setup.py

//git.openi.org.cn/Openl/spikingjelly.git

install



https://github.com/fangwei123456/spikingjelly
https://git.openi.org.cn/OpenI/spikingjelly

spikingjelly, %% alpha

1.1 BiE)3REh

AHFEEL : fangweil23456

AR PHEELZ R spikingjelly.clock_driven, MARBMIKSITE . SRR EMES . AT
43 SNN # 2 5ery i =X

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( )) +‘/7‘eset : 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 Fl 0] 8020 1 1 1455 R 50, Bl tanh g%k, 1 SNN B ki %4 g(2) = O(z) BAREAR Y, XS
(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
10 — o) R F e .
a(azx),a=>5.0 : :
"""" o(ax),a=10.0 HE
08 L a(azx),a = 50.0 i 4
! — o)
0.6 1 olar),a =50
Y = alar),a=10.0
- .
[ e T A o(ax), o = 50.0
0.4F - === Vieset 7
: T ‘/threshold
0.2+ 1 1
] e —— ] .
—1.0 —0.5 0.0 0.5 1.0 0.0 0.5 1.0 1.5 2.0 2.5

RN E R RECH clock_driven.surrogate.Sigmoid (), fF clock_driven.surrogate H1if
PRAL T A T AT T4 R A PR R UE clock_driven.neuron HH AT E KIS HZ —:

class BaseNode (nn.Module) :
def _ _init__ (self, v_threshold=1.0, v_reset=0.0, surrogate_function=surrogate.

—Sigmoid(), monitor_state=False):

:param v_threshold: #£ G FE®E

:param v_reset: WEATWEFH L. WERAH None, UYWL TEHIAE, WESWEEN v_
wreset; WEIRE A None, W& ELSHEEFHHE

:param surrogate_function: R {54 H R E ok B3 E R ERBH

:param monitor_state: &% E W EKRGF ML T o FoRE il ko

#H True, I self.monitor R—ANNFH, BEHE v F's", HFEFKMEMmH

HEr. XEWEE— MR ATFEEF (AF), JIRTFEANRELETE

(FItakss)
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B#A numpy BAFEHE. TFEEE, self.reset () BRLFSXBHER

ANSRAREE [ E SRR AL, "PAZS % clock_driven.surrogate RIS SZ N, H 2 E X
torch.autograd.Function, RJGFHHERE R —1I torch.nn.Module T2,

1.1.3 JEhkp#E TR BIR E M &

FRUR T kb e 22 O Bl PR, FRATTAA ki e 22 0 RT MR B BOIRE . R AEI (1] PyTorch $#5EHAG{E
EEL @ﬁ%ﬂ%ﬁijﬂ—/l\SNN ft clock_driven.neuron FELIH | —LZ LI, W MRITE
MBI 2%, AN — TR Y TR N 4%

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 ERANELEEMERIT MNIST 553

PAEFRAE A clock_driven.neuron HI[) LIF #1270, $#E&#—MAUZEEZ MY, X MNIST $iE4 i
k.

T 5EE XA L5451 -

class Net (nn.Module) :
def _ init_ (self, tau=100.0, v_threshold=1.0, v_reset=0.0):

super () .__init__ ()

#RGEHN, HENRESERNE, F—BIFH#E LIF 4T

self.fc = nn.Sequential (
nn.Flatten (),
nn.Linear (28 * 28, 14 * 14, bias=False),
neuron.LIFNode (tau=tau, v_threshold=v_threshold, v_reset=v_reset),
nn.Linear (14 * 14, 10, bias=False),

neuron.LIFNode (tau=tau, v_threshold=v_threshold, v_reset=v_reset)

def forward(self, x):

return self.fc (x)

E X AT S EL:
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device = input ("#ABIATHIRE, Flu " & “cuda:0” \n input device, e.g., "cpu" or
—"cuda:0": ")

dataset_dir = input ("B AFHF MNIST HEEWME, #liv “./” \n input root directory for.
—saving MNIST dataset, e.g., "./": ")

batch_size = int (input ('# A\ batch_size, #l#r “64” \n input batch_size, e.g., "64": '))
learning_rate = float (input ("M A¥ 3 %, fliw “1e-3" \n input learning rate, e.g., "le-3
=" "))

T = int (input ("WAFERK, #lar “100” \n input simulating steps, e.g., "100": '))

tau = float (input ("#y A\ LIF MZ LM A% % tau, fl#w “100.0” \n input membrane time.
—constant, tau, for LIF neurons, e.g. "100.0": "))

train_epoch = int (input ("# A\ 0%, Epﬁfﬁ)l]%%aﬁ ¥, #ldr “100” \n input training.
—epochs, e.g., "100": "))

log_dir = input ("W ARH tensorboard HEXHMME, Hliw “./” \n input root directory for.

—saving tensorboard logs, e.g., "./": ")

GBIy . 4%, Dutkds, DARgfSas (FRATEETNAMAG DS, K MNIST R4S skl 741 ) -

# AR 4

net = Net (tau=tau) .to (device)

# fEH Adam RALZH

optimizer = torch.optim.Adam(net.parameters (), lr=learning_rate)
# 5 R I AL G A 2

encoder = encoding.PoissonEncoder ()

P& IR AR T B . K 2%s AT T AEFRIZD R, X2 10 S ooy b bkop #6497 2o, 15304
JE WK ORI EL out _spikes_counter; i A ki BEBUCE R DA I, 153 it )2 Bk A o 38
out_spikes_counter_frequency = out_spikes_counter / T. FA1HHE Y A KGR
& 1B, BHETE L AT BRI SRR, A 2 TER R R TR . BRI R R A AR e
SCHy it 2 B R & O out_spikes_counter_frequency 55EFRIEHIHEAT one hot 4t 515 1)
label_one_hot A UMH, B MSE. A MSE, [K5555 %& I MSE FURICR B4 — 28 jE LHREHE
12, SNN2fARAS, BB UAICIZIMZE, I AT B8R, — @2 MRS EE, XA A
P4 clock_driven.functional.reset_net (net) 3., YIZHALETE:

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

optimizer.zero_grad/()

# AT T MK, out_spikes_counter # shape=[batch_size, 10] W tensor
#OEFREMIERKA, Wl EH 10 A TG Bok & k3
for t in range(T):

if t == 0:

Q¥iEi3)
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(£ 50

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

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

# out_spikes_counter / T #BEHMEE 10 ME TN B WK W B IR X HOAE

out_spikes_counter_frequency = out_spikes_counter / T

# WERBBOVI W B WA T ok KA E, SEEREW MSE

#RERRABRAME, SRA 1 AR, REEFE 1 MHETH KR K BONE AL 1, T 2 e ik
WRBMEAE 0

loss = F.mse_loss (out_spikes_counter_frequency, label_one_hot)

loss.backward()

optimizer.step ()

# M- RSB, FEEEMLWRA, BA SNV WHETEA “iLiL” &

functional.reset_net (net)

PR RS -5 I AR R LB Ay ] B

net.eval ()
with torch.no_grad():
# BEE—REWBEE, RAENRE LR K
test_sum = 0
correct_sum = 0
for img, label in 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 (1) [1] == label.to(device)).float ().
—sum () .item()
test_sum += label.numel ()

functional.reset_net (net)

writer.add_scalar ('test_accuracy', correct_sum / test_sum, epoch)

TS T clock_driven.examples.lif_fc_mnist.py, fEACHEHFR{TEH ] T Tensorboard ¥
A7 H & . T DA 3EAE Python iy 181 TE

>>> import spikingjelly.clock_driven.examples.lif fc_mnist as 1lif_fc_mnist
>>> 1if fc_mnist.main ()

WMANBATHE A, Fli “cpu” H “cuda:0”

[QNiE3)
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(22 B30
input device, e.g., "cpu" or "cuda:0": cuda:15
WMARE MNIST HERWMLE, i «./”
input root directory for saving MNIST dataset, e.g., "./": ./mnist

M\ batch_size, fltr “64”
input batch_size, e.g., "64": 128
WMANFIE, flim “le-3”
input learning rate, e.g., "1le-3": le-3
WMAGEKEK, il “100”
input simulating steps, e.g., "100": 50
W\ LIF WZTHWHEEH tau, flan “100.0”
input membrane time constant, tau, for LIF neurons, e.g., "100.0": 100.0
WA ERE, BEAIARHARE, Flan “100”
input training epochs, e.g., "100": 100
MAMRTF tensorboard HEXMFWAE, il “./”
input root directory for saving tensorboard logs, e.g., "./": ./logs_lif_ fc_
—mnist
cuda:15 ./mnist 128 0.001 50 100.0 100 ./logs_lif_fc_mnist
train_times 0 train_accuracy 0.109375
cuda:15 ./mnist 128 0.001 50 100.0 100 ./logs_lif_fc_mnist
train_times 1024 train_accuracy 0.5078125
cuda:15 ./mnist 128 0.001 50 100.0 100 ./logs_lif_fc_mnist
train_times 2048 train_accuracy 0.7890625

cuda:15 ./mnist 128 0.001 50 100.0 100 ./logs_1lif_fc_mnist

train_times 46080 train_accuracy 0.9296875

*%E%H’J% WX R SNN, Frifs RAFECE ST IR T ZRIER G, SR T AR T /N B
K, RN Rsan”, [ENGRCRA—@E 84, B T K, SNN R[] ERIF R 228 l— AR T
W%, BERERIFL IR A o) d s s . T RATEUN TiRtAg s, PR ZERK T,

FATHX MY, 7 Tesla K80 L lIlZ% 100 4~ epoch, KLAFFE 75 4. JIIZkmi4E4 batch IR, 4L
IR A ARG DL R :

1.1. BHiEJEzEh 9
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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

AR HFEETE RN spikingjelly.event_driven, NZEHIKENE S . Tempotron #147G.

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 ())

(R
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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 —ti) /A KT i (e %L (PSP Kernel)," H i i) ek HOE 5010 F -

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 1
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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 R3] MNIST

FATIE ] Tempotron #4 7—~j B SNN W26, H MNIST $dis4E . 1 JedlA1 75 2% jE T # MNIST %{
PEEREEAL R kb A . HE“clock_driven HTHAA SRA 2, TEFEREE BN 251 for JREERHT, RWrHbA: ik ;
{HAE I Tempotron B, FRAI6H m iR i LR gn i, X — g vT DATE RS (R 28 3 b4 T RE 3 A B i
(avslisliy 9 GhE iR

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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XEFES o AMFIE XY, BERBERLEY X, < X' < X ., B S m &minlhsk o m3ERy 24
fm’”,j =1,2,...m

)

2j -3¢

max
m— 2

i i -

:U/j = Tmin 9

_ 1 xinax B x:nm
T8 m-—2
Hp gl AR 1.5, FIPAE W, X m Smilrth &riBRse e E, Foxwrh irte iy A7 B R .
PRI EE © € X', 1t o XN RITREUE ¢f(¢), XRBEATNT [0,1] 2. #F
K, KR BELMHELARET [0, T) Z (R kof Aot 20, Hob T g gmt i, s vl 0 Bk
t; = Round((1 — g (2))T)

Hr Round JOREpR %R ILAh, X T A 2RI ke, GIAE G 20 T, W B 20 A 20 R —1,
IR Wk AT
LR RGN R B iR, EmBNEDE v € X 2 ZEH TR EL, 5 m Zmlii g2+ m 4
AR, IREEAE SR E A A, RIS m AT kb &t 20 (B TR B, (i ESKE
SRR, TRk A O 2T U

T.(a)

o
o)
~
™

1 2 3 4

[
[
[

o VA A A G
U A v V4 N 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):
#m ERHABEHEAFDERT - MEATEAGHETRE
super () .__init__ ()

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

(Rt

1.2, SE#4IRE 13
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(£ 50

def forward(self, x: torch.Tensor):
# REWHZHEE 10 A Tempotron FE{f B K K &y EIE(E

return self.tempotron(x, 'v_max')

IrREERPON 2 1 10 A I R S R X A2 TR T, IR IR RS 55T

train_acc = (v_max.argmax (dim=1) == label.to(device)).float().mean().item()

AV AR RE ST 2Rl (HIEE AR XT8R2 0, %22 HIE (B 5 BEEEZ
ZHFEH, KRR PATE event_driven.neuron HREFCH:

class Tempotron (nn.Module) :

@staticmethod

def mse_loss (v_max, v_threshold, label, num_classes):

rro

:param v_max: Tempotron %$é§ﬁﬁfﬁﬁ%ﬁﬂl’\]§ﬁ5ﬂéﬁﬂ%k%ﬁfﬁ, 5 forward @%&%E ret_
otype == 'v_max' Hf#R[EEA\

[l. shape=[batch_size, out_features] W tensor

:param v_threshold: Tempotron é’]l/ﬂfﬁlﬁf_{, float EX shape=[batch_size, out_
—features] M tensor

:param label: PR ELARL, shape=[batch_size] M tensor

:param num_classes: FEARWEF EF, int

creturn: FRERWHETHEE, GREREIZNH T RE

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]

THRERMAZETARBE. EEWPFE RGN F spikingjelly/event_driven/examples/

tempotron_mnist.py:

>>> import spikingjelly.event_driven.examples.tempotron_mnist as tempotron_mnist

>>> tempotron_mnist.main ()

MNIZATH A, #lir “cpu” & “cuda:0”

input device, e.g., "cpu" or "cuda:0": cuda:5
MARE MNIST HEEHMLE, Flw “./”
input root directory for saving MNIST dataset, e.g., "./": ./mnist

M\ batch_size, flir “64”

input batch_size, e.g., "64": 64
WMAFIE, fltn “le-37

input learning rate, e.g., "le-3": le-3
WAfFERK, Flim “100”

input simulating steps, e.g., "100": 10

@3
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(2 E30)
WA G %, BEpIARHARE, Flan “1007
input training epochs, e.g., "100": 100
WMAERABHR W EARDENMEACANMETRE, fln “16”
input neuron number for encoding a piexl in GaussianTuning encoder, e.g., "16": 16
M f%% tensorboard HZEXHWAE, flin «./”
input root directory for saving tensorboard logs, e.g., "./": ./logs

BEEIIHER

1t Tesla K80 L)IIZ5 10 4> epoch, KZFFE 32 734, YIZRMI4EA batch FYIERGA, MR E AR AL LT O
W

Accuracy on training batch

accuracy
e < < e = =
H~ ot =] -1 oo ©
T T T T T T
1 1 1 1 1 1

o
w
T
1

o
8]
T
1

0 ‘ ‘ A 20600 A ‘ ‘ 40600 J ‘ A 60600 A J ‘ 80600 A
1teration
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spikingjelly, %% alpha

Accuracy on test dataset
.ooey T T T

<

[=2]

(=]
T

accuracy

e
ot
[os]
T
1

0.56

0.54 F . ]

0 20 A0 60 80 T 100

epoch

WA LR AR 67.1% Zidy, WIVAZ Hi Tempotron iS5 S8 T4 ANN FUBRIES I ThBE, BA—EmnE
REJ). (HRSFMAZ )2 SNN ML, PRRERCZE . BEEIIZRAYZEST, MRS IERRA W T, A L™

1.3 B}iE)3RE): T

REFEANEE : fangweil23456
R HEETE X spikingjelly.clock_driven.neuron, JrEFKMARLIG, FEEIRSIHIDT BT

131 PR LR

1t spikingjelly v, FA1ZE, Hegfdikoh, BJO 1 Byph&oc, #rARRZ S “Hkobthzoe”. i
ki 2 T0R N 2%, R R DAFRZ Ry ki 4 28 501 2% (Spiking Neural Networks, SNNs), spikingjelly.
clock_driven.neuron g T & I koh #2088, e 1PAspikingielly.clock_driven.
neuron.LIFNode AiIZENEE K4 TG

IR AR R 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
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spikingjelly, %% alpha

Pigd—A~ LIF &5

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

LIF M2 T0)2 A s 250, 75 APL SCRY O S8 S 5000 140 17 f R -
o tau 5 HEL 7 s R HE AL
« v_threshold —# 2 JC 1 B{E HL &

o v_reset T EEH . WIRA N None, SRRk G, HIESPEE N v_reset; IR
WHE N None, NHESHEZ v_threshold

* surrogate_function — 5 [i] {& 55 i 1 A AR kv bR B0 B2 1) 2 A R 5K
Hrp surrogate_function Z%k, TEH]MAEREEAT R SRR A TE &AM R FRATE B A 2 H B S %
&, B PASEAR KO R % 4 .
4@\ﬂﬁ§%ﬁ%§ﬁ*}§}$é’éﬁﬂ@§ﬁﬁ%g’}\c Xﬂb?Spikingj elly.clock_driven.neuron.LIFNode ':F‘E/J
Y R ZH A TR, WA TCHIECE BEEYIGIL S E A reset () REEWIGILE, RIS — B A
) shape HIHER
5 RNN Fgph & cdEm 250, Mk & oot 2 a RSN, S micie. k& ohekse s, i
REMEEA V). I, spikingjelly.clock_driven.neuron FIMEIC, #A MR v, AJPA
FTED I A BT i) LIF #2872 i B HL A6 -

print (1if.v)
# 0.0

HPAKEL, BAERY 1if.v g 0.0, PUAEATEBA A SEEMTRmA . OB SIVAFEEA, WML
JCHIHLIER) shape, RPAKBLE S A MR 2 —20:

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

1if (x)

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

VI[t] Ml A X[t] B R R RAT ARER? FENKh e oerf, AURBT LRI 2 A X [t], BT e E—
AN ZIR B AL VE — 1]

TR (H I GRS B FE V_(threshold) i) MZsharE YO = f(V(6), X(1)
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spikingjelly, %% alpha

RS [R) ) kP A 2o sE R AR, BAnX) T LIF #goc, s iR
dv (¢)
g
Hodr 7, BB AR, Vieser B EHIE. XXMM HRE, BT X©¢) HFASHEE, FIHEAK
B SR R o

spikingjelly.clock_driven.neuron HMEZTIC, M FI B EHI2E 0 T R R I IES R iR . 152
FERALA R, LIF # oy ssr iR :

= —(V(t) = Vreser) + X (1)

Tm(V[t] - V[t - 1}) - 7(V[t - 1] - ‘/Teset) + X[t]
L R] PARSE V] 9550

VIt = F(VIt— 1, X[t]) = VIt~ 1]+ (=~ (V]E — 1] ~ Vywer) + X[1)

Tm

B PAfEspikingjelly.clock_driven.neuron.LIFNode.neuronal_charge W F| U T R B2
g

def neuronal_charge(self, x: 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 4= (x - self.v) / self.tau
else:
self.v 4= (x - (self.v - self.v_reset)) / self.tau

AFEFZIT, FER AR . BRI R R, BBk, PARREObk S, IR
EREMFEIH . HIENEM4RK E spikingjelly.clock_driven.neuron.BaseNode, F:ZAH[EHL
H., BEE . "PAfEspikingjelly.clock_driven.neuron.BaseNode.neuronal_ fire HIREIRE
Tt AR -

def neuronal_fire(self):

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

surrogate_function () FEHIFEHRERTZTERREL, HREMARTHET 0, wisikE 1, HWLaRE 0.
FATPRFX AP ICEACH 0 8¢ 1 ) tensor MMkt .

FERCIOIRE 70202 IR B ROHLRT, TRLREIGES (20— R ORI, EDER Gy . 7 SNN e,
BT B SEBE, A7 2 By

1. Hard 7550 Bkt )E, B BB ENE R V[t = Viese
2. Soft 773 Rkt G, BEEAORZEFRERE: V[ = V] — Vikreshotd

AT PAK B, XA Soft HFAMMATT, HAFTBEEEBIE Viesee X N2 H. spikingjelly.
clock_driven.neuron WHIMEATT, TEWEREINSE L — v_reset, BIAH 1.0, FRML oA
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spikingjelly, %% alpha

Hard 5% ; #ri% BN None, W& {#i [ Soft 5. ¥£ spikingjelly.clock_driven.neuron.BaseNode.
neuronal_fire.neuronal_reset HIA]DAFF IR A7 B 1 AR :

def neuronal_reset (self):
#o...
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

1.3.2 R BBk P HETH=THRE

Z, FATTLAHIFER . . B, X 3 D EEO AR B B Uk 270, e CR TR N
H[t] = f(V[t —1], X[t])
S[t] = g(H[t] - ‘/threshold) = @(H[ﬂ - Vthreshold)

H O(z) B E S5 0H Y surrogate_function (), & PHEReEEL:

1, >0
O(z) = {
0, z<0
Hard J7 A HE N
V[t] = H[t] ' (1 - S[t]) + Vieset S[t]
Soft J7 X E BN

V[t] = H[t] — Vinreshota - S[t]

Horp VIt By BERAL; X[ @AM, BlanR s, S TR, ROV H[t) Foxmz
FEHUG . R AT LA V] 2 2okt SR AL f(VE — 1], X [t]) @A Eocn RS E s
2, AEBHZIC, RKARET ER A .

1.3.3 HEIEzIIBEEAR

spikingjelly.clock_driven (I AIKBNHITT 50, X SNN B8 BAT I H.
TR, RATFBELG SMEITCMA, AR ERBE LR T ko
BAELEFRATZ 5 LIF M0 2R8I I I 5 F 5 A L fokend -

lif.reset ()
x = torch.as_tensor([2.])

T = 150

(Rt
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spikingjelly, %% alpha

(£ 50

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 ()

HMA5HHA shape=[11, HIXA LIF 02 A 1 AMZI0. B AL AR H ko i i) 22
TE LT -

Vi and S; of the neuron

10 _____________________________________________________________________________________________________
- Whreshuld

) Vvv‘eset

spike

0 15 30 45 60 75 90 105 120 135
simulating step

NHEIEAFMZITTZEE, 4 shape=[32] A, EHIX 32 AP ZTChHY IR CLA F ko -

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))

(T IUdkss)
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spikingjelly, %% alpha

s_list = torch.cat (s_1list)

v_1list = 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()

GERANT

Membrane Potentials

Neuron Index

0 ] 12 18 24 30 36 42 48
Simulating Step

magnitude
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spikingjelly, %% alpha

Out Spikes Spiking Rate
0F ‘ ; ; ; ; - 00
0.0
0.0
0.0
4 e 002 4
0.0
0.0
0.0
8
0.0
L 002 |
0.0
é 12 [ A
<
S
g 161
=
@
Z
20 +
24
28 |
0 5 10 15 20 25 30 35 40 45

Simulating Step

1.4 BiE)IRZ): 4miDes

BEFEVEE : Grasshlw, Yangi-Chen, fangweil23456

R HAE L K spikingjelly.clock_driven.encoding , ST 4IESes.

1.4.1 fRiDeEEK

TEspikingjelly.clock_driven.encoding W, 1F1E 2 NEFEYiLas:
1. TIRESH S esspikingjelly. clock_driven.encoding.StatelessEncoder
2. BIRSH I spikingjelly.clock_driven.encoding.StatefulEncoder
e SR e BB AR R B I 2 Do ge iz —.

TR DA A Bk AS, MAEdE x (t] P E B2 ke spike (t]: ARSI IISET
encoder = StatefulEncoder (T), JREIHSAEE KT forward B#if§ encode HRECT T 4Nt ZIEY
AT x #HATHIS155] spike, 05 ¢ IR forward Bf4ith spikelt % T1, W RAMHHImEHE
WM spikingjelly.clock_driven.encoding.StatefulEncoder. forward 3 2| Xk

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

self.encode (x)

t = self.t
self.t += 1

(FTakEh)
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spikingjelly, %% alpha

(£ 50

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

return self.spike[t]

5 SpikingJelly H1 (A4 R ZS module —kE, W reset () BRETT DUBEA RS GRS #8347 S B0l ba 4k

1.4.2 Argmtozs

AR SSspikingjelly.clock driven.encoding.PoissonEncoder s& LIRS 4igas. AV
T A A KU = S5 A TR B AT A AR S R ko 4 o ARSI R SRR AIAA AL, 24— ki
RS EE . Y ECPRRE AR @ R, X FER IR R — A . SRR, FEEEAS R
HAAHAZ Y XX [) B Bk b i) RO A BN Y, HARAE R — DI, Bk i80S KR s TE K
HRXERKER K. B, AT EIARgR, AT DR Bk Ao p = =, Hrb o FFIH—4k
#) [0,1].

B EAEIGR lena512.bmp , {FE 20 SRR, 135 20 A hkip R

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 lena H1%
lena_img = np.array (Image.open('lena512.bmp')) / 255

x = torch.from_numpy (lena_img)

pe = encoding.PoissonEncoder ()

# WE 20 MHEZK, K ERED NP5 S

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,

— 'PolssonkEncoder ') CF W 4k%E)
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spikingjelly, %% alpha

(£ 50

plt.axis('off")
plt.show ()

lena J5UKJEE BRI 5 ) 20 AN Bk R REGITR -
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spikingjelly, %% alpha

PoissonEncoder

it

Xof FE IS 38 PV 4 i I 14 Mk LG T 5 B ko R AR AR e S 2 )
S12 AR, FraE— 215

[FIFEXT lena JKPE I HEA T4t , 7 3L
384, 512 B EIAFHIREE R I K

HI
\

PRFEIEE , AT ULIETAA S B e P R P DB
2N Bk R R, 1

F|45 1. 128, 256.

# HE 512 MHEAK,

superposition = torch.full((w, h),
superposition_ = torch.full((5, w,
T = 512

for t in range(T):

.float ()
if t == 0 or t == 127 or t ==
[int ((t + 1)

superposition += pe (x)
superposition_
# ==

for i in range(5):

min_ = superposition_[i].min ()

0, dtype=torch.float)
h), 0, dtype=torch.float)

255 or t == 387 or t == 511:

/ 128)] = superposition

(@)

1.4. BHiEIEz): SmiD2E
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spikingjelly, %% alpha

(8 7))
max_ = superposition_[i].max()
superposition_[i] = (superposition_[i] - min_) / (max_ — min_)
# EHE
visualizing.plot_2d_spiking_feature_map (superposition_.numpy(), 1, 5, 30,

— 'PoissonEncoder')

plt.axis('off")

plt.show ()

BEH RGBT :

PoissonEncoder

ST ERE A, THRA GRS AR5 2 kot B s JLF-nl DAY H R PR

1.4.3 FHigmtozs

JR Mg #$spikingjelly.clock_driven.encoding.PoissonEncoder J& J& Ak H 45 & i ko
S it e%. PeriodicEncoder TEHIUA LIS AT DABEE & 2t (4 ki 791 spike . AT DA i

spikingjelly.clock_driven.encoding.PoissonEncoder.encode BEHIXE-

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[0]

Bl B 3 AT, WEEHN S BBk RS, 23510 01000 . 10000 . 00001 o HIAGRALH M A ds
Bt 20 S IAL A 015 B ke

spike = torch.full((5, 3), 0)
spike[l, 0] =1

CFoiaks:)
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spikingjelly, %% alpha

(£ 50

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

pe = encoding.PeriodicEncoder (spike)

# A RS SN 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 ERYmIEEE

FER Gt spikingjelly.clock_driven.encoding.LatencyEncoder etk AZE x , TEIRA
K G B o 2 RER BB, RO TRI0ER., EAFE R R ki At 1] o PO T — A i ACHe
x, HPRERS B — B[R] KA SR kv AT TRl i kit e 21, 4 B 5 HAUE —4> ki A28

ki A TSR IR] € S RIEGRE « € [0, 1] W2 AR —50: Mg RBCH LR (function_type="linear")

tr(e) = (T =11 —x)
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spikingjelly, %% alpha

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

FENLAE R 6 M E T ORISR, RE R A B R A 20
=6

= torch.rand ([N])

= 20

H X 2 s

# R NBE G A o 7 5

le = encoding.LatencyEncoder (T)

# B IER G B A 4 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 E 451k 0.6650 , 0.3704, 0.8485, 0.0247 ., 0.5589 f10.1030 i}, 53
) kb e A s
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spikingjelly, %% alpha

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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spikingjelly, %% alpha

1.5 BtiEIRzh: EREREL&ER SNN 5] MNIST

AREFEAVEH . Yangi-Chen
AT HREREA T G QA o ] R 25 2 A B 5 2 — e fRT LAY MINISTT 43 2R R0 5.

1.5.1 MSLHEE—1ME 889 SNN A4
¢ PyTorch PRSI 20041, FRATATOART BAH nn. Sequent fal K2ANML R E] — A1
Y, W AKURET R AR

MNIST K& 2 Ry 28 x 28 [ 8 /KM, adbA 0~9 3£ 10 35, A MNIST 543344,
— AN L L2 ANN 2840 -

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

)

FANTE T DA 52 A JULE AT SNN RIEAT 0 IAT S5 X L5, R Ee R A iBism s i, 7
R 2 TTIS B SR O B ) O, X FRAT R 2 LIF Mz e

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

)

O AL T R EEE SAL tau WE.

1.5.2 jJllgk SNN %%

Bt E IS RA B T H AR Bl

device = input ("B AIBITHIEE, Bl “cpu” = “cuda:0” \n input device, e.g., "cpu" or
—~"cuda:0": ")

dataset_dir = input ("W ARHF MNIST HEEWMTE, #lie “./” \n input root directory for.
—saving MNIST dataset, e.g., "./": ")

batch_size = int (input ('#y \ batch_size, ffl# “64” \n input batch_size, e.g., "64": "))
learning_rate = float (input (" A¥ I X, #li “le-3” \n input learning rate, e.g., "le-3

(‘)": '))

T = int (input ("#MAFER K, #l4r “100” \n input simulating steps, e.g., "100": '))

tau = float (input (' N\ LIF #ZLH A% % tau, #l4e “100.0” \n input membrane time.
—~constant, tau, for LIF neurons, e.g., "100.0": 7)) (@)
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spikingjelly, %% alpha

(£ 50

train_epoch = int (input ("I AN H, RGN EEH K, Flir “100” \n input training.
—epochs, e.g., "100": "))
log_dir = input ("8 A% tensorboard HEXHWME, i “./” \n input root directory for.

—saving tensorboard logs, e.g., "./": ")

AR Adam, DA RNARA IS, AERRIA A B R I AT ki 24 7

# £ Adam {2

optimizer = torch.optim.Adam(net.parameters (), lr=learning_rate)
# RN B
encoder = encoding.PoissonEncoder ()

UNGRACHD ) 4 55 75 BEROR DA R =B

L kb 22 ot o ERY, TR BB T A R T 0 I 2 2 T PR —BaA A ki k4
24T R R R — BN T A RO AR (SRR AR ), AR AR R BRI Y R/ R
W 255 Bia AT —BURTE], RIGEAT T ANE20 S P 3 R R A 2 2K gl

2. Fella By B R R B T IR 2 e D s SR R, AR 2O PR R R . ORI S S
KE#E MSE 415k, X LRI SE PO 41 MSE #5125 .

3. BRI T L RGBT 4IRS
ShErDA L=, AR R (R

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

optimizer.zero_grad/()

# AT T MK, out_spikes_counter # shape=[batch_size, 10] W tensor
#OREKEMIERKA, Wl B 10 AME T FoR &Rk %K
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 BEHEE 10 MEE AN LK N #HE & HAE

out_spikes_counter_frequency = out_spikes_counter / T

# MERBAME EHE TR K BORE, SELEAE MSE
XHWRRBRLME, GRA i AN, REEFF i MWETHRF ZBRAERE 1, T HMAMHE T K
R EALE 0

(Rt
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spikingjelly, %% alpha

(£ 50

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

optimizer.step()

# MU —KSHE, FEEBMEHRS, Bh SN WWETRZHA “BiL” #

functional.reset_net (net)

TR T clock_driven.examples.lif_fc_mnist.py, I IRATAH T Tensorboard 3
PRAFNZR H . W RAEIEAE Python iy 94 Ti51TE

>>> import spikingjelly.clock_driven.examples.lif fc_mnist as 1lif_fc_mnist

>>> 1if_ fc_mnist.main ()

FEVERL0RZ . VIGRKRER) SNN, FFoR RAEHUR 507 EUBHC T SRRERI , BTKHY T RIS T 0TS B EU
K, WIHY AL, IR, T AKRE, SNN ERfi] LIRS R 4
SCAF BB E) {10885 5 BE W

TN T IAE N TR, PRI ZROR T,

1.5.3 )RR

B tau=2.0,T=100,batch_size=128, 1lr=1e-3, Y% 100 4> Epoch J5, < PUA npy S0 AL,
£ I IEA R 92.5% , i85 matplotlib R ALAKAS2 1 AR R i &4
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spikingjelly, %% alpha

Train ACC (30496,1.0)
LOOF il o o e e S ' ]
0.75 i
g E
< 050 ]
0.25F i
0 10000 20000 30000 40000
Iteration
Test Acc (88,0.925)
2NN S
0.920 F ]
g’ 0.9152— ]
0.910 F .
0905 !
0 20 40 60 80 100
Epoch

TEHI AR PR — K IAT
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spikingjelly, %% alpha

FHINEF IR T 02, 4580 70 45 R

Firing rate: [[0. O. O. 0. 0. 0. O. 1. 0. 0.7]]

W visualizing BB e RO AL 2 5 2 0 T AR Bk 4R T s
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spikingjelly, %% alpha

Spikes of Neurons Firing Rate

Neuron Index

~J

0 10 20 30 40 50 60 70 80 90
Simulating Step
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Membrane Potentials

-10

—15

Neuron Index
Voltage Magnitude

I
Y
S

—25

0 15 30 45 60 75 90
Simulating Step

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

(i)
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(22 30
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

ok, ATE PythonNet BV B IRIIGERUZ AR Z . FATEM 2 MER-BN-Tl L) :

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,

AERERZ, HSrT DR S a0 A - (e E—mBdE, MNIST IR0 R b, FROT6 A 2)%7655%%,
eV G kih o SEbr b FRAT 58 4] PAE PR Ak A SNN, 7EIX %*fﬁﬁ? SNN HH 4 ¥ J2 fikinfr i 22
RHZHIHZ, FTARER—DSHOTA T 0 it BAME, FATRA E LB TR lbb):

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 L 2 ZREBEmmMgs, HihrdEn5 R . 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, BR A CE REiEa :

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 R, AR € 22f, BAE for MRERT, BHR img A HUHAIEX 2 BT, SEIAM
RIR o FATATASRIUHIX 2 )2, NS SIE ERERR. eI IT

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

self. T =T

Qi3]
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(ZE

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 AT LZ FTREBCA RS, FATATDAS

PhFEBUR XL, R EATEITER R BRI IR Z 5, At
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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

H —cupy 2 cupy JGum ML EMAETC, KT EMEZEES WL EX R CUDA 3§35z 094 215
B EEHBI AT ok,

A T S RAFAE tensorboard HESUHFRIES H R . SLEGHLER A Intel(R) Xeon(R) Gold 6148 CPU @
2.40GHz 1) 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)

(FoUakEE)
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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

[ 23]
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(£ 50

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 INZRIG, VIZREENMIALE LR IR AT :

Accuracy on train set

1.000 8

0.975 - ]

0.950

0.925 | ]
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e
E
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0.825 | ]
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iteration
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Accuracy on test set

42, 0.933)
0.93

092

0.90

accuracy

0.89 -

0.88

0.86 - w w ‘ ‘ w w ‘

0 10 20 30 40 50 60
epoch

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()),
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spikingjelly, %% alpha

BAEERAPRER T, HFRSMEE, MEZCRIMT. iEIRITHTE—A python SUfF, AR KAEILL,
HHEOFTE L — batch_size=1 WRHMERE, VBN ZE KK A —iKE AR

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)

MPRAFRIZR AL, B Log_dir FHSRT, MEIGREFMRLS, FHHeBuhidfdas. 1£ CPU _FigfrRial:

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

encoder.eval ()

Bk, WBHRAE PR —IKE A, B AZIGAS, AR R KR E 3, Seo AT RRTEMT, FATE
Xt feature_map MBREEM 7IH—fb, FFEUETEELMAEE] [0, 17,

with torch.no_grad():
# BRE—R2MEES, RENKE LK K
for img, label in test_data_loader:
fig = plt.figure (dpi=200)
plt.imshow (img.squeeze () .numpy (), cmap='gray')
# EBRMANEIMEWERRTRE r1, 1, 28, 28], & 0 MNEEE batch' ', # 1 MK
s&  channel’
# EUWERA imshow " W, %A " squeeze()  WRTEZK " [28, 28]
plt.title('Input image', fontsize=20)
plt.xticks ([])
plt.yticks ([1])

Q¥iEi3)
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(£ 50

plt.show ()
out_spikes = 0
for t in range(net.T):

out_spikes += encoder (img) .squeeze ()

# encoder (img) WR~& [1, 128, 28, 28], AMEA * squeeze() " TR

N [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() :
# X&/N feature map WMHE—, #ExEEH
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 ()

THEER 2 AR, PARAERITIR ©=0 FliR)a t=7 W20 i askm thrg Rt ke 32, S,
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Input 1mage
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Ve P AL
A A A A A C e A B
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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

AREFEVEE : Dinglianhao, fangweil23456

RATHAE LS X spikingjelly.clock_driven.ann2snn, AZEUNMTRIZRIFHT ANN &40 SNN, I
HXE Spikinglelly #EZE 347 {5 B,

HEisEol T ESEI . KT ONNX F1E:T PyTorch, YEAEZEF##K 5 ONNX kernel il PyTorch kernel, {HJZi%
BIAS AR, ONNX kemel (95 BUT NI F , 0 FFI I 2400514509 (1401 ResNet): PyTorch kernel
FEEN TR BRI, SRR A IR HAE LA IO E N AT REA R L bug. BRI DA Z ONNX #ifiE,
M HATSEEL -

1.7.1 ANN %3 SNN gyERis Bl

SNN AHELT ANN, 772 ki B, A M T AU . 78 ANN RATHGER) 4 K, SNN 9 H H I
i B YR A IRFAT AR B B DA AR ANN #6405 SNN, 7578 SNN thEA ZIR 2B . Xl
FEREFIANfE R ANN A SNN BRRA M. BIAE SNN it i 7 208 R MBR gt , N Tz, &
e A28 TCkan Bk BOoR IR . AR AT ANN A7 3504 K R e ?

SEIBHSE, ANN H1f ReLU M2 IR S F1 SNN o IF #1250 GRS BIE Vinreshoa 7T EE) B %
BCERA EGRRIA XA, FATAT AR B AR R A T e X UL R e BRI 2K, AR I ] UKE 2
T HPHEEIRY Soft J5 3,

Sc8: IF Tk A BESRRFMA X R

NGB SEEmMAZ] IF 20, WEHH I b Mkl 200 . E5e T AMSRIBE, Frg IF M2z,
il g AT I A TF W20 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_ $ to IF neurons')
plt.xlabel ('Neuron index $i$'")
plt.ylabel ('Input S$x_ St
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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IF neurons’ spikes Firing Rate
OF T T
4 .
| | | | |
| | | | | | | | | |
8 .

—
V]

P
< (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 12F T T T ]
1.0+ 1
1.0+ 2
0.8 1
0.8 1
% 0.6 1 —
i &
=
: = 06F 1
& =
= Q
i ~
=04t |
04r .
0.2 1
0.2 .
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

EiSIEEA
SCHR' %F ANN % SNN S48 T b e Bt . IS UEHT, SNN Hi ) IF #2702 RellU 0 eRZCEE i i) 117
T ftivt# .
FEXTHIZE P28 55— 2 RIS AZ, THE SNN SHZ TR &I + AN, ANN HiG i 6 &R . fBoE A e E h
z € [0,1]o XFFRABUAEEM IF fh2oc, HEEHRAL V BER IS A -

V;f = V;Sfl +z— V;Shresholdot

o Vinveshota NATUEME, BH A 1.0 0, Jyka it ikt T WFIRIE A3 B3 mT DAE 1 o 5 L 25K
GUGEIE

T T T
Z W = Z V%_l + 2T — Whreshold Z et
t=1 t=1 t=1
FEaH V e A, Wik R ERPA T -
Ve — Vi =10 N
TT 0 =z — V;fh'r‘eshold Zti} i =z - ‘/threshold?
Forft N oA T S Pk, 3 BRI re B 2 = Vinresnoaa B
Vr —Vy
r=a

T‘/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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BOEDT EUR )25 T TS LT
r=ala>0)

FfUlt, EFXRRLE A B, SCHRT S U ] AR A
Vi

’I"l _ erlfl + bl e
TVYthreshold

FEANA AR I SCHRT o ann2snn )y R 32 R 1 SCHER

1.7.2 BiF0{h R

Bk, JEATHT ANN 8% SNN 2P0 RIBRMT (€30 parse, FLIE: AVAZMT) Ry BB

RESH

PRI I3 2 SR PR A e -
1. ANN N 7 Hag NG sids 1 1 Ht)9—4k (Batch Normalization) . $tIH—1k BHERF ANN 4 )9 —1k.5)
0 ¥(H, X5 SNN MFRMEAREH . B, T2 BN S80I w2402 (Linear, Conv2d)

2. MREEHARIEE, ANN 4R Z 5 AR I T3 2R HIE 0,11 YERIN, Xl B0 SRt Fr 4. (A0 —
1)

® BatchNorm S50 i

i F BatchNorm [ Z %N ~ (BatchNorm.weight), 8 (BatchNorm.bias), g (BatchNorm.
running_mean) , o (BatchNorm.running_var, o = \/m)o B sHE LEFER
torch.nn.BatchNorm1d o S¥0#EH (40 Linear) HAZ% W Ml b . BatchNorm Z: {0 i3t 2 Ff Batch-
Norm [ S0 i B A BN S0y Wb, (S8 i AP STH i B3 714 BatchNorm I AH[R] . X1,
PR W b AR N

& BIH—4k

T A SR, BR8] T A SRR R, HO AR Apre , B 13RI (N
M4, VLR T

W:W* pre

AR SRR b
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https://pytorch.org/docs/stable/generated/torch.nn.BatchNorm2d.html#torch.nn.BatchNorm1d

spikingjelly, %% alpha

ANN 24 H I A0 BRI TG E A1, (R B o W AT B, X & S EUR M 200
KRR O T R — P, BRI — R A R 1 A SRR ) S R AR R S 5K p 0o SR H 3
I RLRE N 99.9.

BIBAE N AF, FRATN P2 M 2 A, TEEUE RS Bl A R IR 5 R AR )

REGBE

i, FATTHEZR R ) ReLU Sl RSN IF 250, XT ANN Pl FRATT 200 HE4
e R E) R T IF M2 0] PASERI ReLU Y05 pRAI . 25 [A) T RAE S 3G I IF #2505 15 0 25 R A 5 1
/e X F ANN Hi iR, B aidca BB T 2. BB 00 5T g Z k]
P R il ko AT o 24984 ONNX kernel A H, AR FAT4E “ann2snn.modules“fK 24 SE B . 104 SCHk
P2 23 (6] R SREEER AL Maxpool2d., AR AR SR A avgpool2d.,

BN, MR IREL I, SNN 554 AME E R A . 8 1) Poisson Zi A&t 247 I MERG A %K . Poisson
RSN E i A RIS E LB, ERSHRAT FeE EATR [R] SE 56

S 5EREE

ann2snn FEZLLE 2020 4F 12 H#FT— KK Hr . SR sh gt & /2500 & m a3 TS50, IF BRI
R T H PO RIS A A B TR oK . X IRA TR R R — X SRR . RIS R B B Hr
FFEF AL, 3T T parser A1 simulator K2, 24/ 5E LAE “spikingjelly.ann2snn.__init_ “Hf,

@ parser 5 1. FEWIUAILRREL - kernel: 40/ kernel . A&V R’ onnx’ .’ pytorch’ , 3:Rfpe s s fi F ) /2
ONNX kernel i 42 PyTorch kernel - name: #4445, Gl G AR FESS . BB T, Z G
SO B AT BE T EX A AT - z_norm: 1 2RSS B S APAE B ARHEAL (Z normalization) o 412
5 ANN BERUCE MR, XADSEIEIRMEN  (mean, std), BI#ITXS T CIFAR10, z_norm 1] PAZK ((0.4914,
0.4822, 0.4465), (0.2023, 0.1994, 0.2010)) - log_dir: {RFFIGIT SCEFR ORI, WA HLSH00 2 MR85 580 name
FRYETHE] B 2R - json: [ 5B L SCR4 « M4 462F TR parser Ji5 , F2IF4x H BIHRF json L] log_dir,
T AE ] json SCPFHEAT parser HRs W) R 1k

2. parse FR%Y - channelwise: IRy “True®, DA HIHIEIR(AM S T2 channelwise (15 A3, 42 0 R B Y
Giil 2 layerwise (4 - robust: W1y “True®, W HIEEH IR (ST TR BE 9 99.9 FrMfn; AW, S
TRE R BE 1T 2 %15 1 B - user_methods: ERIAf#i ] “spikingjelly.ann2snn.kernel.onnx._o2p_converter; 4% il
ONNX kernel i85 ONNX %4t PyTorch {75 &G Z I, ] DAIEL 7 A 5 SR B I b A e e . Rk
2 10 7] IY, “spikingjelly.ann2snn.kernel.onnx._o2p_converter“fJ staticmethods

@ simulator 2 1. 5WIIRCS L - snn: FE{F E L4551 SNN - device: {EMEE, RERRRS (AT
Fre) FIZBess (HiAH listsettuple ) - name: BZHAYA T, @ H G DAR—DFIES5 . BIAUA K44
T, 2GRSO R T B B AN AR - log_dir: ARAEIG T SO SO S, s IS EON SRR S
% name F124 /i8] H 342 5L - encoder: #ifth#s, W iEFLEE A’ constant’ .’ poisson’

2. simulate K%Y - data_loader: {5 ELAYBIEEENY dataloader - T: {ff ELWf[A] - canvas: pltfig 287, HTFSHMFE
BB AR (BIANHERGSE) BY221& - online_drawer: IRy “True*, WITELRZPE; &M, (i HAHR G2 K -
func_dict: ] A] DA B O SObr M RE pR A SE I 23 ]
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Btz 4h, B PRI pAE L 4K simulate 2895705 ELAS DI REAN1L . LN “spikingjelly.ann2snn.__init_ “SEPL T {f

B4 A4 11 “classify_simulator®

3. classify_simulator.simulate 3% 548K S50, - ann_acc: ANN S g4 2R (0-1 [AIAY/NVEL) -
fig_name: {}j EL R 1) 45 7 - step_max: QA “True*, MG AR HEBE AR B B R HER R

1.7.3 iR5%] MNIST

BAERAIBEN ann2snn , #FE—ADEEERIMLE, XF MNIST HlEEE 17702
IR ST P 52 -

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.RelLU(),

nn.AvgPool2d (2, 2),

nn.Flatten(),
nn.Linear (32, 10),

nn.ReLU ()

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

return x

VR RIEE| 5 R tensor EFFIITENL, SEAEMZEHE L —4> nn.Flatten Bk, 7 forward pR%LH 752

i 1 %2 iy Flatten T A2 view pR%H .
FE X BATBESEL:

56
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device = input (" AIZITHRE, Bl “cpu” B “cuda:0” \n input device, e.g., "cpu" or
—"cuda:0": ")

dataset_dir = input ("B AFHF MNIST HEEWME, #liv “./” \n input root directory for.
—saving MNIST dataset, e.g., "./": ")

batch_size = int (input ('# A\ batch_size, fl# “64” \n input batch_size, e.g., "64": '))
learning_rate = float (input ("M A¥ 3 %, fliw “1e-3" \n input learning rate, e.g., "le-3
:_)": '))

T = int (input ("W A ERK, #l4r “100” \n input simulating steps, e.g., "100": '))

train_epoch = int (input ("I AN E, RGN EE KK, Flir “10” \n input training epochs,
- e.g., "10": "))
model_name = input ("B AEMLF, Al “mnist” \n input model name, for log_dir generating.

—, e.g., "mnist": ")

Z I B A Wi R ST 2 A 8 SR e v
VIR BRI . 4. Ak BREREC

# Ake L 4

ann = ANN() .to (device)

# X Bk BHR

loss_function = nn.CrossEntropyLoss ()

# £ Adam L&

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

UIZE ANN, S E I, YIZRmiton] DA utils S S LA 2R 7

for epoch in range(train_epoch) :
# R utils PHETHHNERTFINEN L%
# WHEEFHEEMERL ANN 8l G2 — 4
# Train the network using a pre-prepared code in ''utils''
utils.train_ann (net=ann,
device=device,
data_loader=train_data_loader,
optimizer=optimizer,
loss_function=loss_function,
epoch=epoch
)
# R utils FHES U HRIERFRIE R L8
# Validate the network using a pre-prepared code in ''utils''
acc = utils.val_ann (net=ann,
device=device,
data_loader=test_data_loader,
epoch=epoch
)

if best_acc <= acc:

Qi3]
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(£ 50

utils.save_model (ann, log_dir, model_name+'.pkl")

SRS T ann2snn. examples. cnn_mnist.py , FEACHHEATIEM T Tensorboard A Lr7r il H
. ATPABEHELE Python i fTiaf T8 :

>>> import spikingjelly.clock_driven.ann2snn.examples.cnn_mnist as cnn_mnist

>>> cnn_mnist.main ()

MANBATH L, Flin “cpu” H “cuda:0”

input device, e.g., "cpu" or "cuda:0": cuda:15
WMART MNIST REEHME, Fl «./”
input root directory for saving MNIST dataset, e.g., "./": ./mnist

M\ batch_size, #fl4n “64”

input batch_size, e.g., "64": 128
BWANFIE, Pl “1e-3"

input learning rate, e.g., "le-3": le-3
WA EEK, Flam “100”

input simulating steps, e.g., "100": 100
WA ER L, g ARG RE, flm “10”

input training epochs, e.g., "10": 10
MANER LT, ATHASERDEXH, #ly “cnn_mnist”

input model name, for log_dir generating , e.g., "cnn_mnist"

Epoch 0 [1/937] ANN Training Loss:2.252 Accuracy:0.078

Epoch 0 [101/937] ANN Training Loss:1.423 Accuracy:0.669
Epoch 0 [201/937] ANN Training Loss:1.117 Accuracy:0.773
Epoch 0 [301/937] ANN Training Loss:0.953 Accuracy:0.795
Epoch 0 [401/937] ANN Training Loss:0.865 Accuracy:0.788
Epoch 0 [501/937] ANN Training Loss:0.807 Accuracy:0.792
Epoch 0 [601/937] ANN Training Loss:0.764 Accuracy:0.795
Epoch 0 [701/937] ANN Training Loss:0.726 Accuracy:0.835
Epoch 0 [801/937] ANN Training Loss:0.681 Accuracy:0.880
Epoch 0 [901/937] ANN Training Loss:0.641 Accuracy:0.889

1005 | IIEE | 100/100 [00:00<00:00, 116.12it/s]
Epoch 0 [100/100] ANN Validating Loss:0.327 Accuracy:0.881
Save model to: cnn_mnist-XXXXX\cnn_mnist.pkl

i, SXAMERLYIZE 10 4> epoch. YNZREHIN AR HER AL L AN T -
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MNIST Accuracy

1.00 —
—— training -
testing

0.95 7

0.90 - e

==
(=]
c
=
S 0.85 -
1]
0.80 -
0.75 -
T T T T T
0 2 4 6 8

A TRE] 98.8% HITIHRAMER K o
MRS, B —fB Bl , T BRI — PR . X LRI 192 3K 7.

# AE AT — A A R

# Load the data to normalize the model

percentage = 0.004 # load 0.004 of the data

norm_data_list = []

for idx, (imgs, targets) in enumerate (train_data_loader):
norm_data_list.append(imgs)
if idx == int(len(train_data_loader) * percentage) - 1:

break
norm_data = torch.cat (norm_data_list)

[}

print ('use imgs to parse' % (norm_data.size(0)))

P ann2snn HY3S parser, F{# ] ONNX kernel.

onnxparser = parser (name=model_name,
log_dir=log_dir + '/parser',
kernel="'onnx")

snn = onnxparser.parse (ann, norm_data.to (parser_device))
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FATAT CAPRAF S FA T e i 4 snn A62R 5 HLE SC—A> plt.figure [ T2214]

torch.save (snn, os.path.join(log_dir, "snn-"+model_name+'.pkl'))

fig = plt.figure('simulator’')

e, FATE T SNN (I B I TRATES 202, R “classify_simulator

sim =

classify_simulator (snn,
log_dir=log_dir + '/simulator',
device=simulator_device,
canvas=fig
)

sim.simulate (test_data_loader,

T=T,

online_drawer=True,

ann_acc=ann_acc,

fig_name=model_name,

step_max=True

)

RO TR, AT T tqdm AYRERE S T U0 i BT E] o (7 FLES RS A (i FL ) summary

simulator is working on the normal mode, device: cuda:0

1005 NN 100/100 [00:46<00:00, 2.15it/s]

time elapsed: 46.55072790000008 (sec)

Wit JE s, ATDAGIE, (FEAS A T 46.6s. #5051 SNN HERfR ] DA simulator SC4:32 H plot.pdf
FH, BrmE Rl 98.51% . FEHT R T 0.37% WITERE FFE . 38 8 4 H i 1A mT DA /D % e i 2%

1.8 3&{t%>) DON

KHEFRNEL : fangweil23456, lucifer2859

AATHFLH SNN 57528 PyTorch 51 REINFORCEMENT LEARNING (DQN) TUTORIAL, &H{H/R
T T R AR, A AR E R R BT .
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https://github.com/fangwei123456
https://github.com/lucifer2859
https://pytorch.org/tutorials/intermediate/reinforcement_q_learning.html

spikingjelly, %% alpha

1.8.1 EEMA

TE ANN fsEBirp, B4 CartPole FIFHARWIMIZ Z/E %A, SR)5 1 F CNN SRHZHURFE . 8] SNN 52
B, WA AR YA, (HE B Gym A8 B Wik, 005 sh BRI, AT 0 BUE AHH i ik
528 RTINS, T EARMERE, FRAT1E ) ATE il CartPole %) Observation, HJJ Cart Position, Cart Velocity,
Pole Angle £/ Pole Velocity At Tip, %2/~ 4 /> float JLEIIEAH . RIS TFEMAN K2, FAE
TR

AT EHENCHN 4 4 float TTRIGEAL, 0T RFATAE X SNN. FEIFRL, 7€ Deep Q Learning Ht, HiZE [
25564 Q REL, M Q RENH %@ —MESH. X RETRATHY SNN 5 J5—Z Ak 1 ik, &3
111 Q eRBUKIEAR I HE O Il 1, SHEHIXARNY Q s, WORSIER 2. 1L SNN S ESHEM T A RE, 2
HIBRR T AT 55, S B 2 h 2 i 2 I kb i, B0 Bt B 20 R ko, FBR ADS
BB EI . FEXAMESS WS BRATH 6 bkoh RO, SCRWT RS R 2%, M Ikoh B BUSR I A 2
Tewr ML (BT B, WRER kel R RIME R AER 0, £, 2, .., Lo

FRATVOE 55— 6 SNN i 72 s (EL I ¥ R ey (R B BTG5 K, [N Kk, A
2t I 20 A A i . M2 el A 2 oA A i, R B4R C A WM& It, 5 forward
PRECREIA] . LIF M & ey NG IF M soIR R T B i AR 43, BRHFRATT A A LIF Mookl 5 :

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

return self.v

R, $EEFATH) Deep Q Spiking Network , [ 2 H)S5 4 ARH ] B, 4x3E4%-1F #2804 P H2-NonSpikingLIF
MZTT, EHE-IF A TR it fEH , 1415 -NonSpikingLIF # 28 5o n] DA AE— ISR as -

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)

(Rt
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(£ 50

return self.fc[-1].v

1.8.2 )4k L&

GRS IR, 5 ANN AT LPHIR . HEERERZE, ANN fEmmC 220505, EATE env &

[a]f) Observation YE N i A .
ANN [ JE i RS 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

# 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

(Rt
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(£ 50

if i_episode $ TARGET_UPDATE == 0:
target_net.load_state_dict (policy_net.state_dict())

SNN FYIZARSIT , AT ARAFUN GRad B b (A5 22 il e R R 24

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)
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',6 total_

—reward, 1_episode)

break

if i_episode % TARGET_UPDATE == 0:
target_net.load_state_dict (policy_net.state_dict())

T AT BRI 2, SNNOZARIRESH, NIRRT AR S, A2 TR MY reset . # REIHIC
[EYUNE
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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)

SEREIY AL AT LT clock_driven/examples/Spiking DQN_state.py. W PAM AT H 3R shill %k

>>> 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

1.8.3 Hill&iza ML CartPole

BAIMARSS 25 LR B Zrad v K B K2 policy_net_256_max.pt, 7EA KR MIAN iz
17 play REL, HUIZRT 512 4K e CartPole :

>>> from spikingjelly.clock_driven.examples import Spiking_DQN_state
>>> Spiking_DOQN_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)

WNZR4FHY SNN 245 CartPole /A58l , H B4 R sl 2l played_frames. play B%CH
S SNN A IF M 28070 EUI ) ki 2 OB, DAL $i i NonSpikingLIF #4128 JOHE B i i 20 e LU -
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https://github.com/fangwei123456/spikingjelly/blob/master/spikingjelly/clock_driven/examples/Spiking_DQN_state.py
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U5 16 IR :
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IR 32 IR -
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g5 500 A~ [l S P BB 28 :
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J IV
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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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https://github.com/fangwei123456/spikingjelly/blob/master/spikingjelly/clock_driven/examples/DQN_state.py

spikingjelly, %% alpha

1.9 58{L%3) A2C

REAEVEE . lucifer2859

A BRI SNN 7528 actor-critic.py. HRE 221 T IR DA A48 30, TR AR SR X B
B
IRASHI AT DQN —BEFAT (0 1 55— Bl A 1 SNN 5t S v A5 Rh BT IR ER TS5 K, (8
R, S TR A R . s T LR R T R, R AR A
30, 5 forward BEHIN, LIF #ZTTHIHE AR IF 2 TTIRRER GOy, (R TRE LIF
et

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):

(Rt
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https://github.com/lucifer2859
https://github.com/lucifer2859/Policy-Gradients/blob/master/actor-critic.py

spikingjelly, %% alpha

(£ LT
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 IZARLANT , AT Sl A b A5 22 il i R R S 4
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 ()
(N ITgkss)
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(£ 50

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 —ATEIER M2, SNNZ2ARER, HUILERETERG, AR TR reset.
SERAAHE ] LT clock_driven/examples/Spiking A2C.py. B PAM A 47 E.322 /5 301145

>>> python Spiking_A2C.py

1.9.2 ANN 5 SNN f9t48EX EE

W%k 1eS A PRITPEREH 22
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https://github.com/fangwei123456/spikingjelly/blob/master/spikingjelly/clock_driven/examples/Spiking_A2C.py

spikingjelly, %% alpha

VAR VAV

180 | Javuy Ay U\ WA ARSI
160 | ! ui Ny & | AU )
140
120
100
80
60
40
20

0
-20

Ok 0 10k20k30k40k50k60k 7/0k80k90k100K 1

FHARTF AL B T5 ) ANN 25 1eS AP BRIGPHERE I 2 GERAI RS AT IL T clock_driven/examples/A2C.py):

L TVUYU

220
200
180
160
140
120
100
80
60
40
20
0
-20

Ok 0 10k20k30k40k50k60k 70k80k90k100R1
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https://github.com/fangwei123456/spikingjelly/blob/master/spikingjelly/clock_driven/examples/A2C.py

spikingjelly, %% alpha

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

(Rt
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https://github.com/lucifer2859
https://github.com/lucifer2859/Policy-Gradients/blob/master/ppo.py

spikingjelly, %% alpha

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,-

—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):

(T IUakss)
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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))

(Rt
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(£ LT
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.
SERARS ] UL T clock_driven/examples/Spiking PPO.py. B PAM @47 B3 5 sh il 45 :

>>> python Spiking_PPO.py

76 Chapter 1. %3



https://github.com/fangwei123456/spikingjelly/blob/master/spikingjelly/clock_driven/examples/Spiking_PPO.py

spikingjelly, %% alpha

1.10.2 ANN 5 SNN g9 EEXEE

gk 1eS AL BRIPERE M 25

10UV

160
140
120
100
80
00
40
20
0
-20

k 0 1k 2k 3k 4k 5k o6k 7k 8k 9k 10k1:
FAAHFEAEFE )7 ) ANN I 1e5 AN ERA M RE B2k (52 p 0L A] I T clock_driven/examples/PPO.py):

VAR VAV

180
160
140
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60
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20
0
-20

k 0 1k 2k 3k 4k 5k 6k 7k 8k 9k 10k1:
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https://github.com/fangwei123456/spikingjelly/blob/master/spikingjelly/clock_driven/examples/PPO.py

spikingjelly, %% alpha

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 BE&WES MM FE, n_categories=18 NZESMEMIE, 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])

AN, FATNE T REFE T randomTrainingExample () BR%L, PAELEAE S RO A . HEE kit
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)

(T IUakZE)
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https://github.com/LiutaoYu
https://github.com/fangwei123456
https://pytorch.org/tutorials/intermediate/char_rnn_classification_tutorial.html
https://pytorch.org/tutorials/intermediate/char_rnn_classification_tutorial.html
https://pytorch.apachecn.org/docs/1.0/char_rnn_classification_tutorial.html
https://github.com/fangwei123456/spikingjelly/blob/master/spikingjelly/clock_driven/examples/spiking_lstm_text.py

spikingjelly, %% alpha

(22 30

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 4%

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
B JEH— IR, FAN softmax bR EIO6 41 52 )2 10 B 2T AL DAIR U IR

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

1.11. FIH Spiking LSTM I & F XXM MK 3 KIES &



https://github.com/fangwei123456/spikingjelly
https://arxiv.org/abs/2007.04779

spikingjelly, %% alpha

1.11.3 WK%k

B, RATFIAILMN L net |, & L4 K TRAIN_EPISODES . %43 % learning_rate %, XHF
IR mse_loss 2 pRECR Adam (LA ARIF YNGR 4% . B4 epoch FYINZRmAE BN : 1) MIIZR4E
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 ()

# h—%kB%E, FEEEMEHRE. BEFETERZHAWE! (2020.11.3)

# functional.reset_net (net)

current_loss += loss.data.item()

guess, _ = categoryFromOutput (out_prob_log.data)

(Rt

80 Chapter 1. %3




spikingjelly, %% alpha

(£ 50

if guess == category:

correct_num += 1

# Add current loss avg to list of losses

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

correct_num = 0

# B E— R R BB AT — O R

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))
# BA—RE, TEEEMENRS. REFE?
# functional.reset_net (net)
guess, _ = categoryFromOutput (output.data)
if guess == category:
numCorrect += 1
test_accu = numCorrect / testNumtot

test_accu_rec.append(test_accu)

d
~y

print ('Epoch $%d 2d%$% (%s); Avg_loss %.4f; Train accuracy ; Test.o
—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

# xdict = x.item()

np.load('category_lines_test.npy', allow _pickle=True) # BB F &

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

(Rt
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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 O
Epoch 2000 O
Epoch 3000 0
Epoch 4000

o\

.0806
.1930
.0537
.0938

(Om 18s); Avg_loss 0.0525; Train accuracy 0.0830; Test accuracy

o\

oe

(Om 55s); Avg_loss

0

(Om 37s); Avg_loss 0.0514; Train accuracy 0.1470; Test accuracy
0.0503; Train accuracy 0.1650; Test accuracy
0

o O O O

o\

(Im 14s); Avg_loss 0.0494; 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% 2 AE — IR 1s4 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 - ) - - 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'")

(T IUakZE)
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# AR R R
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))
# BA—RE, TEEEMENRS. REFE?
# functional.reset_net (net)
guess, _ = categoryFromOutput (output.data)
if guess == category:
numCorrect += 1
test_accu = numCorrect / testNumtot

o)

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

# AL P SO\ K LA T HLB TR R IE R
n_predictions = 3
for j in range(3):
first_name = input ("FHA-PMERKUABEBETHFHER: ")
print ("\n> 2s' % first_name)
output = net (lineToTensor (first_name))
# BA—KE, FTEEEMENRS. REFE?
# 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 (' (%.2f) %s' % (value, all_categories[category_index]))

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

# WH confusion 4%
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)

# BA-RE, FEEEMEWRS. EEFE?

CFoiaks:)
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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
FRMA—MERAAB LR TAMER > YU
> YU

(0.18) Scottish

(0.12) English

(0.11) Italian
FMAN—NMERUNAGERETEHMNER:> Yu
> Yu

(0.63) Chinese

(0.23) Korean

(0.07) Vietnamese

WA MER AR LB THFER > Zou
> Zou

(1.00) Chinese

(0.00) Arabic

(0.00) Polish

(Rt
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(£ 50

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 AT 5 R 2 7 A TR

Arabic
Chinese
Czech

Arabic
Chinese
Czech
Dutch
English
French
German
Greek
Irish
Italian
Japanese
Korean
Polish
Portuguese
Russian
Scottish
Spanish

Vietnamese

112 Z1BEN

REFEANEE : fangweil23456

Dutch

411 Korean £ Chinese, Spanish #I Portuguese, English 1 Scottish.

English

French

o
5]
£
£
9]
o

Greek

Irish

Italian

Japanese

Korean

Polish

Portuguese

Russian

Scottish

Spanish

Vietnamese

- 0.8

0.6

0.4

0.2

0.0
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https://github.com/fangwei123456

spikingjelly, %% alpha

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, fithY:
MR W& 44A MultiStep, fllllspikingjelly.clock _driven.layer.MultiStepDropout, M|
T MY forward BEE IR Z AR EI A 545 -

BIA Xt =0,1,..,T -1, & Vit =0,1,..,T — 1
— AN EPAERR B, W DAMRZE G i e U AR B, spikingjelly.clock driven.layer.

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

class MultiStepContainer (nn.Module) :
def _ init_ (self, module: nn.Module) :
super () .__init__ ()

self.module = module

def forward(self, x_seq: torch.Tensor):
y_seq = []
for t in range (x_seqg.shape[0]):
y_seq.append(self.module (x_seqlt]))
y_seq[-1] .unsqueeze_ (0)

return torch.cat (y_seq, 0)

def reset (self):
if hasattr(self.module, 'reset'):

self.module.reset ()

FAEE A XA AR — A TF fh & oe:

from spikingjelly.clock_driven import neuron, layer

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]))

if_node.reset ()

(Rt

1.12. #BER 87




spikingjelly, %% alpha

(22 30

ms_if _node = layer.MultiStepContainer (if_node)
print ("multi step if_node output spikes\n", ms_if_node (x))
ms_if node.reset ()
oy
if_node output spikes at t=0 tensor([1., 1., 1., 0.])
if_node output spikes at t=1 tensor([0., 0., 0., 1.1)
if_node output spikes at t=2 tensor([1., 1., 1., 1.])
if_node output spikes at t=3 tensor([0., 0., 1., 0.])
if_node output spikes at t=4 tensor([1., 1., 1., 1.1)
if_node output spikes at t=5 tensor([1., 0., 0., 0.])
if_node output spikes at t=6 tensor([1., 0., 1., 1.])
if_node output spikes at t=7 tensor([l1., 1., 1., 0.])
multi step if_node output spikes
tensor ([ [1 1., 1., 0.7,

(0., 0., 0., 1.7,

(1., 1., 1., 1.1,

(0., 0., 1., 0.7,

(1., 1., 1., 1.1,

(1., 0., 0., 0.1,

(1., 0., 1., 1.1,

(1., 1., 1., 0.11)
iR i 2 s A A o
1122 BELEFBESEREE
TEVMERIBAEFIREGI , FRNT5E LA BLEIZT T, RH4E IR 2 5 1% 3§ (step-by-step) W73, BN ESCHAY:

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]))

B 1h 45 (step-y-step), FRIFEAERT LRI, SR =0 E‘Jﬁ%ﬁﬁtﬂ Yo, SRIGTHHHEEA ML
FEt =1 WM Yy, o . IRLASF BT 2 Yt = 0,1,..,T — 1. fl ﬁuTﬁ AR (feE
MO, M1, M2 HRRHAPARRAIIR) :

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

for t in range(T):

Y[t] = net(X[t])
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spikingjelly, %% alpha

1 R 1 : ! - 1
) o - i
| Lo L ! | E
: i ! i ! i ! i
: o P , 5 i
O ONOSIRONOS I O ONONO
. 1 . ! : : 1
: i ! i ! i ! ;
; P i E i ! ;
i-bg i -> -b-: i -> -b- ->E i — > - -»!
1 . ] - I M 1 .
i ! ; ! i : i !
i L L o |
OO I RN O OROR
; ! : : : 5 i !
i L L o |
- P ; ' i ! :
() 0 i) () ) () () ) () () ()
NS - - i
! ; ! i ! i ! t=3

FFF SNN PAK RNN, i [a) & BE & AL AE 2 Il e A FE e, 12 25 15 3538 4 15 H AN I 45 A8 A [ IR 220 FReR
3, BATTARZE G BARS], B0 DA 73 —FhFE R B2 TR R — 2 M HE A I 2R S . Bl
WX AR (€ Mo, M1, M2 #RZ AR n)

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

Y = net (X)

I 1) P R AT S PR R L R s -

________________________________________

o
v
v
-
EHEHEHEE

0*’*
T (EEN
v
v ”
o
o
(&)
\

=0 t=1 _t=2 _t=3 i
TAVIRX AN 2Ny 12 Z 4545 (layer-by-layer). % JZAEFE7E RNN PAK SNN ) Z i1, #I4 Low-activity

supervised convolutional spiking neural networks applied to speech commands recognition 18 33 % 218 7 23k 3k
WA — 2N ZIR &S, REERH B 5, RS R LT hitps:/github.com/romainzimmer/s2net,

BYERE B EEBBETEROFARE, HEiERSE R 2 ESMER . H & 2% LG E RN,
H R E— 2RISR, Bl torch.nn. Linear, #¥ EHAHB I ATITHE:
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https://arxiv.org/abs/2011.06846
https://arxiv.org/abs/2011.06846
https://github.com/romainzimmer/s2net
https://pytorch.org/docs/stable/generated/torch.nn.Linear.html#torch.nn.Linear

spikingjelly, %% alpha

for t in range(T):

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

T 2 &A% 36 W AT DATFAT 145

y = fc(x) # x.shape=[T, batch_size, in_features]
T AR AE W Z, AT AR shape=[T, batch_size, ...] I APF# M shape=[T *
batch_size, ...]1 )5, FREAX—EWE, EBHAIERTE _FER. spikingjelly.clock_driven.

layer. SeqToANNContalnerEforward PR AT TIXRERY S . FRATT AT DA S A i bk :

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)

A

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

ARG R shape=[T, batch_size, ...]1, TAHIEEAT FT—ZME,

1.13 f&/f CUDA 1iap)#R T 5% R & EE 1T InE

AHFEEH : fangweil23456

1.13.1 CUDA InEfI#8E T

fEspikingjelly.clock _driven.neuron 3T ZHMARKMETC. S RAM L, 200
T cupy Jlitto cupy i REA P FIARERE S T4~ CUDA A%, I L BRIA pytorch JE B, BlAEiL
FATE LA RS, KX MR LIF #2201 TRERT :

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 ()

(@3]
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https://github.com/fangwei123456

spikingjelly, %% alpha

(£ LT
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):
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_1lif, x, repeat_times), end=', ')
ms_lif.backend = 'cupy'

print (cal_forward_t (ms_lif, 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_l1if, x, repeat_times), end=', ')
ms_lif.backend = 'cupy'

print (cal_forward_backward_t (ms_1lif, x, repeat_times))

SLEGHLAR S Intel(R) Xeon(R) Gold 6148 CPU @ 2.40GHz ) CPU FlI GeForce RTX 2080 Ti ] GPU., izfr14554n
T
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spikingjelly, %% alpha

forward

8 1.9180845527841939,
16 3.8143536958727964, 1.6002442711169351
32 7.6071328955436, 3.2570467449772877

64 15.181676714490777, 6.82808195671214
128 30.344632044631226, 14.053565065751172

0.8166529733273364

forward and backward
8 8.13179220028814¢,
16 21.89934094545265,
32 66.34630815216269,
64 226.20835550819152,
128 827.6064751953811,

1.6501817200662572

3.210343387223702

6.41730432241161
13.073845567419085
26.71502177403795

8 R AR P -
Execution time of Running Forward with 22° Neurons
T T T T . 4
30| = backend="torch’ 303 ]
BN backend=’cupy’
25
)
£ 20
Q
2
g
b=
3
€10
5
0
8 16 32 64 128
simulation duration T (step)
92
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spikingjelly, %% alpha

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

E backend="torch’
BN backend='cupy’

800 |

700 [

w = ot D
o o o o
(e} o o (e}

T T T T

execution time (ms)

—_

o

o
T

oL 843,165

8 1

i 3.21
16

66,35
0.42 L
8 32 64

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

128

IRAELEFRATE ) 22 20 cupy s &0, BT SEIet 17 3R 5) © 4% 8 547 SNN 73 Fashion-MNIST H) 2%

FATHBE EH S — TS5, ToFFt AT A )

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

self. T =T

self.static_conv = nn.Sequential (
128, kernel_size=3,

nn.BatchNorm2d (128),

nn.Conv2d (1, padding=1,

self.conv = nn.Sequential (

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

layer.SegToANNContainer (
nn.MaxPool2d (2, 2),
nn.Conv2d (128, 128,
nn.BatchNorm2d (128),

# 14 * 14

kernel_size=3, padding=1,

bias=False),

backend="cupy

bias=False),

(Rt
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(£ 50

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
")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)

SERRRIS T T spikingjelly.clock_driven.examples.conv_fashion_mnist, A1 et
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 ] CPU Fll GeForce RTX 2080 Ti {j GPU) ¥iz47, 45340 :

(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, 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

Qi3]
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spikingjelly, %% alpha

[CAWY)
(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/

—~FashionMNIST/', device='cuda:0', epochs=64, gamma=0.1, j=4, 1r=0.1, 1lr_ scheduler=

gTﬁf[Zk"?%)

—'CosALR', momentum=0.9, opt='SGD', out_dir='./logs', resume=None, step_size=32
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(£ 50

./logs/T_4_b_128_SGD_lr_0.1_CosALR_64_amp_cupy

epoch=0, train_loss=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, 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=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, 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=63, train_loss=0.0010632637413514631, train_acc=0.9980134882478633, test_ loss=0.
—010720000202953816, test _acc=0.9324, max_ test acc=0.9346, total time=11.
—128222703933716

A IETRRIZ 93.46%, 51k A CUDA 3§ 5% 047 42 70 55 1% B A5 45 14T Amik W) 93.3% MHZETCIL, WIETE
e R b AR IE A R M A
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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
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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 (

(FItkgs)
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https://github.com/Yanqi-Chen

spikingjelly, %% alpha

(£ 50

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 ()

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

TEMEM ARG, WRTGEEE S BRI T T —RiICR, TR reset JAFEC 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 -
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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 =8
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-Caltech101”, ASLDVS* %5, FiA7 $E4E i A FREEAG ISR B B8, TF A& N ST AR AA A ik
PEEEARIG . FEAFTHERES, FRATRFPA DVS128 Gesture K5, JE7m QA F St BEHE 42 b P I 28 3550 5

1.15.1 BaTHNFEHNTE
CIFARI0-DVS S8l 30fF A3 N k. SCRf A Mg, e o tT it s n B e 2 9T 8E1 %

PR H SR ) download U3 . HAHHEEEN downloadable () PREUE L TIZEIRER GRS BT
2, 1M resource_url_md5 () BRAUE LT &SR 22 AI MDS . 7R :

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())

oA

CIFAR10-DVS downloadable True
resource, url, md5

[('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",
—'52c63c677c2bl5fab146a8daf4d56687"), ('deer.zip', 'https://ndownloader.figshare.com/
—~files/7712815"', 'b6bf21f6c04d21bad4e23fc3e36c8adal3'), ('dog.zip', 'https://
—ndownloader.figshare.com/files/7712818"', '£f379ebdf6703d16e0a690782e62639c3"), (
—'frog.zip', 'https://ndownloader.figshare.com/files/7712842",

] ‘ A (TR ig
m/files/7712851" 'elcbbf77bech84ffbf913f00e682782a'), ('ship.zip', 'https://

— nQrehard.Garrick, et al, <{Copverting Static; Image, Datasets to Spiking Neuromarphie DatasetsUsing Saccades. . Frontiers.in Neurosgience, vol.
QL?O‘ESfB%]é?EfBZ', 'https://ndownloader.figshare.com/files/7712839",
2 Li, Hongmin, et al. “CIFAR10-DVS: An Event-Stream Dataset for Object Classification.” Frontiers in Neuroscience, vol. 11, 2017, pp. 309—
3®' 89f3922fd147d%aeff89e76a2b0b70a7") ]

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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spikingjelly, %% alpha

(£ 50

DVS128Gesture downloadable False
resource, url, md5

[ ('DvsGesture.tar.gz', 'https://ibm.ent.box.com/s/3hig58wwlipbbijrinh367ykfdf60xsfm8/
—folder/50167556794"', '8abc71fblle24e5cabbll866cabc00al'), ('gesture_mapping.csv',
—'https://ibm.ent .box.com/s/3hig58wwlpbbjrinh367ykfdf60xsfm8/folder/50167556794",
—'109b2aeb4a0elf3ef535b18ad7367fd1l"'), ('LICENSE.txt', 'https://ibm.ent.box.com/s/
+3hig58wwlpbbirinh367ykfdf60xsfm8/folder/50167556794",
—'065e10099753156f18f51941e6e44b66"'), ('README.txt', 'https://ibm.ent.box.com/s/
—3hig58wwlpbbjrinh367ykfdf60xsfm8/folder/50167556794",
—'a0663d3b1d8307¢c329a43d949ee32d19") ]

DVS128 Gesture i EAN L HBN T, HEM resource_url_md5 () PRESHT EIHAREUT # b bt
B M3k, DVS128 Gesture 5 4E A PAA https://ibm.ent.box.com/s/3hiq58ww1pbbjrinh367ykfdf60xsfm8/folder/
50167556794 HEAT R, box WA SCRFAEA SRl B 8 00 68 AR B H T 3, Rt TR 2T 3 A
FT#E. ¥EHEETHF E: /datasets/DVS128Gesture/download, FEFERMJGXACHJer) H 45
LAps]

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

" —— gesture_mapping.csv

1.15.2 3kHy Event #iE

AEIGRERIIALE, Hh3 i data_type="event ' F/RIAIEI Event Fiffz

from spikingjelly.datasets.dvsl28_gesture import DVS128Gesture

root_dir = 'D:/datasets/DVS128Gesture’

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

IBATIK AU, I EEHELRS & 58 AR TAE::

L B EdRER G, WIRGAE, W T MDS £5;, #iABdRETLIRE, FEETRE. BREEE
fRERI R H R T extract X5

2. DVS128 Gesture *PHEEDMFEA, RIEARFDEIMIAET T, XA FIREE TR M0 T, —1> AER
MHHE T 2T, MBS —A esv URRE

AN AR BENECZ AN T35 B, AN — 2R, e MRAINES. 5
MRS RS 2 RARIATRI I, A P A S T 95 1 SO B B o

N T AR Ay 4 TR
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https://ibm.ent.box.com/s/3hiq58ww1pbbjrinh367ykfdf60xsfm8/folder/50167556794
https://ibm.ent.box.com/s/3hiq58ww1pbbjrinh367ykfdf60xsfm8/folder/50167556794

spikingjelly, %% alpha

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/
sDVS128Gesture/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', ‘v4', '5v, tgr, o v7v, gt '9'] in [D:/datasets/
—DVS128Gesture/events_np/train] and [('0O', '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 FHIANWE LN, TR OFER. 2frein, FEHRTEZ M4 events_np Xk,
Hor AL S IR A 1L -

|-— events_np
| |-— test

| "—— train

FTEI— il

event, label = train_set[0]
for k in event.keys():

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

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

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

p (1200 ... 10 0]

label O

Hrp event (] FHAK A7 Events 5085, B ('t 'x', 'y', 'p'l;label 2¥IEIIIR%, DVSI28
Gesture L4 11 25,

1.15.3 3%HY Frame #{iB

5 4RI Event Ji A4 i Frame 08, & A, FROTRA MscB 2. o FRATRIE LR Event X
PN E(zi, yis i, pi),0 <i < N; & split_by="number' F/RM Event it N Eibi74l 5, #iri2)
¥4 frames_num=20, Wite T B, {0851 Frame 500G 03—k F (), 1€ (p, . y) fEHE
FEH F(j,p,x,y); F(4) 52 Bvent Ji &5 [T 5t F - 11 Event 431K -

. N| .
J = T )
, X G+1), if j<T-1
Jr =
N, ifj=T—1
Jr—1
F(japvl'vy) = Z Ip,m,y(pivxivyi)
1=J1

Horp ) 21T, Ly oy (i @i, y) RARTEREL, 2 HALY (9, 2,y) = (pis 24, y:) BHUEA 1, 5005 0,
BT I, AR ST IR UEA TR ), @1 Frame $dige:

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

—split_by='number")

AT

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].

(ENE327)

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

Evolutionary Computing, 2020.

104 Chapter 1. %3




spikingjelly, %% alpha

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 = [102.11ls].

BT, MHHERE T2 frames_number_20_split_by_number SCEEJE, ik B T R4 2E LY
Frame $(#% .

FTEI— 4 -
frame, label = train_set[0]

print (frame.shape)

(GEL Ik

(20, 2, 128, 128)

HH 1 DB Frame £l :
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from spikingjelly.datasets import play_frame
frame, label = train_set[500]

play_frame (frame)

BIRFCR AN E PR

DHHESAR SR AR R 2 T3, Bl APT SURDASRIIUE 215 6«
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1.16 4335 DVS128 Gesture

REFAEL : fangweil23456

P — AR 2 S 20 bR o FRATHIALEE T DVSI128 Gesture $i#ii4E. # 1 k, FATHHE 4 SNN
% DVS128 Gesture iR #647432%, Fe{i16(di ] Incorporating Learnable Membrane Time Constant to Enhance
Learning of Spiking Neural Networks' —3CH M %%, Hrppi 250 (di 1] LIF #1250, WiAkik 1 btk .

JESC R A R AE LS, SR RS ANk H 75 W] DAKEBEAL FREL: Parametric-Leaky-Integrate-and-Fire-
Spiking-Neuron

TEARZAE, FMTH B I EAELE, REPIA TR I GRE L .

1.16.1 5 LM%

JESCP BT PR BT /S 1 308 R 5 27 I T 48 U AR 1 I 24 .

Pl N fc
S i
t=0 X, E> ’Vg;lf"g E> : :> 0,
0')6' |
Sy ;
=1 |y ol =,
O')S‘ I
Fe i
VR i=
t=T-1 % | Aeking 15 |:> o,
D'IS' I
Input ' Spiking Encoder Classifier - Output

X1 DVS128 Gesture #H54E, Neonv = 1, Naown = 5, Nyec = 2,

FLRI Y W 5 4544 Jy {c128k3s1-BN-LIF-MPk2s2}*5-DP-FC512-LIF-DP-FC110-LIF-APk10s10}, $iH APk10s10 J&
WOMEMPEERE

! 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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https://github.com/fangwei123456
https://arxiv.org/abs/2007.05785
https://arxiv.org/abs/2007.05785
https://github.com/fangwei123456/Parametric-Leaky-Integrate-and-Fire-Spiking-Neuron
https://github.com/fangwei123456/Parametric-Leaky-Integrate-and-Fire-Spiking-Neuron

spikingjelly, %% alpha

P 2 ST

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)
FC512: torch.nn.Linear (in_features, out_features=512
APklOsI0: torch.nn.AvgPoolld (2, 2)

Ay BEE L, FRATMEE 2 0 i 5 SR 4, AR S BLanE -

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)

(T IUakss)
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(£ 50

@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)

]

1.16.2 & WAy EEEF0HRR
BEETEMKA T, batchsize y N, WM DataLoader HERIUMI%LE x . shape=(N, T, 2, 128, 128],
A S SR AL BB 5 B T3, P St < BT, #4640l shape=[T, N, 2, 128, 128].

B ox (] EAMEE, 2k dbkob, BROASDER K, RAHGE T Kt L% out_spikes / x.
shape[0], BEf— shape=[N, 11] {J 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]

2R RE SCA ikt A TSR ont hot TR AR4EY 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)
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spikingjelly, %% alpha

1.16.3 {Ef CUDA # & TiliE B {41E

WERBEF W AR SR A RN E , BRI B3R : 124545 FILR CUDA 33320739 22 L 5 1%
AT iR .

AR R 2 1, (RN, BTN TR R AR I 45 005 i 2 A% 4 -

import cupy

class CextNet (nn.Module) :

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(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))

@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),

(FItakss)
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)
neuron.MultiStepLIFNode (tau=2.0, surrogate_function=surrogate.ATan(), .

—detach_reset=True, backend='cupy')

]

APAK I, WL H) RS B AR EAME, FramIcRErZ, il convad, #&P layer.
SeqToANNContainer {45, Fi ML HEHSE A TR EE A E]_L R -

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))

1.16.4 RIBAT

N T, AERAHEACE I 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'")

CFoiaks:)
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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

)

(AR ARG, ATRAKIR BT, B> A7 #E:

if args.amp:
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 ()

FRATTH 100 284 S R s 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

(Rt
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torch.save (checkpoint, os.path.join(out_dir, 'checkpoint_ latest.pth'))

1.16.5 E1Tl%k

SRS T classify_dvsg.py.

F%4117E ‘Intel(R) Xeon(R) Gold 6148 CPU @ 2.40GHzZ* ) CPU il GeForce RTX 2080 Ti {fj GPU |5z4TM % . i1
GBS EILT 5 —5, HmA RG] A1 H T=16 WiF3C i 7=20, K} GeForce RTX 2080
Ti (1) 12G BAFAEE T=20; BLob, |ATEIFE T BN EAEEINLE, EFR ] eSS RUR T A5 B2

BT T BRI 45 -

(test—env) root@de41£92009cf3011eb0ac59057a81652d2d0-fangw1714-0:/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 1024

Namespace (T=16, T _max=64, amp=True, b=16, cupy=False, channels=128, data_dir="'/

—userhome/datasets/DVS128Gesture’,

device='cuda:0', epochs=1024, gamma=0.1, J=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=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),o
—bias=False)

(5) : BatchNorm2d (128, eps=1e-05,

—stats=True)

momentum=0.1, affine=True, track_running_

(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),

hias=False)

stride=(1, 1), padding=(1, 1),o

Q¥iEi3)
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(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)
)
(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=1le-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=1e-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,))

[ 23]
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)

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_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=1024, gamma=0.1, j=4,.
—1r=0.001, lr_scheduler='CosALR', momentum=0.9, opt='Adam', out_dir='./logs',.
—resume=None, step_size=32)

epoch=0, train 1oss=0.06680945929599134, train_acc=0.4032534246575342, test_ loss=0.
—04891310722774102, test_acc=0.6180555555555556, max_test _acc=0.6180555555555556, ..
—total time=27.759592294692993

AR, —A> epoch I 27.76s. rpIMTilllZR, TEFRATHRE B PR

(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 —-cupy -—-epochs 1024
Namespace (T=16, T_max=64, amp=True, b=16, cupy=True, channels=128, data_dir='/
—userhome/datasets/DVS128Gesture', device='cuda:0', epochs=1024, gamma=0.1, j=4,.
—1r=0.001, lr_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) (P otaesh)
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(1) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_running
—stats=True)
)
)
(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=le-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)

[ 23]
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)
(13): MultiStepLIFNode (v_threshold=1.0, v_reset=0.0, detach reset=True, surrogate_

—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_b_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=1024, gamma=0.1, j=4,.
—1r=0.001, lr_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

CFoiaks:)
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Namespace (T=16, T_max=64, amp=True, b=16, cupy=True, channels=128, data_dir='/
—userhome/datasets/DVS128Gesture', device='cuda:0', epochs=1024, gamma=0.1, j=4,.
—1r=0.001, lr_scheduler='CosALR', momentum=0.9, opt='Adam', out_dir='./logs',.
—resume=None, step_size=32)

epoch=255, train_loss=0.000212281955773102445, train_acc=1.0, test_loss=0.
—008522209396485576, test acc=0.9375, max_test acc=0.9618055555555556, total time=17.
—49005389213562
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Test accuracy
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@misc{SpikingJdelly,

title = {SpikingJdelly},

author = {Fang, Wei and Chen, Yangi and Ding, Jianhao and Chen, Ding and Yu, .
—~Zhaofei and Zhou, Huihui and Tian, Yonghong and other contributors},

year = {2020},

publisher = {GitHub},

journal = {GitHub repository},

howpublished = {\url{https://github.com/fangweil23456/spikingjelly}},

127




spikingjelly, %% alpha

128 Chapter 4. 5|H



CHAPTER D

HERER

UK 2T BB B 2 B e AR T A 27 2] 4 Multimedia Learning Group #5525 %< /& SpikingJelly
BT R

TP RN B34 BT LT ot .

129


https://pkuml.org/
https://www.pcl.ac.cn/
https://github.com/fangwei123456/spikingjelly/graphs/contributors

spikingjelly, %% alpha

130 Chapter 5. E{ER



CHAPTER O

RISHkE

o ki 2 254 % A
o kAl ss > B K

131


https://www.cnblogs.com/lucifer1997/tag/SNN/
https://www.cnblogs.com/lucifer1997/tag/SNN-RL/

spikingjelly, %% alpha

132 Chapter 6. Zi5aEiE



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 (0.0.0.0.6) from ‘PyPI <https://pypi.org/project/spikingjelly/>¢_:

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
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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 (nn.Module) :
def _ init_ (self, v_threshold=1.0, v_reset=0.0, surrogate_function=surrogate.

—Sigmoid (), monitor_state=False):

IR

:param v_threshold: The threshold voltage of the neuron

:param v_reset: The reset voltage of the neuron. If it is not None, when the.
—neuron fires the spike, the voltage will be reset to v_reset; if it is set to None, .
—the voltage will be subtracted from the threshold

:param surrogate_function: Surrogate function used to calculate the gradient.
—of the spiking function during back-propagation

:param monitor_state: Whether to set up a monitor to save the voltage of the.

—neurons and the spikes fired. If True, self.monitor is a dictionary, whose keys.

—include 'v' and 's', recording voltage and output spike respectively. The.

—corresponding value is a linked list. In order to save video memory (memory), what.

—is stored in the list is the value of the original variable converted into a numpy.

—array. Also note that the self.reset () function will clear these linked lists

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)
)

MNIST classification using a double-layer fully connected network

Now we use the LIF neurons in clock_driven.neuron to build a two-layer fully connected network to classify the

MNIST dataset.

First we define our network structure:

class Net (nn.Module) :
def _ init_ (self, tau=100.0, v_threshold=1.0, v_reset=0.0):

super () .__init__ ()

(Rt
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# Network structure, a simple two-layer fully connected network, each layer.
—~1is followed by LIF neurons
self.fc = nn.Sequential (
nn.Flatten(),
nn.Linear (28 * 28, 14 * 14, bias=False),
neuron.LIFNode (tau=tau, v_threshold=v_threshold, v_reset=v_reset),
nn.Linear (14 * 14, 10, bias=False),

neuron.LIFNode (tau=tau, v_threshold=v_threshold, v_reset=v_reset)

def forward(self, x):

return self.fc(x)

Define our hyperparameters:

device = input ('Enter the input device, e.g., "cpu" or "cuda:0": ")

dataset_dir = input ('Enter the input root directory for saving MNIST dataset, e.g., "
/")

batch_size = int (input ('Enter the input batch_size, e.g., "64": "))

learning_rate = float (input ('Enter the input learning rate, e.g., "le-3": '))

T = int (input ('Enter the input simulating steps, e.g., "100": '))

tau = float (input ('Enter the input membrane time constant, tau, for LIF neurons, e.g.,
— "100.0": "))

train_epoch = int (input ('Enter the input training epochs, e.g., "100": "))

log_dir = input ('Enter the input root directory for saving tensorboard logs, e.g., "./

ALY l)

Initialize the data loader, network, optimizer, and encoder (we use a Poisson encoder to encode the MNIST image into

spike trains):

# Initialize the network

net = Net (tau=tau) .to (device)

# Use Adam Optimizer

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

for img, label in 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)

The test code is simpler than the training code:

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 test_data_loader:

img = img.to (device)

(Rt
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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 (1) [1] == label.to(device)).float ().
—sum () .item()
test_sum += label.numel ()

functional.reset_net (net)

writer.add_scalar ('test_accuracy', correct_sum / test_sum, epoch)

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. You can run it directly on the Python command line:

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

Enter the input device, e.g., "cpu" or "cuda:0": cuda:15

Enter the input root directory for saving MNIST dataset, e.g., "./": ./mnist
Enter the input batch_size, e.g., "64": 128

Enter the input learning rate, e.g., "le-3": 1le-3

Enter the input simulating steps, e.g., "100": 50

Enter the input membrane time constant, tau, for LIF neurons, e.g., "100.0":.
—100.0

Enter the input training epochs, e.g., "100": 100

Enter the input root directory for saving tensorboard logs, e.g., "./": ./
—~logs_1lif_fc_mnist

cuda:15 ./mnist 128 0.001 50 100.0 100 ./logs_lif_fc_mnist

train_times 0 train_accuracy 0.109375

cuda:15 ./mnist 128 0.001 50 100.0 100 ./logs_1lif_fc_mnist

train_times 1024 train_accuracy 0.5078125

cuda:15 ./mnist 128 0.001 50 100.0 100 ./logs_lif_fc_mnist

train_times 2048 train_accuracy 0.7890625

cuda:15 ./mnist 128 0.001 50 100.0 100 ./logs_lif_fc_mnist

train_times 46080 train_accuracy 0.9296875

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
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the accuracy of the test set during training are as follows:
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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.
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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.

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:
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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;_1 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})

vy _

neuronal dynamics equation —g

f(V(t), X(t)) to describe the continuous-time spiking neuron. For example. For
LIF neurons, the equation is:

dv ()

T = —(V(t) - Vreset) + X(t)

Tm

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(‘/t — ‘/t—l) = 7(‘/t—1 - ‘/reset) + Xt
The expression of V; can be obtained as

1
‘/t = f(‘/ttht) = V;ffl + 7(_(%71 - Vreset) + Xt)

Tm

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
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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 0O, 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¢4t

2. Soft method: After releasing a spike, the membrane potential subtracts the threshold voltage V' = V' — Vipreshola

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

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(V;%l,Xt)
St = g(Ht - Vvthreshold) = @(Ht - %hreshold)

where O(x) is the surrogate_function () in the parameters, which is a heaviside step function:

1, >0
O(zx) =
0, z<0

The hard reset is:

Vvt = Ht . (]- _St) +Vreset 'St
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The soft reset is:
V% = Ht - 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 ()

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:

144 Chapter 7. Welcome to SpikingJdelly’ s documentation




spikingjelly, %% alpha

Vi and S; of the neuron
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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_list)

v_list = 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)
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

# N lena H1%
lena_img = np.array (Image.open('lena512.bmp')) / 255

x = torch.from_numpy (lena_img)

pe = encoding.PoissonEncoder ()

# E 20 MHEZK, K EGRDH BT %

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:

# WE 512 MHEESK, K% |5 1.

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

# H—1b
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(£ 50

for i in range(5):

min_ = superposition_[i].min ()

max_ = superposition_[i] .max()

superposition_[i] = (superposition_[i] - min_) / (max_ - min_)
# EH

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)

#OH R M e A e R
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 isan encoder 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

# HAER 6 MZTTHRIMGEE, WK AMGEE A 20
N = 6

x = torch.rand([N])

T = 20

# R I NSRS A R 7 5

le = encoding.LatencyEncoder (T)

# TR REENREDLER
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
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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 use nn. Sequential to 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 and several other configurations

device = input ('Enter the operating device,e.g.:"cpu" or "cuda:0"\n input device, e.g.
—, "cpu" or "cuda:0": ")

dataset_dir = input ('enter the location of the MNIST data set,e.g.:"./"\n input root.
—directory for saving MNIST dataset, e.g., "./": ")

batch_size = int (input ('input batch_size, e.g.:"64"\n input batch_size, e.g., "64":

="'))

(Rt
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[CAWY)
learning_rate = float (input ('input learning rate,e.g.:"le-3"\n input learning rate, e.
—g., "le-3": "))
T = int (input ('enter simulation duration, e.g.:"100"\n input simulating steps, e.g.,
<"100": "))

tau = float (input ('input the time constant of the LIF neuron tau, €.g.:"100.0"\n input.
—membrane time constant, tau, for LIF neurons, e.g., "100.0": "))

train_epoch = int (input ('enter the number of training rounds, that is, the number of_

—times to traverse the training set, e.g.:"100"\n input training epochs, e.g., "100
"))

log_dir = input ('enter the location to save the tensorboard log file, e.g.:"./"\n.
—input root directory for saving tensorboard logs, e.g., "./": ")

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=learning_rate)
# Use Poisson encoder

encoder = encoding.PoissonEncoder ()

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:

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

optimizer.zero_grad/()

# Run time of T, out_spikes_counter is the tensor of shape=[batch_size, 10]
# Record the number of spike firings of 10 neurons in the output layer during the.
—entire simulation duration

for t in range(T):

(R ks
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if t == 0:
out_spikes_counter = net (encoder (img) .float ())
else:

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

# out_spikes_counter / T Obtain the spike firing frequency of 10 neurons in the.
—output layer during the simulation time

out_spikes_counter_frequency = out_spikes_counter / T

# The loss function is the spike firing frequency of the neurons in the output.
—layer, and the MSE of the true category

# Such a loss function will make the spike firing frequency of the i-th neuron in.
—the output layer approach 1 when the category 1 is input, and the spike firing.
— frequency of other neurons will approach 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 neurons of SNN have "memory"

functional.reset_net (net)

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 Python command line:

>>> import spikingjelly.clock_driven.examples.lif fc_mnist as 1lif_ fc_mnist

>>> 1if_ fc_mnist.main ()

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.
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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)
1.00F ||' "" m ' W s i ]
0.75 F .
s '
< 050 ]
0.25F i
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Iteration
Test ACC (88,0.925)
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Select the first picture in the test set:
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Use the trained model to classify and get the classification result.

Firing rate: [[0. O. O. 0. 0. 0. O. 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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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

[@iEiEz3)
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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.JFNode(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.
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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()),

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):

Qi3]
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def

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.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()),

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,
-T T

——help

—device DEVICE

-b B

—epochs N

-j N

—data_dir DATA_DIR
—-out_dir OUT_DIR
—resume RESUME
—amp

—-cupy

—-opt OPT

-1lr LR

—momentum MOMENTUM

show this help message and exit
simulating time-steps

device

batch size

number of total epochs to run
number of data loading workers (default: 4)
root dir of Fashion-MNIST dataset

root dir for saving logs and checkpoint
resume from the checkpoint path

automatic mixed precision training

use cupy nheuron and multi-step forward mode
use which optimizer. SDG or Adam

learning rate

momentum for SGD

—-lr_scheduler LR_SCHEDULER

-step_size STEP_SIZE

—gamma GAMMA
-T_max T_MAX

use which schedule. StepLR or CosALR

step_size for StepLR

gamma for StepLR

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.

root@e8b6e4800daed011eb0918702bd7ddedd51c-fangwl598-0:/# python -m.

—spikingjelly.clock_driven.examples.conv_fashion_mnist —-opt SGD -data_dir /userhome/

(pytorch-env)

—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 (1, 128,

(1) : BatchNorm2d (128,

kernel_size= (3, bias=False)

3)

momentum=0.1,

stride=(1, 1), padding=(1, 1),

eps=1e-05, affine=True, track_running_
—stats=True)
)

(conv) : Sequential (

(Rt
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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, 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_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.
—618073225021362

[ 23]
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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_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, 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_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

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 |- §

0.925 | ]
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0.850 - 8
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iteration
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Accuracy on test set
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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()),
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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_1lr_0.1_CosALR_64_amp/checkpoint_max.pth', 'cpu
—"')['net']
encoder = nn.Sequential (

net.static_conv,

net.conv[0]

)

encoder.eval ()

Let us extract aimage 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 "
# therefore, when calling ' 'imshow' , first use ' 'squeeze() ' to change the.
—size to " [28, 28] "
plt.title('Input image', fontsize=20)

(Rt
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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 St = ' + str(t) + 'S$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:
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Input 1mage
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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 feed-

forward ANN to SNN and simulate it on the SpikingJelly framework.

Currently support conversion of Pytorch modules including nn.Conv2d , nn.Linear , nn.MaxPool2d , nn.
AvgPool2d, nn.BatchNormld, nn.BatchNorm2d, nn.Flatten, nn.ReLU ,other module solutions are

under development -

Theoretical basis of ANN2SNN

Compared with ANN, SNN generates discrete spikes, which is conducive to efficient communication. Today, ANN is
popular, while direct training of SNN requires far more resources. Naturally, people will think of using very mature ANN
to switch to SNN, and hope that SNN can have similar performance. This leads to the question of how to build a bridge
between ANN and SNN. The current SNN mainstream method is to use frequency coding. So for the output layer, we

will use the number of neuron output spikes to determine the category. Is the firing rate related to ANN?

Fortunately, there is a strong correlation between the non-linear activation of ReLU neurons in ANN and the firing rate
of IF neurons in SNN (reset by subtracting the threshold Vip esnota )- We can use this feature for conversion. The neuron

update method mentioned here is the Soft method mentioned in the Clock Driven Tutorial.

The following figure shows this correspondence: the left figure is a curve obtained by giving a constant input to an IF neuron
and observing its firing over a period of time. The right one is the ReLU activation curve, which satisfies activation =

max (input, 0).

Input z; and firing rate Input z; and ReLU(x;)
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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:

V;S = ‘/t—l +z - ‘/thresholdet

Where: Vipreshotd 1S 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 ‘/t = Z ‘/t—l + 2T — ‘/threshold Z et
t=1 t=1 t=1
Move all the items containing V; to the left, and divide both sides by 7"
Ve — Vi Y N
% =z %hreshold% =z Vthreshold?

Where N is the number of pulses in the time step of 7', and % is the issuing rate r. Use 2 = Vipreshoiqa Which is:

Vr —W

r=a— —///—///
T‘/threshold

Therefore, when the simulation time step 7" is infinite:
r=a(a>0)

Similarly, for the higher layers of the neural network, literature’ further explains that the inter-layer firing rate satisfies:

Vi

T'l _ erl,1 + bl o
T‘/threshold

For details, please refer to’. The methods in ann2snn also mainly come from” .

Conversion and simulation

Specifically, there are two main steps for converting feedforward ANN to SNN: model parsing and model simulation.

model parsing

Model parsing mainly solves two problems:

1. Researchers propose Batch Normalization for fast training and convergence. Batch normalization aims to normalize
the output of ANN to O mean, which is contrary to the characteristics of SNN. Therefore, the parameters of BN

need to be absorbed into the previous parameter layer (Linear, Conv2d)

! 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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2. According to the conversion theory, the input and output of each layer of ANN need to be limited to the range of

[0,1], which requires scaling of the parameters (model normalization)
@ Absorbing BatchNorm parameters

Assume that the parameters of BatchNorm are ~ (BatchNorm.weight), [ (BatchNorm.bias),
usigma‘(BatchNorm.running_std, square root of running var).For specific parameter definitions, see torch.
nn.batchnorm. Parameter modules (such as Linear) have parameters W and b. Absorbing BatchNorm parameters is
transfering the parameters of BatchNorm to W and b of the parameter module through calculation, , so that the output
of the data in new module is the same as when there is BatchNorm. In this regard, the new model’ s W and b formulas

are expressed as:

w

Q2

b=2(b—p)+5
o
4 Model normalization
For a parameter module, assuming that the input tensor and output tensor are obtained, the maximum value of the input
tensor is Ay¢, and the maximum value of the output tensor is A Then, the normalized weight W is:

. A
W= W % 2Pre
D)

The normalized bias b is:
b=0b/\

Although the output distribution of each layer of ANN obeys a certain distribution, there are often large outliers in the
data, which will reduce the overall neuron firing rate. To solve this problem, robust normalization adjusts the scaling
factor from the maximum value of the tensor to the p-percentile of the tensor. The recommended percentile value in the

literature is 99.9

So far, the operations we have done on neural networks are completely equivalent. The performance of the current model

should be the same as the original model.

Model simulation

Before simulation, we need to change the ReLLU activation function in the original model into an IF neuron. For the
average pooling in ANN, we need to transform it into spatial subsampling. Because IF neuron can be equivalent to ReLU
activation function. Adding IF neurons after spatial downsampling has little effect on the results. There is currently no
ideal solution for maximum pooling in ANN. The best solution at present is to control the spike channel’ with a gated
function based on the momentum accumulation spike. This is also the default method in ann2snn. There are also literatures

proposing to use spatial subsampling to replace Maxpool2d.

In simulation, according to the conversion theory, SNN needs to input a constant analog input. Using a Poisson encoder
will bring about a decrease in accuracy. Both Poisson coding and constant input have been implemented, and one can

perform different experiments if interested.
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Optional configuration

In view of the various optional configurations in the conversion, the Config class implemented in ann2snn.utils
is used to load the default configuration and save the configuration. By loading the default configuration in Config and

modifying it, one can set the parameters required when running.

Below are the introductions of the configuration corresponding to different parameters, the feasible input range, and why

this configuration is needed.
(1) conf[ ‘parser’ ][ ‘robust_norm’ ]
Available value: bool
Note: when True, use robust normalization
(2) conf[ ‘simulation’ ][ ‘reset_to_zero’ ]
Auvailable value: None, floating point

Note: When floating point, voltage of neurons that just fired spikes will be set to :math:V_{ reset }; when None, voltage
of neurons that just fired spikes will subtract :math:V_{threshold}. For model that need normalization, setting to

None is default, which has theoretical guaratee.
(3) conf[ ‘simulation’ ][ ‘encoder’ ][ ‘possion’ ]

Available value: bool

Note: When True, use Possion encoder; otherwise, use constant input over T steps.
(4) conf[ ‘simulation’ ][ ‘avg_pool’ ][ ‘has_neuron’ ]

Available value: bool

Note: When True, avgpool2d is converted to spatial subsampling with a layer of IF neurons; otherwise, it is only con-

verted to spatial subsampling.
(5) conf[ ‘simulation’ ][ ‘max_pool’ ][ ‘if_spatial_avg’ ]
Available value: bool

Note: When True,maxpool2d is converted to avgpool2d. As referred in many literatures, this method will cause accuracy

degrading.
(6) conf[ ‘simulation’ ][ ‘max_pool’ ][ ‘if_wta’ ]
Available value: bool

Note: When True, maxpool2d in SNN is identical with maxpool2d in ANN. Using maxpool2d in ANN means that

when a spike is available in the Receptive Field, output a spike.
(7) conf[ ‘simulation’ ][ ‘max_pool’ ][ ‘momentum’ ]

Auvailable value: None, floating point [0,1]
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Note: By default, maxpool2d layer is converted into a gated function controled channel based on momentum cumulative

spikes. When set to None, the spike is accumulated directly. If set to floating point in the range of [0, 1], spike momentum

is accumulated.

The default configuration is:

default_config =
{

'simulation':

{

'reset_to_zero': False,

'encoder':
{
'possion': False
by

'avg_pool':

{
'has_neuron': True
by

'max_pool':
{
'if_spatial_avg': False,
'if wta': False,
'momentum': None
}

i

'parser':
{
'robust_norm': True

}

MNIST classification

Now, use ann2snn to build a simple convolutional network to classify the MNIST dataset.

First define our network structure:

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(),

(Rt
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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.RelLU ()

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

return x

Note: In the defined network, the order of module definition must be consistent with the forward order, otherwise it will
affect the automatic analysis of the network.It is best to use nn . Sequence ( - ) to completely define the network. After
each Conv2d and Linear layer, a ReLU layer must be placed, which can be separated by a BatchNorm layer. No ReLU is
added after the pooling layer. If you encounter a situation where you need to expand the tensor, define a nn.Flatten

module in the network. In the forward function, you need to use the defined Flatten instead of the view function.

Define our hyperparameters:

device = input ("B ANZBATH RS, Flir “cpu” & “cuda:0” \n input device, e.g., "cpu" or
—"cuda:0": ")
dataset_dir = input ("B AFHF MNIST HEBEWMLE, #lie “./” \n input root directory for.
—saving MNIST dataset, e.g., "./": ")
batch_size = int (input ('#t A\ batch_size, ffl# “64” \n input batch_size, e.g., "64": "))
learning_rate = float (input ("I A¥ 3 X, #li “le-3” \n input learning rate, e.g., "le-3
=" "))
T = int (input ("W A ERK, #l4r “100” \n input simulating steps, e.g., "100": '))
train_epoch = int (input (" AINSERH, RGN EE KK, #li “10” \n input training epochs,
—~ e.g., "10": "))
model_name = input ("BAEA L F, Fl4r “mnist” \n input model name, for log_dir generating.

—~, e.9., "mnist": ")

The program searches for the trained model archive (a file with the same name as model_name) according to the specified

folder, and all subsequent temporary files will be stored in that folder.
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Load the default conversion configuration and save

config = utils.Config.default_config
print ('ann2snn config:\n\t', config)

utils.Config.store_config(os.path.join(log_dir, 'default_config.json'),confiqg)

Initialize data loader, network, optimizer, loss function

# Initialize the network

ann = ANN () .to (device)

# Define loss function

loss_function = nn.CrossEntropyLoss ()
# Use Adam optimizer

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

Train ANN and test it regularly. You can also use the pre-written training program in utils during training.

for epoch in range (train_epoch) :
# Train the network using a pre-prepared code in ''utils''
utils.train_ann (net=ann,
device=device,
data_loader=train_data_loader,
optimizer=optimizer,
loss_function=loss_function,
epoch=epoch
)
# Validate the network using a pre-prepared code in ''utils''
acc = utils.val_ann (net=ann,
device=device,
data_loader=test_data_loader,
epoch=epoch
)
if best_acc <= acc:

utils.save_model (ann, log_dir, model_name+'.pkl")

The complete code is located in ann2snn.examples.if_cnn_mnist.py, in the code we also use Tensorboard

to save training logs. You can run it directly on the Python command line:

>>> import spikingjelly.clock_driven.ann2snn.examples.if cnn_mnist as if_cnn_mnist
>>> if_ cnn_mnist.main ()

WMNEATHRA, Fln “cpu” K “cuda:0”

input device, e.g., "cpu" or "cuda:0": cuda:15
WMANRF MNIST HERWME, flam “./”
input root directory for saving MNIST dataset, e.g., "./": ./mnist

M\ batch_size, ffl4n “64”
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input batch_size, e.g., "64": 128
BMAZIE, g “1e-3"

input learning rate, e.g., "le-3": le-3
WA ERK, fli “100”

input simulating steps, e.g., "100": 100
WA GRE, B AEHkE, flw “10”
input training epochs, e.g., "10": 10
WMANEA LT, ATHHAEREEXH, flir “onist”

input model name, for log_dir generating , e.g., "mnist"

If the input of the main function is not a folder with valid files, an automatic log.

—~file folder is automatically generated.

Terminal outputs root directory for saving logs, e.g., "./": ./log-mnist1596804385.
—476601

Epoch 0 [1/937] ANN Training Loss:2.252 Accuracy:0.078
Epoch 0 [101/937] ANN Training Loss:1.424 Accuracy:0.669
Epoch 0 [201/937] ANN Training Loss:1.117 Accuracy:0.773
Epoch 0 [301/937] ANN Training Loss:0.953 Accuracy:0.795
Epoch 0 [401/937] ANN Training Loss:0.865 Accuracy:0.788
Epoch 0 [501/937] ANN Training Loss:0.807 Accuracy:0.792
Epoch 0 [601/937] ANN Training Loss:0.764 Accuracy:0.795
Epoch 0 [701/937] ANN Training Loss:0.726 Accuracy:0.834
Epoch 0 [801/937] ANN Training Loss:0.681 Accuracy:0.880
Epoch 0 [901/937] ANN Training Loss:0.641 Accuracy:0.888

Epoch 0 [100/100] ANN Validating Loss:0.328 Accuracy:0.881
Save model to: ./log-mnist1596804385.476601\mnist.pkl

Epoch 9 [901/937] ANN Training Loss:0.036 Accuracy:0.990
Epoch 9 [100/100] ANN Validating Loss:0.042 Accuracy:0.988
Save model to: ./log-mnist1596804957.0179427\mnist.pkl

In the example, this model is trained for 10 epochs. The changes in the accuracy of the test set during training are as

follows:
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In the end, the accuracy on test dataset is 98.8%.

Take a part of the data from the training set and use it for the normalization step of the model. Here we take 1/500 of the
training data, which is 100 pictures. But it should be noted that the range of the data tensor taken from the dataset is [0,
255], and it needs to be divided by 255 to become a floating point tensor in the range of [0.0, 1.0] to match the feasible

range of firing rate.

norm_set_len = int (train_data_dataset.data.shape[0] / 500)
print ('Using pictures as norm set'%(norm_set_len))
norm_set = train_data_dataset.data[:norm_set_len, :, :].float() / 255
norm_tensor = torch.FloatTensor (norm_set) .view(-1,1,28,28)

Call the standard conversion function standard_conversion implemented in ann2snn.utils to realize ANN

conversion and SNN simulation.

utils.standard_conversion (model_name=model_name,
norm_data=norm_tensor,
test_data_loader=test_data_loader,
device=device,

T=T,

(FTgkEh)
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(22 30
log_dir=log_dir,
config=config
)
In the process, the normalized model structure is output:
ModelParser (
(network) : Sequential (
(0): Conv2d (1, 32, kernel_size=(3, 3), stride=(1, 1))
(1) : ReLU()
(2) : AvgPool2d(kernel_size=2, stride=2, padding=0)
(3) Conv2d (32, 32, kernel_size=(3, 3), stride=(1, 1))
(4): ReLU()
(5) : AvgPool2d(kernel_size=2, stride=2, padding=0)
(6) Conv2d (32, 32, kernel_size=(3, 3), stride=(1, 1))
(7): ReLU()
(8) : AvgPool2d(kernel_size=2, stride=2, padding=0)
(9): Flatten()
(10) : Linear (in_features=32, out_features=10, bias=True)
(11) : ReLU()
)
)
At the same time, one can also observe the structure of SNN:
SNN (
(network) : Sequential (
(0): Conv2d (1, 32, kernel_size=(3, 3), stride=(1, 1))
(1) : IFNode (
v_threshold=1.0, v_reset=None
(surrogate_function): Sigmoid()
)
(2) : AvgPool2d(kernel_size=2, stride=2, padding=0)
(3) : IFNode (
v_threshold=1.0, v_reset=None
(surrogate_function): Sigmoid()
)
(4) : Conv2d(32, 32, kernel_size=(3, 3), stride=(1, 1))
(5) : IFNode (
v_threshold=1.0, v_reset=None
(surrogate_function): Sigmoid()
)
(6) : AvgPool2d(kernel_size=2, stride=2, padding=0)
(7): IFNode (
(QiviE3)
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v_threshold=1.0, v_reset=None
(surrogate_function): Sigmoid()
)
(8): Conv2d (32, 32, kernel_size=(3, 3), stride=(1, 1))
(9) : IFNode (
v_threshold=1.0, v_reset=None
(surrogate_function): Sigmoid()
)
(10) : AvgPool2d(kernel_size=2, stride=2, padding=0)
(11) : IFNode (
v_threshold=1.0, v_reset=None
(surrogate_function): Sigmoid()
)
(12): Flatten()
(13): Linear (in_features=32, out_features=10, bias=True)
(14) : IFNode (
v_threshold=1.0, v_reset=None

(surrogate_function): Sigmoid()

It can be seen that the activation of ReL.U in the ANN model is replaced by the IFNode of SNN. Each layer of AvgPool2d
is followed by a layer of IFNode.

Due to the long time of model simulation, the current accuracy and simulation progress are continuously output:

[SNN Simulating... 1.00%] Acc:0.990
[SNN Simulating... 2.00%] Acc:0.990
[SNN Simulating... 3.00%] Acc:0.990
[SNN Simulating... 4.00%] Acc:0.988
[SNN Simulating... 5.00%] Acc:0.990
[SNN Simulating... 95.00%] Acc:0.986
[SNN Simulating... 96.00%] Acc:0.986
[SNN Simulating... 97.00%] Acc:0.986
[SNN Simulating... 98.00%] Acc:0.986
[SNN Simulating... 99.00%] Acc:0.987
SNN Simulating Accuracy:0.987
Summary: ANN Accuracy:98.7900% SNN Accuracy:98.6500% [Decreased 0.1400%]

Through the final output, we can know that the accuracy of ANN’ s MNIST classification is 98.79%. The accuracy of

the converted SNN is 98.65%. The conversion resulted in a 0.14% performance degradation.
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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
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 NonSpikingLIF 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):

(Rt
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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()
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
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# 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 == O:

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)
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)
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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',6 total_

—reward, i_episode)

break

if i_episode % TARGET_UPDATE ==

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(1l)[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)

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

(Rt
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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_DOQN_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:

7.1. Installation 191



spikingjelly, %% alpha

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):

(Rt
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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

(T IUakss)
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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

7.1. Installation 197



https://github.com/fangwei123456/spikingjelly/blob/master/spikingjelly/clock_driven/examples/Spiking_A2C.py

spikingjelly, %% alpha

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

(Rt
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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:

(Rt
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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 ()
Qi)
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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 = {}

(FIgkss)
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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

Qi3]
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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 = []

(Rt
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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

(Rt
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epoch, epoch / TRAIN_EPISODES * 100,

«» 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))

timeSince (start), avg_losses[-1],

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)

# xdict = x.item()

plt.figure ()

plt.subplot (311)

plt.plot (avg_losses)
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 ()

# 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 O
Epoch 2000 0
Epoch 3000 0O
Epoch 4000 O

o\

(Om 18s); Avg_loss

oe

(Om 37s); Avg_loss

o

o\

(Im 14s); Avg_loss

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

—5036

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

—5004

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

—0.5118

0.0525; Train accuracy 0.0830; Test accuracy
0.0514; Train accuracy 0.1470; Test accuracy
(Om 55s); Avg_loss 0.0503; Train accuracy 0.1650; Test accuracy
0

.0494; Train accuracy 0.1920; Test accuracy

.0806

.1930

.0537

.0938

Test accuracy 0.

Test accuracy O.

Test accuracy.
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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.

Average loss
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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...")

(Rt
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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)
(QiviE3)
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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.Module) :

def _ init_ (self, module: nn.Module) :
super () .__init__ ()
self.module = module

def forward(self, x_seq: torch.Tensor):
y_seq = []
for t in range (x_seq.shape[0]) :
y_seqg.append(self.module (x_seqlt]))
y_seq[-1] .unsqueeze_(0)

return torch.cat (y_seq, 0)

def reset (self):
if hasattr(self.module, 'reset'):

self.module.reset ()

Let us use spikingjelly.clock_driven.layer.MultiStepContainer to implement a multi-step IF

neuron:

from spikingjelly.clock_driven import neuron, layer

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]))

if_node.reset ()

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

ms_if node.reset ()

The outputs are:

if_node output spikes at t=0 tensor([1., 1., 1., 0.])
if_node output spikes at t=1 tensor([0., 0., 0., 1.1)
if_node output spikes at t=2 tensor([1., 1., 1., 1.])
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if_node output spikes at t=3 tensor ([0.,

if_node output spikes at t=4 tensor([1.,

if_node output spikes at t=6 tensor([1.,

, O o o
~
PO
N
o r O » O

3
4
if_node output spikes at t=5 tensor([1.,
6
9

if_node output spikes at t=7 tensor([1.,

multi step if_node output spikes

tensor([[1., 1., 1., 0.],
(0., 0., 0., 1.1,
(1., 1., 1., 1.1,
(0., 0., 1., 0.1,
(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 (f'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 ¢ = 0, then we
calculate the SNN’ s outputs Y; at ¢ = 1,---, and we can get the outputs at all time-steps Y;,¢ = 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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Moo
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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:

¥
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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.

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

(Rt
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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):

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_1lif.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_1if, x, repeat_times), end=', ")

ms_lif.backend = 'cupy'

print (cal_forward_backward_t (ms_lif, 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:
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forward

8 1.9180845527841939,
16 3.8143536958727964, 1.6002442711169351
32 7.6071328955436, 3.2570467449772877

64 15.181676714490777, 6.82808195671214
128 30.344632044631226, 14.053565065751172

0.8166529733273364

forward and backward
8 8.13179220028814¢,

16 21.89934094545265,
32 66.34630815216269,
64 226.20835550819152,
128 827.6064751953811,

1.6501817200662572

3.210343387223702

6.41730432241161
13.073845567419085
26.71502177403795

We plot the results in a bar chart:

Execution time of Running Forward with 22° Neurons

30 I backend=’torch’
B backend='cupy’
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Execution time of Running Forward and Backward with 22° LIF Neurons
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BN backend='cupy’
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It can be found that cupy backend is much faster than naive pytorch backend.

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),

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

layer.SegToANNContainer (
nn.MaxPool2d (2, 2), # 7 * 7
nn.Flatten(),
)y
)
self.fc = nn.Sequential (
layer.SegToANNContainer (nn.Linear (128 * 7 * 7, 128 * 4 * 4, bias=False)),
neuron.MultiStepIFNode (surrogate_function=surrogate.ATan (), backend='cupy
-1,
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/ ¢, H, W] -> [1/ N, C, H, W] -> [T/ N, C, H, W]

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@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=1e-05, momentum=0.1, affine=True, track_running_
—stats=True)
)
(conv) : Sequential (

(0) : MultiStepIFNode (

(N IUakRED)
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[CAWY)
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)
)
)
)
(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.
[ 23]
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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=0, train_loss=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, 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=62, train 1loss=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, 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=63, train_ 1loss=0.0010632637413514631, train_acc=0.9980134882478633, test_ loss=0.
—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 ¥4 3% 4471 42 70 55 1% 2 A% 3% 17 ik . Here are

training logs:
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Accuracy on train set
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—— CUDA Multi-Step with layer-by-layer
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Accuracy on test set

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

0.93 -

0.92

091

0.90

accuracy

0.86 £ . . . . . . .
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epoch

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-
DVSZ, DVS128 Gesture®, N-Caltech101?, ASLDVS?, etc. All datasets are processed by SpikingJelly 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 SpikinglJelly to process neuromorphic datasets.

! Orchard, Garrick, et al. “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/
3hig58wwlpbbjrinh367ykfdf60xsfm8/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 MDS 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"', "4', '5', tgr, 7t '8', '9'] in [D:/datasets/
—DVS128Gesture/events_np/train] and [('O', '1', '10', '2', '3°"', "4', '5', T'g', v7', '8

T

—7, "97] 1in [D:/datasets/DV5S1Z8Gesture/events_np/test]. CF W 4k%E)
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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 events_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 0O

where event is a dictionary with keys ['t"', 'x', 'v', '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, ¥s)-

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].

(Fogkss)

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

Evolutionary Computing, 2020.
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SNN.

The paper’ uses 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’ use 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)

(Rt
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(£ 50

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) :

(Rt
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(22 30
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:
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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))

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:
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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 classify_dvsg.py.

‘We train the net in a linux server with Intel(R) Xeon(R) Gold 6148 CPU @ 2.40GHz CPU and GeForce RTX 2080 Ti GPU.
We use almost the same hyper-parameters with those in the paper’ with little difference, which is we use 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 1024

Namespace (T=16, T_max=64, amp=True, b=16, cupy=False, channels=128, data_dir='/
—userhome/datasets/DVS128Gesture', device='cuda:0', epochs=1024, gamma=0.1, j=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),-
—~bilas=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)

(Fotgkss)
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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].

—already exists.

CFoiaks:)
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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=1024, gamma=0.1, j=4,.
—1r=0.001, lr_scheduler='CosALR', momentum=0.9, opt='Adam', out_dir='./logs',.
—resume=None, step_size=32)

epoch=0, train 1oss=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-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 —-cupy -—-epochs 1024
Namespace (T=16, T_max=64, amp=True, b=16, cupy=True, channels=128, data dir="/
—userhome/datasets/DVS128Gesture', device='cuda:0', epochs=1024, gamma=0.1, j=4,.
—1r=0.001, lr_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): SeqgToANNContainer (
(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),
—bilas=False)
(1) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True, track_ running
—stats=True)
)
)
(4) : MultiStepLIFNode (v_threshold=1.0, v_reset=0.0, detach_reset=True, surrogate_

—function=ATan, alpha=2.0 tau=2.0) (FIakED)
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(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) : SegToANNContainer (
(module) : MaxPool2d(kernel_ size=2, stride=2, padding=0, dilation=1, ceil__
—mode=False)
)
(12) : 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)
)
)
(13): MultiStepLIFNode (v_threshold=1.0, v_reset=0.0, detach reset=True, surrogate_
—function=ATan, alpha=2.0 tau=2.0)
(14) : SeqgToANNContainer (

CFoiaks:)
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(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_b_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=1024, gamma=0.1, j=4,.
—1r=0.001, lr_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=1024, gamma=0.1, j=4,.
—1r=0.001, lr_scheduler='CosALR', momentum=0.9, opt='Adam', out_dir='./logs',.
—resume=None, step_size=32)

epoch=255, train_ 1loss=0.000212281955773102445, train_acc=1.0, test_loss=0.

—008522209396485576, test acc=0.9375, max test acc=0.9618055555555556, total time=17.
Tk SE
—49005389213562 [Q23)
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(£ 50

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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* APIs

7.3 Indices and tables
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¢ Module Index

¢ Search Page
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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, .
—~Zhaofei and Zhou, Huihui and Tian, Yonghong and other contributors},

year = {2020},

publisher = {GitHub},

journal = {GitHub repository},

howpublished = {\url{https://github.com/fangweil23456/spikingjelly}},

7.5 About

Multimedia Learning Group, Institute of Digital Media (NELVT), Peking University and Peng Cheng Laboratory are the
main developers of SpikingJelly.

The list of developers can be found at contributors.
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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.

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
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close ()

Clean up the environments’ resources.
step (actions)

class spikingjelly.clock_driven.examples.common.multiprocessing_env.CloudpickleWrapper (x)
HZ: object

Uses cloudpickle to serialize contents (otherwise multiprocessing tries to use pickle)

class spikingjelly.clock_driven.examples.common.multiprocessing_env.SubprocVecEnv (env_funs,
spaces=None

H2: spikingjelly.clock _driven.examples.common.multiprocessing env.VecEnv
envs: list of gym environments to run in subprocesses

step_async (actions)

step_wait ()

reset ()

reset_task ()

close ()

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)

2 torch.nn.modules.module.Module
forward (x)

training: bool
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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)
HZ: torch.nn.modules.module.Module

forward (x)

training: bool

spikingjelly.clock_driven.examples.Spiking_A2C module

class spikingjelly.clock_driven.examples.Spiking_A2C.NonSpikingLIFNode (*args,
*rkwargs)

K spikingjelly.clock_driven.neuron.LIFNode
forward (dv: torch. Tensor)
training: bool

class spikingjelly.clock_driven.examples.Spiking A2C.ActorCritic (num_inputs,
num_outputs,
hidden_size, T=16)

HZ: torch.nn.modules.module.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)

K2 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
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property state
Alias for field number 0

class spikingjelly.clock_driven.examples.Spiking_DQN_state.ReplayMemory (capacity)
HK: object
push ( *args)
sample (batch_size)

class NonSpikingLIFNode (*args, **kwargs)
H2H: spikingjelly.clock_driven.neuron.LIFNode

forward (dv: torch. Tensor)
training: bool

class spikingjelly.clock_driven.examples.Spiking_ DQN_state.DQSN (input_size,
hidden_size,
output_size, T=16)

HZ: torch.nn.modules.module.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

RAGVEE© 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.
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Assuming you have at least 1 Nvidia GPU.

class spikingjelly.clock_driven.examples.

cifarl0_rl1l_enabling_spikebased_backpropagation.relu
HZ: torch.autograd.function.Function

static forward (ctx, x)

static backward (ctx, grad_output)

class spikingjelly.clock_driven.examples.cifarl0_rll_enabling spikebased_backpropagation.B:

HZ: torch.nn.modules.module.Module
spiking ()

forward (dv: torch. Tensor)

reset ()

training: bool
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class spikingjelly.clock_driven.examples.cifarl0_rl1l_enabling_spikebased_backpropagation.L:

HH:spikingjelly.clock_driven.examples.cifarl0_rll_enabling_spikebased_backpropagation
BaseNode

forward (dv: torch. Tensor)
training: bool

class spikingjelly.clock_driven.examples.cifarl0_rll_enabling_ spikebased_backpropagation. Il

HH:spikingjelly.clock_driven.examples.cifarl0_rll_enabling_spikebased_backpropagation
BaseNode

forward (dv: torch. Tensor)

training: bool
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class spikingjelly.clock_driven.examples.

cifarl10_rl1l_enabling_spikebased_backpropagation.ResNetll
HZ: torch.nn.modules.module.Module

forward (x)
reset_ ()
training: bool

spikingjelly.clock_driven.examples.cifarl0_rl1l_enabling_spikebased_backpropagation.main ()

spikingjelly.clock_driven.examples.classify_dvsg module

class spikingjelly.clock_driven.examples.classify_dvsg.VotingLayer (voter_num: int)

HZ: torch.nn.modules.module.Module
forward (x: rorch. Tensor)
training: bool

class spikingjelly.clock_driven.examples.classify_dvsg.PythonNet (channels: int)

HIJ5: torch.nn.modules.module.Module
forward (x: torch. Tensor)

static conv3x3 (in_channels: int, out_channels)
training: bool

spikingjelly.clock_driven.examples.classify_dvsg.main()

e API in English

JHTF4325 DVS128 Gesture (LA FER] . M Z&254 % B 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
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—epochs N

- N

—channels CHANNELS
—-data_dir DATA_DIR
—out_dir OUT_DIR
—resume RESUME
—amp

—cupy

—-opt OPT

-1lr LR

—momentum MOMENTUM

number of total epochs to run
number of data loading workers (default: 4)
channels of Conv2d in SNN

root dir of DVS128 Gesture dataset

root dir for saving logs and checkpoint
resume from the checkpoint path

automatic mixed precision training

use CUDA neuron and multi-step forward mode
use which optimizer. SDG or Adam
learning rate

momentum for SGD

—1lr_scheduler LR_SCHEDULER

—-step_size STEP_SIZE
—gamma GAMMA
-T_max T_MAX

use which schedule. StepLR or CosALR

step_size for StepLR
gamma for StepLR

T_max for CosineAnnealingLR

BTl

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

WAL % DVSI28 Gesture DAIKISH 25 4.,

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.

[-h] [-T T]
[-data_dir DATA_DIR]
[-1r LR]

[-device DEVICE] [-b B]

[-out_dir OUT_DIR]

usage: classify_dvsg.py [-epochs N] [-j N] [-

—channels CHANNELS] [-resume RESUME] [-

—amp] [-cupy] [-opt OPT] [-momentum MOMENTUM] [-lr_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

—device DEVICE

-b B

—epochs N

_jN

—channels CHANNELS

simulating time-steps

device

batch size

number of total epochs to run
number of data loading workers (default: 4)

channels of Conv2d in SNN

(Rt
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(22 30
—-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

—-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

Running Example:

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

See the tutorial Classify DVS128 Gesture for more details.

spikingjelly.clock_driven.examples.conv_fashion_mnist module

class spikingjelly.clock_driven.examples.conv_fashion_mnist.PythonNet (7)

HZ: torch.nn.modules.module.Module
forward (x)
training: bool

class spikingjelly.clock_driven.examples.conv_fashion_mnist.CupyNet (7)

HZ: torch.nn.modules.module.Module
forward (x)
training: bool

spikingjelly.clock_driven.examples.conv_fashion_mnist.main ()

o API in English
Classify Fashion-MNIST
optional arguments:

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

use which schedule. StepL.R or CosALR

-step_size STEP_SIZE step_size for StepLR -gamma GAMMA gamma for StepLR -T_max T_MAX T_max
for CosineAnnealingl.R
BB IEE A W 454549, 4T Fashion MNIST U], XA eRESAIIRALIM ZE BEAT IS, I 2ol
e R AENNAR R IE A A R Sad A o AR I R A o Y P 44 PR A7 AE tensorboard HREC
FRRIZERET . INEFROME, 5T main () BEEUN 5L
WlIZ% 100 4~ epoch, Ik batch R 4L FAYIERGF AT -
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Accuracy on test set
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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:

7.5. About 257



spikingjelly, %% alpha

1.000

0.975

0.925

0.900

accuracy

0.875

0.850

0.825

Accuracy on train set

ok

30 40 50 60
iteration

0.93

0.92 1

091

accuracy

0.89 1

0.88

0.87

0.86 =

<

o

S
T

Accuracy on test set
42, 0.933)

ol

258

Chapter 7. Welcome to SpikingJdelly’ s documentation



spikingjelly, %% alpha

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)

H: 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.dgn_cart_pole.ReplayMemory (capacity)
HZ: object
push ( *args)
sample (batch_size)

class spikingjelly.clock_driven.examples.dgn_cart_pole.NonSpikingLIFNode (*args,
**kwargs)

HIs: spikingjelly.clock _driven.neuron.LIFNode
forward (dv: torch. Tensor)
training: bool

class spikingjelly.clock_driven.examples.dgn_cart_pole.DQSN (hidden_num)
HIJS: torch.nn.modules.module.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 ()

* APl in English
&8l None

{8 ] 22 7 4-LIF- 2 1% 4% -LIF [ W 254548, 9547 MNIST 1 5], XA RS IR N 25 3E T4k, I B8R
YNGR fE AR ) IEAf %
o S API

The network with FC-LIF-FC-LIF structure for classifying MNIST. This function initials the network, starts train-

ing and shows accuracy on test dataset.

spikingjelly.clock_driven.examples.spiking_Istm_sequential_mnist module

class spikingjelly.clock_driven.examples.spiking_lstm_sequential_mnist.Net

HZ: torch.nn.modules.module.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 torch.nn.modules.module.Module
e APl in English

TRS LA L, TIRES B ET encoder = StatelessEncoder (), HIZE encoder (x)
RIAFF x 4afih spike.

o ¥ API

The base class of stateless encoder. The stateless encoder encoder = StatelessEncoder () can encode

x to spike by encoder (x).

abstract forward (x: rorch.Tensor)

* API in English

¥ x (torch. Tensor) - NS
R’ spike, shape 5 x.shape F{[F]

BEIZRAY torch. Tensor

o P API

%% x (torch. Tensor) —input data
’H] spike, whose shape is same with x . shape

R torch. Tensor

training: bool

class spikingjelly.clock_driven.encoding.StatefulEncoder (T:int)

H2: spikingjelly.clock_driven.base.MemoryModule

e APl in English
SH T (int) - HmA Y. EERT, 5 SNN TR (S K—20)

FAIREmILIA RS, AREHILLF encoder = StatefulEncoder (T), Zmhdas&oE 1 RIFH
encoder (x) WX x° #HATHE. % ° t K encoder (x) Bt&#iH spike[t & T]

encoder = StatefulEncoder (T)
s_list = []

for t in range(T):

s_list.append(encoder (x)) # s_list[t] == spike[t]
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o P API

2% 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[torch. Tensor] = None)

* API in English

B8 x (torch. Tensor) %y ABHE
B spike, shape 5 x.shape [

BRI torch. Tensor
o ¥ API
¥ x (torch. Tensor) —input data

BRH] spike, whose shape is same with x . shape

BRI torch. Tensor

abstract encode (x: torch. Tensor)

* APl in English

¥ x (torch. Tensor) i ABIE
R’ spike, shape 5 x.shape [

B [EIZRAY torch. Tensor
o VAPl
%% x (torch. Tensor) —input data

J&IA| spike, whose shape is same with x . shape

WR[AIZEHA torch. Tensor
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extra_repr () — str
training: bool

class spikingjelly.clock_driven.encoding.PeriodicEncoder (spike: torch. Tensor)

HZ: spikingjelly.clock_driven.encoding.StatefulEncoder

e API in English
%%, spike (torch. Tensor) —#y Ak

JFIAYEGRSAS, FE55 ¢ IR A spiket % T], HH T = spike.shape[0]

o P API
%%, spike (torch. Tensor) —the input spike

The periodic encoder that outputs spike [t % T] att -th calling, where T = spike.shape[0]
encode (spike: torch. Tensor)
training: bool

class spikingjelly.clock_driven.encoding.LatencyEncoder (T:int, enc_function=linear’)

HH: spikingjelly.clock_driven.encoding.StatefulEncoder

e APl in English

ZH
o« T (int)—fRK () Bk AT %)

* enc_function (st r) & U MRS pRECR 4 A SR EE R AL R ik A RS 0, wTRAK
linear 5%, log

MERZRSEE, ¥ 0 <= x <= LIMARIIHNIE 0 <= t_£f <= T-1 WZIEA k. AR50 B
K, B E, 24 enc_function == 'linear’

tr(e) = (T -1 —x)

M enc_function == 'log'

ti(z) =T —-1)—in(axz+1)

L lpha Wi t,(1) =T -1
SRS -

M

i
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X = torch.rand(size=[8, 21])
print ('x', x)

T = 20

encoder = LatencyEncoder (T)
for t range(T):

print (encoder (x))

wes DMNHHR 0 <= x <= 1,

o P AP

S8
e 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. Alarger x

will cause a earlier firing time.

If enc_function == 'linear'
tr(z) = (T'=1)(1—=z)
If enc_function == 'log'
tr(x) = (T —1)—In(axz+1)
where Ipha satisfies t (1) =7 — 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: torch. Tensor)
training: bool

class spikingjelly.clock_driven.encoding.PoissonEncoder

H: spikingjelly.clock_driven.encoding.StatelessEncoder

264 Chapter 7. Welcome to SpikingJdelly’ s documentation


https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/stdtypes.html#str
https://pytorch.org/docs/stable/tensors.html#torch.Tensor
https://docs.python.org/3/library/functions.html#bool

spikingjelly, %% alpha

e APl in English

TR BRI e o it ki i S B S A < AR

el HRR O <= x <= 1.

o APl

The poisson encoder will output spike whose firing probability is x,

Warning

The user must assert 0 <= x <= 1.

forward (x: rorch. Tensor)
training: bool

class spikingjelly.clock_driven.encoding.WeightedPhaseEncoder (7:int)

H2: spikingjelly.clock_driven.encoding.StatefulEncoder

* APl in English

SR T (int) Gk EH. BERELT, 5 SNN B (B2 K—20)

Kim J, Kim H, Huh S, et al. Deep neural networks with weighted spikes[J]. Neurocomputing, 2018, 311: 373-386.
AR iy, —RhEET R R ik

R AL IR A CLRIT AR B B i AEA T Bkoh i . A TR A, 5 — R i
FREZ . SR AHAECH K i, PTRAXE AR TR (0,1 — 275 i B 4G . AR R AR TS SCH Y
ZNGIE

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

1/256

128/256

255/256

—| ===
— || |= NN
—lo|lo|lolNn|w
==l e R i R A
—lo|lo|lon|om
—lolo|lolvw|o
—lo|lo|loN|N
— || = |||

o P API

%L T (int) —the encoding period. It is usually same with the total simulation time-steps of SNN
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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|w|om
olo|lo|v|N

—lo|lo|~|N|N
==l el e e A
—|lolo|lolvw|o
— | o= |||

—
—
—_

encode (x: torch. Tensor)

training: bool

spikingjelly.clock_driven.functional package

Module contents

spikingjelly.clock_driven.functional.reset_net (net: torch.nn.modules.module.Module)

* APl in English

Z% net ALf[JET nn.Module FHIJM %
%Al None

FRGPRAST R . ORI T R4 P HOBTAT Module, A7 reset () BOEC, WA,
o P API
%%L net —Any network inherits from nn.Module

#&[n] None

Reset the whole network. Walk through every Module and call their reset () function if exists.

spikingjelly.clock_driven.functional.spike_cluster (v: torch. Tensor, v_threshold, T in: int)

e APl in English

BH
* v —shape=[T, N], NHIZICTE =(0, 1, -, T-11 W20 B A

e v_threshold(flioat or tensor)—{fZJCHYBMEHE, float B & shape=[N] {]

tensor
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o T_in ki SRERAYBERHI(E. — ke RIS, WM 2 AR ke B B R
KT T_in, WHATE— el SN K E KT T_in.

B
—/NITd, wE
* N_o —shape=[N], N M2 T0H % Bk i) ki 28 0 £k

 k_positive —shape=[N], bool 25#I[] tensor, &5|., FEEE Y2, k_positive 1] fE2—
A~4= False [1] tensor

» k_negative —shape=[N], bool Z8#I[] tensor, K|, FETE M2, k_negative A fE2
—/~4 False [1 tensor

JRE|2RHEI (Tensor, Tensor, Tensor)

STCA: Spatio-Temporal Credit Assignment with Delayed Feedback in Deep Spiking Neural Networks— 3C$2 H
ik R ITTR . AARARGE % Sc e R, ATASE AN 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 = loss0O + lossl

o APl
SH
* 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.
R
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
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WRIARIY (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)
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 = loss0O + lossl

spikingjelly.clock_driven.functional.spike_similar_1loss (spikes: torch.Tensor, labels:
torch. Tensor, kernel_type=linear’,

loss_type="mse’, *args)

e APl in English

ZH
» spikes —shape=[N, M, T], N MEdfA: il ko

e labels -shape=[N, C], N MIEMIFEE:, labels[i] [k] == 1 TG iIETS
k2, RZIMK, RFEi%g

* kernel_type (str) ] WBURAT RS Tkvh Z B A HI B, kernel_type 2
THREARRY i 1 4% e R 26

* loss_type (str) REHEFIHIZE, FTPAH mse” , ‘117, ‘bee’
« args - TR NRNE IS
Rl shape=[1] ] tensor, FH{LIFH 2K
BN AEasm A2 528 M AANMZE T SNN, 247 T2, £33 shape=[N, M, T] fgfkif. iX N 4
PEMIFRZ: A shape=[N, C] ¥} labels.

] shape=[N, N] ’J%EI@ sim %%/T‘)QI%*HMJEEEI@, sim[i] [J] == 1 FoR¥dE 1 S8R j 0L, Rz
IR, #7 labels[i] 5 labels| /\ﬁ—»—ﬁ/'\ﬁ]*/l\?l‘/ﬁi, WA ABATTARRL, 75 A AHARL .

i shape=[N, N] fHiFF sim_p Fom il FIIERFE, sim p (1] (3] BOHUEN O 2 1, [EBORFRREL
P 1 5% § ol R

o T P AROR A B P ki Z [RI RO AR A, kernel_type 2B NARIT, FIvfo Ao A% ek 5 2 -
o Clinear’, KHEAB, k(i y;) = 2" y;.
+ ‘sigmoid’, Sigmoid WAH, k(x;,y;) = sigmoid(ax;Ty;), H a = args(0].

o Cgaussian’, EIIAIEL wl@sys) = exp(— =25y Hib o = args[0].
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M Sigmoid T ARIS, ABRAYIETE FEIYAE (0, 1] 2 08]; 6E 2t ARIRE, S T ARUEA R
EVIRAE [0, 1 Z 18], SbATIH—fk: 5%

ZH
* 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’
* args —Extra parameters for inner product
g4 |

shape=[1], similarity loss

A SNN consisting M neurons will receive a batch of N input data in each timestep (from 0 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 labels[7j] have at least one common label, they are viewed as

similar.

The output similarity matrix s im_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:

e ‘linear’ , Linear kernel, (x4, y;) = x; 7 y;.

 ‘sigmoid’ , Sigmoid kernel, x(x;, y;) = sigmoid(ax;Ty;), where o = args[0].
Hmi;f;j I? )

» ‘gaussian’ , Gaussian kernel, k(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: torch.Tensor, y: torch. Tensor,

kernel="linear’, *args)

e API in English

S8
» x —shape=[N, M] ] tensor, HFIEE NI M 4=
 y —shape=[N, M] [ tensor, F{EE NI~ M 4 &

* kernel (str) TR PIFI IR A% s 5K
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* args JI TR NH BN S EL
RIA] ret, shape=[N, N] ] tensor, ret[i][j] F/~ x[1i] Al y[3] BN
MRS < f y RS ER N, 30 2 A~ M 4 tensor 435118 5 Fl y;, kernel & LT ARFIERX
AR :
 Clinear’, MM, w(wi,y;) =i y;.
*  ‘polynomial’, ZWXHN, r(x:, y;) = (x:"y;)?, Hid=args(0].
+ ‘sigmoid’, Sigmoid WA, k(x;,y;) = sigmoid(az;Ty;), HHH a = args(0].

P— . 2
o ‘gaussian’, FHTAR, k(ziy;) = exp(—%), H o = args|0].

W L API

S

x —Tensor of shape=[N, M]
» y —Tensor of shape=[N, M]
* kernel (str) -Type of kernel function used when calculating inner products.
* args —Extra parameters for inner product
1R[] ret, Tensor of shape=[N, N], ret [1] [§] is inner productof x [1] and y [].
Calculate inner product of x and y in kernel space. These 2 M-dim tensors are denoted by x; and y;. kernel
determine the kind of inner product:
* ‘linear’ -Linear kernel, x(x;, y;) = z;7 y;.
*  ‘polynomial’ —Polynomial kernel, x(x;, y;) = (z:Ty;)?, where d = args[0].
*  ‘sigmoid’ -Sigmoid kernel, x(x;, y;) = sigmoid(ax; T y;), where oo = args[0].

 ‘gaussian’ ~Gaussian kernel, x(x;, y;) = exp( ), where o = args|0].

spikingjelly.clock_driven.functional.set_threshold_margin (output_layer: spiking-
jelly.clock_driven.neuron.BaseNode,
label_one_hot: torch. Tensor,
eval_threshold=1.0,
threshold0=0.9,
thresholdl=1.1)

e APl in English

ZH

* output_layer -l T3 KA ML )=, it ZHith shape=[batch_size, C]
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e label_one_hot —one hot & AIFEAARES:, shape=[batch_size, C]
* eval_threshold (float) HithEM& IO (HEFE) I i i S0
* threshold0 (float) #ith EHE TN, FUREA R EI(E
* thresholdl (float) Hith ZMATTENLRT, IEAAN K SIE
i&IAl None

XTSRRI, ki R 2T B BB — RO, DASRIS BP0 7 SR

FANEECH C, MR Z I CAMMZEIC, METEIIZRRT, 25 ABLSEZE0 1 98, f k2 5 i
A TCH R BE S B thresholdl, T HALMZICHHEF(ESHHX B thresholdo,
MR (ERR) B, %2 oohy BB — % B eval_threshold,

o P API

S

* 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)

* thresholdO (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

& [A] 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 thresholdo.
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: torch. Tensor, num_classes:

int, n: int)

e API in English

BH

¢ labels —shape=[batch_size] [f{] tensor, F&/R batch_size PHp%

7.5. About 271


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#float
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#float
https://pytorch.org/docs/stable/tensors.html#torch.Tensor
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/functions.html#int

spikingjelly, %% alpha

* num_classes (int) KM%
* n (int) —FREENZBIITH B g5

JR 1] shape=[batch_size, num_classes * n] [{{] tensor

SR HAT U421 one-hot 9gfid, B—2X M n 1M (num_classes — 1) * n 4 0 K4,

Nk

>>> 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., 0O0.],
(0., 0., 1., 1., 0., 0.1,
(0., 0., 1., 1., 0., 0.7,
(t., 1., 0., 0., 0., 0.11)
o APl
SH

* 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.

j&[a] Tensor of shape=[batch_size, num_classes * n]

Redundant one-hot encoding for data. Each class is encodedton 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, 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,
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(£ 50

spikingjelly.clock_driven.functional.first_spike_index (spikes: torch.Tensor)

e APl in English

Z¥ spikes —shape=[*, T], FKERENHIEICTE t=0, 1, -, T-1, F& T A5 2000 i s ko

RM index, shape=[*, T], 4 True W7 EFRI/RZMZTTE YRk Y I %

g AT T kel AR B —A~ 5 AFETE] shape [) bool ZEAYf¥) index. index A True f{iL
B, FORNIZM G TO YRR TK i ) B )

ANGE
>>> spikes = (torch.rand(size=[2, 3, 8]) >= 0.8).float ()
>>> spikes
tensor([(f(ro., o., 0., 0., 0., 0., 0., 0.1,
rt., 0., 0., o., 0., 0., 1., 0.1,
(0., 1., 0., 0., 0., 1., 0., 1.11,
rro., 0., ¢., 1., 0., 0., 0., 1.1,
(., 2., 0., 0., 1., 0., 0., 0.1,
(0., 0., 0., 1., 0., 0., 0., 0.111)
>>> 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])
o P API
%4 spikes —shape=[*, T], indicates the output spikes of some neurons when t=0, 1, ---, T-1.

jRA] 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.:
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>>> spikes = (torch.rand(size=[2, 3, 8]) >= 0.8).float ()
>>> spikes

tensor((((o., 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., 6., 0., 1., 0., 0., 0., 0.111)

>>> 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, False]ll]])

spikingjelly.clock_driven.functional.spike_mse_loss (x: forch. Tensor, spikes: torch. Tensor)

e API in English

B

e x fF7 tensor

» spikes fjki tensor. B3R spikes HFICEHAERN O Fil 1, B HH False fll True,
H spikes.shape Wi 5 x.shape I

B x fil spikes BICEMBHRE (L2 {EEUKFI7)
X% S torch.nn. functional.mse_loss () A, 5%k BRI ThosE . EiE

(x—s)? =22 + 5% —22s =2 + (1 — 22)s

iR B TTEECSMWAS, WEREOTE R E % 5 torch.nn.functional.mse_loss () if
HHPEA R

o P API

S

* x —an arbitrary tensor
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» spikes —spiking tensor. The elements in spikes must be 0 and 1 or False and True,

and spikes. shape should be same with x . shape

jRA] the mean squared error (squared L2 norm) between each element in x and spikes

This function is faster than torch.nn. functional .mse_loss () for its optimization on spiking data. The

compulation is carried out as

(x—s)? =22+ 5% —22s =2 + (1 — 22)s

Note

The computation graph of this function is different with the standard MSE. So ‘g—g compulated by this function is

different with that by torch.nn. functional .mse_loss ().

spikingjelly.clock_driven.layer package

Module contents

class spikingjelly.clock_driven.layer.NeuNorm (in_channels, height, width, k=0.9,
shared_across_channels=False)

HZ: spikingjelly.clock_driven.base.MemoryModule

e API in English

S8
* in_channels 4 AR A E £
* height —#ij AR T
* width - AL
* k-FEIRK
» shared_across_channels 123 I E w 2 G EE X —4E 8 Fis, &8
N True W] LAKIR T4 NAF
Direct Training for Spiking Neural Networks: Faster, Larger, Better F32 4 ) NeuNorm JZ . NeuNorm JZ 570
BHE A2 Rk 2oT)E, Blan:
Conv2d -> LIF -> NeuNorm
TR AR ST 2 [batch_size, in_channels, height, widthl].
in_channels /&#j A %] NeuNorm JZAEELL, BTSSR Fo

kBB RIARL, MU TP ko
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WX SR ko +0F =1 HE1EH.

o P AP

SH
* 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.
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 ko in the paper.
+ will be calculated by k-2 + vF' = 1 autonomously.
forward (in_spikes: torch. Tensor)
extra_repr () — str
training: bool

class spikingjelly.clock_driven.layer .DCT (kernel_size)
2 torch.nn.modules.module.Module

e APl in English
% kernel_size {7/ DCT A5 iy B K/

¥4 A shape = [*, W, H] FEURPEIT/He DCT )2, * FOREZHINRIMLERE .
HEfe )5 2 4idbf7, ok w il B #BREEE S kernel_size,
DCT j& AXAT [H)—FHEfi

o P API

%% kernel_size -block size for DCT transform
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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: forch. Tensor)
training: bool

class spikingjelly.clock_driven.layer.AXAT (in_features, out_features)

HZ: torch.nn.modules.module.Module

e API in English

SH
* in_features - AKUI AT 2 4ERY R f AV %2 shape = [*,

in_features, in_features]

* out_features - AWM )G 2 4ERI R F it & shape

out_features, out_features]

Il
—
*

AH AR X TERUR 2 MMM B AXAT WHIE, A J2 shape = [out_features,
in_features] WA,

Frim AIEPEEEE it shape = [in_features, in_features] W[

o P API

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 isatensor with shape = [out_features,
in_features].
The input will be regarded as a batch of tensors with shape = [in_features, in_features].
forward (x: rorch. Tensor)
training: bool

class spikingjelly.clock_driven.layer.Dropout (p=0.5)
H2: spikingjelly.clock_driven.base.MemoryModule

e APl in English

BH p (£loat) N ICEBBLEN 0 KRR
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5 torch.nn.Dropout MJLFAMIE. KHET, fE—RIITES, POEM 0 WAIEA S K ER
AL HEBEIN—ReastT, BRI resetO) sBUG, A St BMREE e, WA ERE 0,

MY X Fh Dropout f-f1 Enabling Spike-based Backpropagation for Training Deep Neural Network Ar-
chitectures — SCHEFT RS 4 -

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.

o P API

%% p (float) —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
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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: forch. Tensor)
forward (x: forch. Tensor)
training: bool

class spikingjelly.clock_driven.layer.Dropout2d (p=0.2)
K spikingjelly.clock _driven.layer.Dropout

e APl in English
BH p (float) HANICEPIRE R 0 IR
5 torch.nn.Dropout2d MJL PR KEFET, TER—RMPTES, PdEm 0 WiiE Akt
WAs s HEIT R T, B reset) BREUG, A SRR T o, PR B O,
T SNN ¥ Dropout [HHEZLAZEE,, £ Wilayer. Dropout.

o ¥ API
%% p (float) —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: forch. Tensor)

training: bool

class spikingjelly.clock_driven.layer.MultiStepDropout (p=0.5)
HIs: spikingjelly.clock driven.layer.Dropout

e APl in English
B p (float) HAICRPEN 0 FIHER

spikingjelly.clock_driven.layer.Dropout HZ IR,

IS BT AEAE R AR 2 KT B M2 SRR IR B

o P API
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%% p (float) —probability of an element to be zeroed

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: torch. Tensor)
training: bool

class spikingjelly.clock_driven.layer.MultiStepDropout2d (p=0.5)
H2: spikingjelly.clock_driven.layer.Dropout2d

e APl in English
BH p (Float) R MICRPREN 0 AR

spikingjelly.clock_driven.layer.Dropout2d HIZ A,

MY BRI AE AR DARBUE 2 X AP M2 AR (5 5 .

o YL API

%% p (float) —probability of an element to be zeroed

The multi-step version of spikingjelly.clock_driven.layer.DropoutZ2d.

Tip

Read Propagation Pattern for more details about single-step and multi-step propagation.

forward (x_seq: torch.Tensor)
training: bool

class spikingjelly.clock_driven.layer.SynapseFilter (tau=100.0, learnable=False)
HZ: spikingjelly.clock_driven.base.MemoryModule

e APl in English

S

* tau —time ZEfll_HL Y RE DA I )
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* learnable —If[A]HAAEYI G e H 22 R 2T 1. 458 True, W tau S#k
SE DS B R R A (L
B PRBIE Sl . SMRu s AL 2 80 Bk AR, i th B R R RO

dI(t)
dt

T = —I(t)

AR, Wt 1

e ARk A S(t), WEEbE, SRR ES RN
) = I(t—1)— (1— S(t))%[(t — 1)+ S(1)

AR RERH A A Kb IEA TV, (A B R B QRS A 45 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_i = []

for i in range(T):
out_1i.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

=
o

2:07 — puti
1.5 4
= 1.0 1

0.5

0.0

it RN DU TS BTN ZI A, BB T Z B, (MR T —EmicIZae ) .
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

0.8

0.6 1

spike

0.4 +

0.2 1

0.0

2:07 — puti

1.5

0.5

0.0

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: torch. Tensor)

training: bool

class spikingjelly.clock_driven.layer.ChannelsPool (pool:
torch.nn.modules.pooling. MaxPoolld)
FZ: torch.nn.modules.module.Module
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e APl in English
%48 pool -nn.MaxPoolld @} nn.AvgPoolld, Jilfk/Z

1 pool KH AR 4-D BURTESS | DMERE EdtATimil.
ZNGIENEE

>>> 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, 41)

o AP

%%t pool nn.MaxPoolld or nn.AvgPool1d, 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, 41)

forward (x: forch. Tensor)

training: bool

FJ5: spikingjelly.clock_driven.base.MemoryModule

e API in English
S8

e in_features (int) & AR HIFFHESL
* out_features (int) R4 HHFEARIRHEEL

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:
torch.nn.modules.module. Module
= ReLU())
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* bias (bool) 47N False, WARZANSHG I FMED . BHIAHN True
» p (float) RN EZEPW M. BIAH 0.5
* samples_num (int) FEHERERS, AR R FER SRS CR . BRIACH 1024

* invariant (bool) #74 True, LMZERAEH—IRIITHI S REE AR,
WiIT Gt E SR A, HH reset () BB, SRR N 5E R
R BEFERNRIE, I reset () eREUS A — BT 10 A2 17 19l 33 Hep R
WidT. #°h False, FEGF— UK G I 2L R0 2 1l 3T 5 4 a4 FEHAT R T T
i layer. Dropout VAFRAGH 2 X T MSHHIEE .. BRAKH False

e activation (None or nn.Module) LM 2 G HIEE 2

DropConnect, A Regularization of Neural Networks using DropConnect — 342 . DropConnect -5 Dropout
JEH 2L, KIIHET DropConnect /2 DAMER p WiFFi%42, 1fii Dropout /&K i A DAMERHE 0.

1Efiit: AE{fi /] DropConnect FEATHEI, %A tensor HREANTCE, ARZEM BT feoReE, &
TG 2B, PR Ea TP . R4 R AR 7T PATE Regularization of Neural Networks
using DropConnect —3CH1[¥) Algorithm 2 $8% . %2 activation FEHRIMAIREIER , FIHIRATR
HAE A B 5 o

o P API

B8
* 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 (float) —probability of an connection to be zeroed. Default: 0.5

e 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

* API in English
& [n] None
R EIRAY None

KRR AT 2 > 4

o P API

&\l None

RAIZRT None

Initialize the learnable parameters of this module.

reset ()

e API in English

&\l None
RIAIRA None
PR TS S EENIRGS, 5 self.activation E—MEIREHE, MK HIBEE,
o VAPl
& [n] None

R MR None

Reset the linear layer to fully-connected status. If self.activation is also stateful, this function will

also reset it.
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drop (batch_size: int)

forward (input: torch.Tensor) — torch.Tensor
extra_repr () — str

training: bool

class spikingjelly.clock_driven.layer.MultiStepContainer (*args)

FZ: torch.nn.modules.module.Module

e API in English
¥ args (torch.nn.Module) —EAAEY W 2845

R BRI B EL S -

INBEES: BRSPS 2 T B M2 SRR IR B

o APl

%% 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: torch.Tensor)

¥ x_seq (torch. Tensor) —shape=[T, batch_size, -]
&Il y_seq, shape=[T, batch_size, -]
B [EZRHY torch. Tensor

reset ()

training: bool

class spikingjelly.clock_driven.layer.SeqToANNContainer (*args)

HZ: torch.nn.modules.module.Module

e API in English

BH *args —TOREH AN IZ A ANN K22
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A4 TR K ANN DAAL #7500 i 25 8% . shape=[T, batch_size,
2 shape=[T * batch_size,

batch_size, ...].
AN RN

o APl

%8 *args —one or many stateless ANN layers

RN UL NS &
o] PR AR A RIE. i iH S5 R S PR shape=(T,

A container that contain sataeless ANN to handle sequential data. This container will concatenate inputs

shape=[T, batch_size,

. ] at time dimension as shape=[T * batch_size,

.. ], and send

the reshaped inputs to contained ANN. The output will be split to shape=[T, batch_size, ...].

Examples:

forward (x_seq: torch. Tensor)

¥ x_seq (torch. Tensor) —shape=[T, batch_size, -]
&Nl y_seq, shape=[T, batch_size, ---]
R\ torch. Tensor

training: bool

class spikingjelly.clock_driven.layer.STDPLearner (fau_pre: float, tau_post: float, f_pre,

f_post)
HZ: spikingjelly.clock_driven.base.MemoryModule

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
Qi¥i%3)
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s_pre = torch.zeros ([T, 1])

s_post = torch.zeros ([T, 1])

s_pre[0: T // 2] = (torch.rand_like(s_pre[O: 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:] = (torch.rand_like(s_post[T // 2:]) > 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 ("SS_ $', rotation=0, labelpad=10)
plt.xticks ([])

plt.x1im (0, T)

plt.subplot (5, 1, 2)

plt.plot (t, trace_pre)

plt.ylabel ("Str_ $', rotation=0, labelpad=10)
plt.xticks ([])

plt.xlim (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.x1lim (0, T)

plt.subplot (5, 1, 4)

plt.plot (t, trace_post)

plt.ylabel ('Str_ $', rotation=0, labelpad=10)
plt.xticks ([])

plt.x1im (0, T)

plt.subplot (5, 1, 5)

(Rt
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(£ 50

plt.plot(t, w)
plt.ylabel ('Sw$', rotation=0, labelpad=10)
plt.x1im (0, T)

plt.show ()

Spre ||| | | | | ||| | | || ||| || ||||||| | | || | ||| | |

20 F

trpre

trpost [

w

03 1 1 1
0 50 100 150 200 250

stdp (s_pre: torch. Tensor, s_post: torch. Tensor, module: torch.nn.modules.module. Module, learning_rate: float)
training: bool

class spikingjelly.clock_driven.layer.PrintShapeModule (ext_str="PrintShapeModule’)

HIJs: torch.nn.modules.module.Module

e API in English
Y ext_str (str) HIMTEHIRTHFH

HATH ext_str FIHIAR) shape, AIEATLMERIERMLE)Z, WLAMT debug.

o P API
%4 ext_str (st r)—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.

training: bool
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forward (x: forch. Tensor)

spikingjelly.clock_driven.neuron package

Module contents

class spikingjelly.clock_driven.neuron.BaseNode (v_threshold: float = 1.0, v_reset: float = 0.0,
surrogate_function: Callable =
Sigmoid(alpha=1.0, spiking=True),
detach_reset: bool = False)

H2: spikingjelly.clock_driven.base.MemoryModule

* APl in English

S
» v_threshold (float) —#ZICH BIEH T

» v_reset (float) -MAITUHEBERE. WRAN None, Lokt )s, &
EXHEEE N v_reset; WK E N None, NHESPHZE v_threshold

* surrogate_function (Callable) [ [alfHf S AT hkir ok KB HE AR ek
5

» detach_reset (bool) —27HF reset LRI TTE K 40 B
n[ {34y SNN # 2 To ) B 25T

o AP

S8
* 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: forch.Tensor)

* API in English
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S TCIN TS 2E 0 R . TS A R 4K
« P API

Define the charge difference equation. The sub-class must implement this function.

neuronal_fire ()

e APl in English
YA Z T BIE, T4 kb
o VAPl

Calculate out spikes of neurons by their current membrane potential and threshold voltage.

neuronal_reset ()

* APl in English
AR 2 R PR 22 TORE R Bkt , X AL A T E
o VAPl
Reset the membrane potential according to neurons’ output spikes.

extra_repr ()

forward (x: rorch. Tensor)

e APl in English

B¥ x (torch. Tensor) iy ABIMHZ ORI &
BRIl 2 TTRY ke
BRI torch. Tensor
FEHTERL . e . EE T AT R T A
o P API
%% x (torch. Tensor) —increment of voltage inputted to neurons

iR Al out spikes of neurons

JRMIZRE torch. Tensor

Forward by the order of neuronal_charge, neuronal_fire, and neuronal_reset.

training: bool
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class spikingjelly.clock_driven.neuron.IFNode (v_threshold: float = 1.0, v_reset: float = 0.0,
surrogate_function: Callable =
Sigmoid(alpha=1.0, spiking=True), detach_reset:
bool = False)

H2: spikingjelly.clock_driven.neuron.BaseNode

* APl in English

S
» v_threshold (float) &G BEHE

« v_reset (float) MAITLMEERE. WIRAN None, Yokt )G, H
JESHEEE N v_reset; QIREE N None, WIHESHIH A v_threshold

* surrogate_function (Callable) [ [l f S AT hki ok KB HE A ek
5

» detach_reset (bool) &7 reset T FRI A & 4 B

Integrate-and-Fire #1Z2 oA AL, W DAFEAERARF 4%, Tof ARTHEERFHEE , Ao LIF ol
. HE N8 2 RN
V[t =Vt —1]+ X[t

o AP

S8
* 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 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:

Vit] = V[t —1] + X[t]

neuronal_charge (x: torch. Tensor)

training: bool
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class spikingjelly.clock_driven.neuron.MultiStepIFNode (v_threshold: float = 1.0, v_reset:
float = 0.0, surrogate_function:
Callable = Sigmoid(alpha=1.0,
spiking=True), detach_reset: bool =
False, backend="torch’)
HIs: spikingjelly.clock_driven.neuron.IFNode

e API in English

S
* v_threshold (float) M4 G HEHE

» v_reset (float) MATTWEEHRE. WHRAN None, SRRk E, H
FESWiEE N v_reset; WHRIKE N None, NHEESHIHZE v_threshold

* surrogate_function (Callable) I [alf&H N I K155 ki bk X0k 2 (5 X R
%

* detach_reset (bool) —215¥F reset I FEHT LA K 4 B

* backend (st r) IR E G, AIPAKH "torch' B 'cupy'. 'cupy' B
B, (EA SRR GPU,

ZH AN spikingjelly. clock_driven.neuron.IFNode,

MG T 2L MEAETT, $iA x_seq.shape = [T, *], NMUAIPAEH] v Fl .spike KLt =
T - 1B ZIFHERkeR, BEEREEH . v_seq Ml . spike_seq SKEGERERY T AN 20 G HL A0 ikt

INBEES: BB ISR DRI 2 T B M2 AR IR B

o APl

S8
* 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

7.5. About 295


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://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://docs.python.org/3/library/stdtypes.html#str
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

spikingjelly, %% alpha

* 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.

forward (x_seq: torch. Tensor)
training: bool

class spikingjelly.clock_driven.neuron.LIFNode (tau: float = 2.0, v_threshold: float = 1.0,
v_reset: float = 0.0, surrogate_function:
Callable = Sigmoid(alpha=1.0, spiking="True),
detach_reset: bool = False)

s spikingjelly.clock_driven.neuron.BaseNode

e APl in English

* tau (float) [l HLALIA] AL
» v_threshold (float) &G FREHHE

* v_reset (float) -MAEITTWEEHRE. WHRAN None, M okeithkon G, H
ESHEEE N v_reset; UIREE N None, NHESPHZE v_threshold

* surrogate_function (Callable) [ [alf i HIA VT hkir ok Kb BE AU ek
e

» detach_reset (bool) &7 reset I FEHY T & 4 B
Leaky Integrate-and-Fire #1 Z2 o2, W AR IR B8 . T &8 5 ek
1
V[t] = V[t - 1] + ;(X[t] - (V[t - 1] - Vreset)

o P API
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e tau (float)—-membrane time constant
* 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 Leaky Integrate-and-Fire neuron, which can be seen as a leaky integrator. The subthreshold neural dynamics

of it is as followed:

LX) — (V= 1]~ Vieser)

Vit =Vit—-1]+ -
-

extra_repr ()

neuronal_charge (x: torch. Tensor)

training: bool

class spikingjelly.clock_driven.neuron.MultiStepLIFNode (fau: float = 2.0, v_threshold: float
= 1.0, v_reset: float = 0.0,
surrogate_function: Callable =
Sigmoid(alpha=1.0,
spiking=True), detach_reset: bool
= False, backend="torch’)
H2: spikingjelly.clock_driven.neuron.LIFNode

* APl in English

S8
* tau (float) —JRHLAZIA]H 4L
* v_threshold (float) —MZ G HEHE

* v_reset (float) MAEITTWEEH L. WHRAN None, M okikol G, H
FESWiEE N v_reset; WIHRIKE N None, NHEESHHZE v_threshold

* surrogate_function (Callable) [ [t Hf I I K T55 ki bk K00k B2 (4 X R
%

» detach_reset (bool) —215¥F reset IHFEHT LA K 7 B
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* backend (str) MR TE iR, AIPAH 'torch' B 'cupy'. 'cupy' HJE
R, B GPU.

ZH AN spikingjelly.clock_driven.neuron.LIFNode,

NI T2 EMEATT, $iA x_seq.shape = [T, *], NMUAIPAEH] v Fl .spike KLt =
T - 1 WZIWHEERIK, SRES T H . v_seq fll . spike_seq FREGEEENY T AN 20 L A kv

INBEES: BRI AR 2 T B M2 AR IR B

o P API

¥
e tau (f1oat)-membrane time constant
* 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.
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forward (x_seq: torch. Tensor)
training: bool

class spikingjelly.clock_driven.neuron.ParametricLIFNode (init_tau: float = 2.0,
v_threshold: float = 1.0, v_reset:
float = 0.0, surrogate_function:
Callable = Sigmoid(alpha=1.0,
spiking=True), detach_reset:
bool = False)

H2: spikingjelly.clock_driven.neuron.BaseNode

e API in English

ZH
 init_tau (float) RN R H I LA E
» v_threshold (float) M4 JCHY H{EH &

s v_reset (float) MU EEHIE. RN None, Y&k G, H
JESHEE N v_reset; WP E N None, NHESPIHZE v_threshold

* surrogate_function (Callable) [ [ul i MR H fkivh ok Bt B2 A 25 ALK
1
» detach_reset (bool) 275 reset AEM T A K/
Incorporating Learnable Membrane Time Constant to Enhance Learning of Spiking Neural Networks £ H i1

Parametric Leaky Integrate-and-Fire (PLIF) #i£2 oiiAd , n] DLEVE B N8 . HB N &sh fi2#
RN

VIt = VIt — 1]+ ~(X[t] — (Vt— 1] ~ Vieser)

-
Horp L = Sigmoid(w), w 2A#IMBHL

o P API

S8
* init_tau —the initial value of membrane time constant
e init_tau float
* 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
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* 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:

VI = VIt — 1]+ S(X[t] — (VIt — 1] — Vyeser)

T

where 1 = Sigmoid(w), w is a learnable parameter.
extra_repr ()
neuronal_charge (x: torch. Tensor)

training: bool

spikingjelly.clock_driven.monitor package

Module contents

class spikingjelly.clock_driven.monitor.Monitor (net: torch.nn.modules.module. Module, device:
Optional[str] = None, backend: str =
numpy’)
H: object

e API in English

S8
* net (nn.Module) AN P 2%

* device (str, optional) —iHEHE A7 AT AL LAY £S5, 1024 backend Hy
"torch' BPERL. WPAH 'cpu', 'cuda', 'cuda:0' %, ERiACH None

» backend (str, optional)-MMEHEHIAIE S, AIPAKH "torch', 'numpy'
, BRAH "numpy’

o P API

¥
* net (nn.Module) —Network to be monitored

e device (str, optional)—Device carrying and processing monitored data. Only take
effect when backend is set to 'torch'. Canbe 'cpu', 'cuda', 'cuda:0',etal,

defaults to None

* backend (str, optional) -Backend processing monitored data, can be 'torch',

"'numpy ', defaults to ' numpy '
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enable ()

* API in English

J& 1 Monitor B IEIIRE, THIRICF A
o VAPl

Enable Monitor. Start recording data.

disable ()

e APl in English
&5 1 Monitor P HLENRE, ANFICREE
s P LAPI
Disable Monitor. Stop recording data.
forward_hook (module, input, output)

reset ()

* APl in English
TH 25 Z Al C A
o P API

Delete previously recorded data

get_avg_firing_rate (all: bool = True, module_name: Optional[str] = None) — torch.Tensor

* API in English

B8

* all(bool, optional) @ AWITEEETYRKE, BN True

* module_name (str, optional) JZI&FR, {24 all 2 False BFA%L

I 7 5 R T S R

BRMIKAY torch.Tensor or float

o ¥ API
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* 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

allisFalse
J&[A] Averaged firing rate on concerned layers

BN torch. Tensor or float

get_nonfire_ratio (all: bool = True, module_name: Optional[str] = None) — torch.Tensor

e API in English

BH
* all(bool, optional) & NITAZHEBANZICHG], BRIAK True
* module_name (str, optional)-ZHI&ZFK, X2 all h False BFERL
BIAl i 5602 R ERER 2 T H Bl

RAPRI torch. Tensor or float

o ¥ API

* 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

allis False
R[] Ratio of silent neurons on concerned layers

BRI torch. Tensor or float

spikingjelly.clock_driven.rnn package
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Module contents

spikingjelly.clock_driven.rnn.bidirectional_rnn_cell_forward (cell:
torch.nn.modules.module. Module,
cell_reverse:
torch.nn.modules.module. Module,
x: torch. Tensor, states:
torch. Tensor,
states_reverse:

torch. Tensor)

» cell (nn.Module)—IF[n] RNN cell, #i AJ21E [a]351)
* cell_reverse (nn.Module)—JZ [a]f) RNN cell, %y A2 [a]/F51
e x(torch.Tensor)-shape = [T, batch_size, input_size] @A

» states (torch.Tensor) —IF [a] RNN cell B2 4548 # RNN cell H A
MBEECIRE, W shape = [batch_size, hidden_size] ; &M shape =

[states_num, batch_size, hidden_size]

» states_reverse — )7 |a] RNN cell ;R I5IKESF RNN cell HF EANRBEURE,
Nl shape = [batch_size, hidden_size] ; %] shape = [states_num,

batch_size, hidden_size]
Rl
Y, SS, SS_I

y: torch.Tensor shape = [T, batch_size, 2 * hidden_size] WHiH. v(t]

HIIE ) cell 75 t HPZIRIS ) cell Y6 T — © - 1 B 20 B ok
ss: torch.Tensor shape 5 states #[F], 1E[) cell £ T—-1 BFZIFPRTS
ss_r: torch.Tensor shape 5 states_reverse M[E], Sla] cell 7E 0 B ZIHPIRES
T AN IE ) RS2 1) RNN cell 375 35 i [R5 B2 A 7 A4 tH 25 SRR cell )R ZOIRES o

class spikingjelly.clock_driven.rnn.SpikingRNNCellBase (input_size: int, hidden_size: int,
bias=True)

%%’é torch.nn.modules.module.Module
e API in English
Spiking RNN Cell [ 3,
BH
e input_size (int) %y A x MI4FIFEEL
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* hidden_size (int) —fCRE h AUFHIELL
* bias (bool) 474 False, W NHRAY EBUZ A 27 A (B b_ih Ml b_hh. BIAN

True

TR FrATBUE A B T 21 08 U(—VE, VE) BTG . k=1
o S API
The base class of Spiking RNN Cell.
BH
* 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 2/ (—v/k, Vk) where k = 1

reset_parameters ()

* API in English
BIRAL IR 1252 S0

o ¥ API
Initialize all learnable parameters.

weight_ih ()

* API in English

BInl A S RS 1 HE A

B [EZRHY torch. Tensor

o X API
R | the learnable input-hidden weights
BEIZRAY torch. Tensor

weight_hh ()
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* API in English

B RS B FRCIR A A

JRMEIZRE torch. Tensor

o P API
R the learnable hidden-hidden weights
B [EIRHY torch. Tensor

bias_ih()

* API in English

BN A A E FRRRR A 14 1 1 i 1 T

BRI torch. Tensor

o AP

R M| the learnable input-hidden bias

B EIZRAY torch. Tensor

bias_hh()

* API in English

BRI [EHCIR 3 BB S 1 4 i L 0

BRI torch. Tensor

« AP

&8l the learnable hidden-hidden bias

BRI torch. Tensor

training: bool

class spikingjelly.clock_driven.rnn.SpikingRNNBase (input_size, hidden_size, num_layers,

HK: torch.nn.modules.module.Module

bias=True, dropout_p=0,
invariant_dropout_mask=False,

bidirectional=Fualse, *args, **kwargs)
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o API in English
£ 2 Fkik RNN gy E5.
55
 input_size (int) A x [HEHMEEL
* hidden_size (int) BAIRAS n MFHERL

* num_layers (int) -N#B RNN )24, B4l num_layers = 2 R @HEtk
W2 RNN, 565 1 280058 0 2/, JFit B s

* bias (bool) 474 False, W NHBAYEEUZ A 2 A W EIN o_ih Ml b_hh. BIAN

True

* dropout_p (float) ik 0, WERTHE—)Z, &4 RNN 28— Z 7540
>k dropout_p ¥ Dropout 2. BRI 0

e invariant_dropout_mask (bool) ¥k False, WI{fi f3E@ ) Dropout; #7H
True, W SNN HREA, mask RKEE B ZZ (LI Dropout', ZW.Dropout . Bk
A False

» bidirectional (bool) ¥~ True, NfiAX|A RNN, BRi\h False
« args R HNEIN S5
* kwargs — R SN 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
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* args —additional arguments for sub-class
* kwargs —additional arguments for sub-class

create_cells ( *args, **kwargs)

* APl in English

B8
* args — R HHIN S
* kwargs — R HHINSEL

BMl # self.bidirectional == True £ IF R FAHEE L RNN; 750356
AR 3 RNN

BINX% nn.Sequential

o P API

* args —additional arguments for sub-class
* kwargs —additional arguments for sub-class

‘Al If self.bidirectional == True, return a RNN for forward direction and a RNN

for reverse direction; else, return a single stacking RNN

B EZEHE nn.Sequential

static base_cell ()

* APl in English

B % RNN [ B A RNN  Cell. fi 40 Xf FspikingLsTM, & [ iy
B SpikingLSTMCell

B [E2RH nn.Module

o AP

B The base cell of this RNN. E.g, in SpikingLSTM this function will return
SpikingLSTMCell

R\ nn.Module
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static states_num()

* API in English
B RS BRIk T spikingLsT, T HEHZ h f o, FIRE 2;
X SpikingGRU, MTHHHZ h, FIiRME 1
RMZEA int

o AP

R[] The states number. E.g., for Spi ki ngI.STM the output are h and c, this function will return
2; for SpikingGRU the output is h, this function will return 1

BRMIRA int

forward (x: torch. Tensor, states=None)

e API in English

b2
e x(torch.Tensor)—shape = [T, batch_size, input_sizel, HjAJF¥H

» states (torch.Tensor or tuple) —self.states_num() & 1 BfEH
A~ tensor, 75 M| Z—> tuple, 117 self.states_num() - tensors. ffA
i tensor PR 1A shape = [num_layers * num_directions, batch,
hidden_sizel, 14 self.states_num() MHJEIRZSUE RNN 204 7,
num_directions N 2, FMH 1

Bl
output, output_states output: torch.Tensor

=)

shape = [T, batch, num_directions * hidden_size], fxJi—/Z1F

FITAT I 220 i

output_states: torch.Tensor or tuple self.states_num() N 1 B2 A tensor, 75
N 2—A~ tuple, 17 self.states_num() 4> tensors. ff7 [ tensor [ R~} 3K

shape = [num_layers * num_directions, batch, hidden_size], £
4 self.states_num() NEFZIPRS

o AP

SH
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e x (torch.Tensor) —shape = [T, batch_size, input_size], tensor con-

taining the features of the input sequence

* states(torch.Tensor or tuple)-asingletensor whenself.states_num()
is 1, otherwise a tuple with sel1f.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
Bl
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() statesfort = 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)
HIs: spikingjelly.clock _driven.rnn.SpikingRNNCellBase

* APl in English

R K EZ (LSTM) cell, £ 4%/ Long Short-Term Memory Spiking Networks and Their Applications —
A

i = O(Wix + by + Whih + by;)
f=0W;tx+big+ Wyrh+bny)
g=0OWigx +bijg + Wigh + brg)
0=0OWiox + bio + Whoh + bho)
d=fxct+ixg
W =o0xc
Hrb © 42 heaviside FrEReR &L (Jikme&i%L) , and  J& Hadamard g, RIZZTCHRAHIE.
S8
* input_size (int) HiiA x FHEEL

* hidden_size (int) eI h B4
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* bias (bool) ¥4 False, M NEHEBURA 24 i B b_inh il b_hh. BIAN

True

* surrogate_functionl (spikingjelly.clock_driven.surrogate.
SurrogateFunctionBase) [ [ HR I TR 7153 Ikl ek Hok B2 ) 2 R 4 115
i, £, o [ AR I

* surrogate_function2 (None or spikingjelly.clock_driven.
surrogate.SurrogateFunctionBase) —JZ [W &4 Bt F S 1138 Tk v ol 55006 5 19
HRBEREG TE g BB E . 278 None, M3 E il surrogate_functionl.,
B\ N None

T FrAACE AR B S8 U(—VE, VE) I Ta. Hh k=1

NG

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(inputlt], (h, c))
output.append (h)

print (output)

o P API

A spiking long short-term memory (LSTM) cell, which is firstly proposed in Long Short-Term Memory Spiking
Networks and Their Applications.

O(Wiiz + bii + Whih + i)

O(Wisx + b + Wrsh + bny)
O(Wigx + big + Wigh + bpyg)
0=0(W;ox + bijo + Whoh + bio)

i
f
g

d=fxct+ixg
W =o0xc
where O is the heaviside function, and * is the Hadamard product.

BH
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* 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 U (—v/k, v'k) where k = 1

Examples:

T =26

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)

forward (x: rorch. Tensor, hc=None)

e APl in English

ZH
* x(torch.Tensor)—shape = [batch_size, input_size] BJ#iA

e he(tuple or None)—(h_0,c_0)h_O : torch.Tensor
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shape = [batch_size, hidden_size], BEIFEICIRES
¢_0 [torch.Tensor] shape = [batch_size, hidden_size], HIGHHINE

WAL (h20, ¢_0), h_0 BRI c_0 BRIk H O
B
(h_1,c_1): h_1: torch.Tensor
shape = [batch_size, hidden_size], T#ﬁ‘ﬂﬂ‘%ﬂﬁ‘]ﬁ%‘ﬁfiﬁ%ﬁ

c_1 [torch.Tensor] shape = [batch_size, hidden_sizel, F—A“BZIBI40E
RIS

BREIRE tuple

o VAPl

S8

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

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
jEA |
(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
BB tuple

training: bool
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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)

K spikingjelly.clock_driven.rnn.SpikingRNNBase

o API in English

£ 2 kb < KERHDZ LSTM, £ 45 H Long Short-Term Memory Spiking Networks and Their Applications

—I3ChE

T N ORAR %3

szxt + bu + thht 1+ bhz)
Wipxy +bip + Whphi—1 + bry)
Wigxy + bzg + Whght 1+ bhg)

/\/\/\/\

th + bw + Whoht 1+ bho)
e = fexci1+ix gy

/
hy =0 %cp_y

oA by S t ZIRBRBOIRAS, ¢ 2 ¢ INZIBVAIRES, heor RZZE £ — 1 IR BRUBPIR S H0E 15>

ity ft, Gt Ot ﬁﬁ'JzEﬁ?ﬁJ)\, @Ea

B RIZEICER MR

S

input_size (int) —#i A x BEHESL

hidden_size (int) —EHCIRES h AUHHIESL

num_layers (int) -7 RNN 24, Bl num_layers = 2 fFoQa@ftkX
M2 RNN, 565 1 EE008 0 2t i A, T s

bias (bool) 4 False, MK FEHEUZ A XA ME I b_ih f b_hh. FIAH

True

dropout_p (float) #9E 0, MR T HG—/Z, B RNN JZGan—4Z 540
#°f dropout_p I Dropout |2, ERIAK 0

invariant_dropout_mask (bool) ¥k False, NI{fi fI%5@ 1) Dropout; F5A

True, WIfEH SNN G, mask ANpEE I R]AE 10 Dropout, 2 JLDropout., Bk
AN False

bidirectional (bool) —#iA True, NIfHEHR |G RNN, BAN False

surrogate_functionl (spikingjelly.clock_driven.surrogate.

SurrogateFunctionBase) — i) &4 ik R 155 Mkt bR 5088 B2 A QR L, 1R
i, £, o [l Akt

/L;\ Pl

A, W], © 2 heaviside By BERERZEL (kb 58%%) |, and * /& Hadamard
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* surrogate_function2 (None or spikingjelly.clock_driven.
surrogate.SurrogateFunctionBase) — X [A{&EJ& I 6118 ik ivh 2R 350880 B8 1)
BRACRE, TTE g I EEIHE . 58 None, N B % surrogate_functioni,
#INN None

o 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:

O(Wixs + bii + Whihi—1 + bp;)

(
@(Wif:vt + bif + thht,1 + bhf)
O(Wigxy + big + Whghi—1 + big)
(

it
e
gt
Ot

O(Wioxs + bio + Whohi—1 + bho)

ct = frkci—1+ i * g

/
he =0t ¥ cp_y

where h; is the hidden state at time ¢, c; is the cell state at time ¢, x; is the input at time #, h;_1 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.

B

* 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

e 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, £, o
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* 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))
HIJs: spikingjelly.clock driven.rnn.SpikingRNNCellBase
forward (x: rorch. Tensor, h=None)
training: bool
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))
HH: spikingjelly.clock _driven.rnn.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)

HIs: spikingjelly.clock driven.rnn.SpikingRNNCellBase
forward (x: rorch. Tensor, hc=None)

training: bool
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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)

HIs: spikingjelly.clock_driven.rnn.SpikingRNNBase
static base_cell()
static states_num/()
training: bool
spikingjelly.clock_driven.surrogate package

Module contents

spikingjelly.clock_driven.surrogate.heaviside (x: torch. Tensor)

e APl in English

ZHr x i A tensor
Bl & H tensor

heaviside B BReREL, & L H

1, z>0
g(z) =
0, <0
[¥]35% HeavisideStepFunction DAREHE £ 5 A .
o P API
%L x —the input tensor
R IH] the output tensor
The heaviside function, which is defined by
1, >0
g(z) =
0, z<0

For more information, see HeavisideStepFunction.

spikingjelly.clock_driven.surrogate.check_manual_grad (primitive_function, spiking_function,

eps=1e-05)
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BH
« primitive_function (callable) HfiEER At R 5 ML
» spiking_function (callable) EFHMEKEL
s eps (float) KR
B RER QR 0 S i e i — U2 F 51, T DA MR B A S0 2 15 IR A

1Hb bR A A R X e K spiking function (1) 1] 54, 5 R K XX primitive_function [ &[] R FE 455 2
B8 B HUE N, WA IIREAEL eps.

ZNIENEE

surrogate.check_manual_grad(surrogate.ATan.primitive_function, surrogate.atan.

—apply)

class spikingjelly.clock_driven.surrogate.SurrogateFunctionBase (alpha, spiking=True)
HIJ5: torch.nn.modules.module.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’)
forward (x: torch. Tensor)

training: bool

class spikingjelly.clock_driven.surrogate.MultiArgsSurrogateFunctionBase (spiking=True,
**kwargs)
HZ: torch.nn.modules.module.Module

set_spiking_mode (spiking: bool)
extra_repr ()
training: bool

class spikingjelly.clock_driven.surrogate.piecewise_quadratic

HZ: torch.autograd. function.Function
static forward (ctx, x, alpha)
static backward (ctx, grad_output)

class spikingjelly.clock_driven.surrogate.PiecewiseQuadratic (alpha=1.0,
spiking=True)

s spikingjelly.clock_driven.surrogate.SurrogateFunctionBase
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e APl in English

BH
* alpha 45l [z ) A 1R IR B2 1P RR I S 5L

* spiking @k iilkl, BAN True, FERTE LM heaviside ML A
FEREM BRI . 50 False WIANGERFAUBRIL, BT AEHRIT, B S e it
FRPRS BE 2 X R KT 1 i e

S I A I 4 B AR R BB (= AT ko R TRk . Sl e A

0, |lz| > L
g (z) = {

|z +a, |z < é

XoF I i eR A
0, T < —i
g(@) = -3zl +az+ 3, [z/<2
1, T > %
Piecewise quadratic surrogate function
S I A R A B S B
[ ‘ ‘ ‘ ‘ - Heaviside ]
O R S \ - Primitive, a = 15 -
I Gradient, a = 1.5
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S I
S e e 4
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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

[ —-—- Heaviside ]
I F— A A A— Primitive, a = 1.5 ]
I —— Gradient, « = 1.5
1.2 -.,,,,,,,,,,,,,,1,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, O HE—————— |
1.0 :_ ,,,,,,,,,,,,,, R, S, (IR S
E;(lg e e s ey A A W S .
= I
o L
0.6 - 77777777777777 aATTTTTETE T T T TEE TS [ A T A S B B 2 —
0.4 - ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, i
e e
0.0 ‘ :
I R R N R S S SRS
—2.0 —1.5 -1.0 -0.5 0.0 0.5 1.0 1.5 2.0

The function is used in*** " .

static spiking_function (x, alpha)

static primitive_function (x: torch. Tensor, alpha)
training: bool

class spikingjelly.clock_driven.surrogate.piecewise_exp

H2: torch.autograd. function.Function
static forward (ctx, x, alpha)
static backward (ctx, grad_output)

class spikingjelly.clock_driven.surrogate.PiecewiseExp (alpha=1.0, spiking=True)

HZ: spikingjelly.clock_driven.surrogate.SurrogateFunctionBase

* APl in English

B
* alpha 5 S o) & BRI B RE I I R RE I S 5L

* spiking EHfH ke, BHAN True, FERTH G heaviside ML
FEREM BB RE . 470 False WIAGERAUMREE, BRI, B0 S fL FE it
PRI JSE 5 A R A0 7 P i
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J 1) A4 P 5 D - B 0 Sy B 4 kb T e B B i A4k

J(2) = Zeolel

2
XY 4 )5 B R
%e‘”, <0
9(x)
17%670@, x>0
Piecewise exponential surrogate function
— T - 1 T T T T 1
LOF ——- Heaviside ””””””””

Primitive, o = 2

L | —— Gradient, o = 2
0.8 ! ‘

Output

PLHRBAE S R -

o P API

BH
* 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

1 _ax
§€ s <0

1—%6_‘””, x>0

L.OF —— Heaviside

T T
Primitive, o = 2
L —— Gradient, o = 2
0.8F T A P T E—
0.6 T M A b/ e oo foeereneeees
e | : : :
= i : : : |
& i i i i
= i i i i
o | i i i i
0.4 L R e B i oo
02 N |
| | | ! | 1
| | | | | |
i i i | i i
0.0 /——— =—— —-+——— —t—— frommmmmmmmeoees Ammmmmm e bommmmmmmneooe
1 1

The function is used in”’ .

static spiking_function (x, alpha)

static primitive_function (x: torch. Tensor, alpha)
training: bool

class spikingjelly.clock_driven.surrogate.sigmoid

HZ: torch.autograd.function.Function
static forward (ctx, x, alpha)
static backward (ctx, grad_output)

class spikingjelly.clock_driven.surrogate.Sigmoid (alpha=1.0, spiking=True)

H2: spikingjelly.clock_driven.surrogate.SurrogateFunctionBase
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e APl in English

BH
* alpha 45l [z ) A 1R IR B2 1P RR I S 5L

* spiking @k iilkl, BAN True, FERTE LM heaviside ML A
FEREM BRI . 50 False WIANGERFAUBRIL, BT AEHRIT, B S e it
FRPRS BE 2 X R KT 1 i e

B 1 e R sigmoid A R4 ki SR K. B 4N
g (z) = a* (1 — sigmoid(ax))sigmoid(az)

Xt B2 ) i R

1

Sigmoid surrogate function
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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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o APl

BH
* 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(ax))sigmoid(azx)

The primitive function is defined by

1

e

Sigmoid surrogate function

19 _ 777777777777777 7777777 —-—- Heaviside ]

Primitive, a = 5

—— Gradient, « =5

1.0 e e

e
a,
*5 (I — [ I Y AR WA A W e S .
o
0. | AU | S S — |
e e
0.0 ——— i o e e
S R R R R S S S
—2.0 —-1.5 —1.0 —0.5 0.0 0.5 1.0 1.5 2.0
Input

The function is used in’”?” .
static spiking_function (x, alpha)
static primitive_function (x: torch. Tensor, alpha)

cuda_code (x: str, y: str, dtype="fp32’)
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training: bool

class spikingjelly.clock_driven.surrogate.soft_sign

HZ: torch.autograd.function.Function
static forward (cx, x, alpha)
static backward (ctx, grad_output)

class spikingjelly.clock_driven.surrogate.SoftSign (alpha=2.0, spiking=True)

F2: spikingjelly.clock_driven.surrogate.SurrogateFunctionBase

e API in English

BH
* alpha 5l S o)t BRI B RE I I R RE I S 4L

* spiking EHf ke, BAN True, FERTAEHEIE heaviside ML
FEREM R BB RE . 470 False WIAGERAUMREE, BRI, B0 S f FE )
PRI JSE R A R A 7 P i

Bl A R soft sign R EE IR kst 2 CpR K. ) He A

Xt BV ) i RS
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SoftSign surrogate function

T T ! ! L

[ ‘ ‘ ‘ ‘ —-—- Heaviside ]
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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
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The function is used in”’ .

static spiking_function (x, alpha)

static primitive_function (x: torch. Tensor, alpha)
training: bool

class spikingjelly.clock_driven.surrogate.atan

H2: torch.autograd. function.Function
static forward (ctx, x, alpha)

static backward (ctx, grad_output)

class spikingjelly.clock_driven.surrogate.ATan (alpha=2.0, spiking=True)

HZ: spikingjelly.clock_driven.surrogate.SurrogateFunctionBase

* APl in English

S ) P st 8 S T 17) B 4 e tangent PRV E A4 ki 2R B S 1) (4 A

’ o (0%
Y= 51+ Gaop)
X Ji R K
g(x) = %arctan(gow:) + %
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ATan surrogate function

—-—- Heaviside ]
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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 ]
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—— Gradient, « = 3

static spiking_function (x, alpha)

static primitive_function (x: torch. Tensor, alpha)
cuda_code (x: str, y: str, dtype=fp32’)

training: bool

class spikingjelly.clock_driven.surrogate.nonzero_sign_log_abs

H2: torch.autograd. function.Function
static forward (ctx, x, alpha)
static backward (ctx, grad_output)

class spikingjelly.clock_driven.surrogate.NonzeroSignLogAbs (alpha=1.0, spiking=True)

HH: spikingjelly.clock_driven.surrogate.SurrogateFunctionBase

e APl in English

S
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BH
* 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
T T+jaz] I

g'(x)
The primitive function is defined by
g(x) = NonzeroSign(z) log(|az| + 1)
where

) 1, x>0
NonzeroSign(z) =
-1, =<0
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NonzeroSignLogAbs surrogate function
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The function is used in .

static spiking_function (x, alpha)

static primitive_function (x: torch. Tensor, alpha)
training: bool

class spikingjelly.clock_driven.surrogate.erf

HZ: torch.autograd.function.Function
static forward (cx, x, alpha)

static backward (ctx, grad_output)

class spikingjelly.clock_driven.surrogate.Erf (alpha=2.0, spiking=True)

H2: spikingjelly.clock_driven.surrogate.SurrogateFunctionBase

e APl in English
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* spiking @ ke, BRAN True, FERTIEIEREE heaviside ML
FEREM BB RE . #7h False WG AMEEL, BRI, B S A FE )
FRPHS 2 X R KT 17 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

The primitive function is defined by

The function is used in’””.

static spiking_function (x, alpha)

static primitive_function (x: torch. Tensor, alpha)
training: bool

class spikingjelly.clock_driven.surrogate.piecewise_leaky_relu

H2: torch.autograd. function.Function
static forward (ctx, x: torch. Tensor, w=1, ¢c=0.01)
static backward (ctx, grad_output)

class spikingjelly.clock_driven.surrogate.PiecewiseLeakyReLU (w=1, ¢=0.01,
spiking="True)
%4@ torch.nn.modules.module.Module

e APl in English
S8

cw-w <= x <= wNEEHFIEEN 1 / 2w
ccx > wHix < —w i RIERIEREN c
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ﬁ@ﬁﬁj{%&%?ﬁ)l(}?lbﬂ 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
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The function is used in’????"".

forward (x)
static spiking_function (x: torch. Tensor, w, c)
static primitive_function (x: torch.Tensor, w, c)

training: bool

References

spikingjelly.clock_driven.ann2snn package

Subpackages

spikingjelly.clock_driven.ann2snn.examples package

Submodules
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spikingjelly.clock_driven.ann2snn.examples.if_cnn_mnist module

class spikingjelly.clock_driven.ann2snn.examples.cnn_mnist.ANN

%é@ torch.nn.modules.module.Module
forward (x)

training: bool

spikingjelly.clock_driven.ann2snn.examples.cnn_mnist.main (log_dir=None)

&I\l None

{#i il Conv-ReLU-[Conv-ReLU]-4>i%3%-RelLU 7 W 28 45 ¥ )| Zr FE 564525 SNN, 47 MNIST H 51, 247
ik

>>> import spikingjelly.clock_driven.ann2snn.examples.cnn_mnist as cnn_mnist

>>> cnn_mnist.main ()

WMANBATHE A, Fli “cpu” H “cuda:0”

input device, e.g., "cpu" or "cuda:0": cuda:15
WMANRE MNIST REEWMLE, flw “./”
input root directory for saving MNIST dataset, e.g., "./": ./mnist

M\ batch_size, #flin “64”

input batch_size, e.g., "64": 128
WMAFIE, fltn “le-37

input learning rate, e.g., "le-3": le-3
WA ERK, Flim “100”

input simulating steps, e.g., "100": 100
WA GR%, WREINEEHRE, fl “10”

input training epochs, e.g., "10": 10
MNER LT, ATHSEKEFZXH, flir “cnn_mnist”

input model name, for log_dir generating , e.g., "cnn_mnist"

Epoch 0 [1/937] ANN Training Loss:2.252 Accuracy:0.078

Epoch 0 [101/937] ANN Training Loss:1.423 Accuracy:0.669
Epoch 0 [201/937] ANN Training Loss:1.117 Accuracy:0.773
Epoch 0 [301/937] ANN Training Loss:0.953 Accuracy:0.795
Epoch 0 [401/937] ANN Training Loss:0.865 Accuracy:0.788
Epoch 0 [501/937] ANN Training Loss:0.807 Accuracy:0.792
Epoch 0 [601/937] ANN Training Loss:0.764 Accuracy:0.795
Epoch 0 [701/937] ANN Training Loss:0.726 Accuracy:0.835
Epoch 0 [801/937] ANN Training Loss:0.681 Accuracy:0.880
Epoch 0 [901/937] ANN Training Loss:0.641 Accuracy:0.889

100 |IEEEEE 100/100 [00:00<00:00, 116.12it/s]
Epoch 0 [100/100] ANN Validating Loss:0.327 Accuracy:0.881

Save model to: cnn_mnist-XXXXX\cnn_mnist.pkl

Q¥iEi3)
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(8 E70)
———————————————————— simulator summary--—-—---———————————————
time elapsed: 46.55072790000008 (sec)
Module contents
spikingjelly.clock_driven.ann2snn.kernels package
Submodules
spikingjelly.clock_driven.ann2snn.kernels.onnx module
class spikingjelly.clock_driven.ann2snn.kernels.onnx.Mul
2 torch.nn.modules.module.Module
forward (inputl, input2)
training: bool
class spikingjelly.clock_driven.ann2snn.kernels.onnx.Add
HK: torch.nn.modules.module.Module
forward (inputl, input2)
training: bool
class spikingjelly.clock_driven.ann2snn.kernels.onnx.Reshape
2%#@5torch.nn.modules.module.Module
forward (inputl, input2)
training: bool
class spikingjelly.clock_driven.ann2snn.kernels.onnx.Concat (dim=[1])
HZ: torch.nn.modules.module.Module
forward ( *args)
training: bool
class spikingjelly.clock_driven.ann2snn.kernels.onnx.Shape
2 torch.nn.modules.module.Module
forward (input)
training: bool
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class spikingjelly.clock_driven.ann2snn.kernels.onnx.Gather (dim=1I)

2 torch.nn.modules.module.Module
forward (inputl, input2)
training: bool

class spikingjelly.clock_driven.ann2snn.kernels.onnx.Unsqueeze (dim=[1])

2 torch.nn.modules.module.Module
forward (input)
training: bool

class spikingjelly.clock_driven.ann2snn.kernels.onnx.TopologyAnalyser
HZ: object

* APl in English

XA onnx AT, T JE AL PRI AL AT TE 2 AP SR, WGHIT K E AR
itk

* APl in English

This class analyzes the topological structure of the model through onnx to facilitate subsequent processing There

are better implementation methods here, developers are welcome to continue to optimize
add_data_node (a)

insert (a, b, info=None)

findNext (id)

findPre (id)

find_pre_module (module_name)

find_next_module (module_name)

update_module_idx (onnx_graph)

analyse (onnx_graph)

spikingjelly.clock_driven.ann2snn.kernels.onnx.pytorch2onnx_model (model:
torch.nn.modules.module. Module,
data, **kargs) —

onnx.ModelProto

e APl in English

BH

e model —fF 5] PyTorch fR 7
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« data HI THARAEE (F R e i A4ERE)
* log_dir —Hith s

T4 PyTorch A7 2| onnx #5%Y

e APl in English

B8
* model -the PyTorch model to be converted
* data —The data used for conversion (used to determine the input dimension)

* log_dir —output folder

Convert PyTorch model to onnx model

spikingjelly.clock_driven.ann2snn.kernels.onnx.onnx2pytorch_model (model:
onnx.ModelProto,
_converter) —

torch.nn.modules.module.Module

spikingjelly.clock_driven.ann2snn.kernels.onnx.layer_ reduction (model:
onnx.ModelProto) —

onnx.ModelProto

spikingjelly.clock_driven.ann2snn.kernels.onnx.rate_normalization (model:
onnx.ModelProto,
data:
torch. Tensor,
**kargs) —

onnx.ModelProto

e APl in English

ZH
* model —~ANN %!, 257} onnx.ModelProto
o data —f T AR, 25504 torch. Tensor

» channelwise YK “True”, N5 H G TE(E P St 112 channelwise 15 &N, §&
TG IR B RIS 1T 2 layerwise HY

* robust —#IHN “True*, AT EERSEZREER 99.9 AAL; B, ]
P IR FEL P eV TR 0 Y R

* eps —epsilon; KRBLEAEHTERIA le-5
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KERIA—1k

e API in English

SH

* model —~ANN model, the type is onnx.ModelProto

* data —the data used for conversion, the type is torch.Tensor

* channelwise —If True, the statistics that control the activation amplitude are channelwise;

otherwise, the statistics that control the activation amplitude are layerwise

* robust —If True, the statistic of the control activation amplitude is the 99.9th percentile

of activation; otherwise, the statistic of the activation amplitude is the maximum value of

activation

* eps —epsilon; if no value is set, the default is 1e-5

normalize the firing rate

spikingjelly.clock_driven.

spikingjelly.clock_driven.
spikingjelly.clock_driven.
spikingjelly.clock_driven.
spikingjelly.clock_driven.
spikingjelly.clock_driven.

spikingjelly.clock_driven.

spikingjelly.clock_driven.

spikingjelly.clock_driven.

spikingjelly.clock_driven.

ann2snn.

ann2snn.

ann2snn.

annz2snn.

ann2snn.

ann2snn.

annz2snn.

ann2snn.

ann2snn.

annz2snn.

kernels

kernels

kernels

kernels

kernels

kernels

kernels

kernels

kernels

kernels

.onnx.

.onnx

.onnx.

.onnx

.onnx

.onnx.

.onnx.

.onnx.

.onnx.

.onnx

save_model (model: onnx.ModelProto,
f=None)

.move_constant_to_initializer (graph)

print_onnx_model (graph)

.absorb_bn (graph, topo_analyser)

.remove_unreferenced_initializer (graph)
update_topology (graph)
find_node_by_output (output_name,
graph)

scale_node_weight_bias (topo_analyser,

graph,

node_idx,

scale)

get_onnx_output (model, numpy_tensor)

.get_intermediate_output_statistics (model,

numpy_tenso
chan-

nel-
wise=Fualse,
de-
bug=None)
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spikingjelly.clock_driven.ann2snn.kernels.onnx.normalize_model (model, output_statistics,
topo_analyser,
robust_norm=True,
channelwise=Fualse,

eps=1e-05)

spikingjelly.clock_driven.ann2snn.kernels.onnx.load_parameters (model: spiking-
Jjelly.clock_driven.ann2snn.kernels.onnx._]

initializer)

spikingjelly.clock_driven.ann2snn.kernels.pytorch module

spikingjelly.clock_driven.ann2snn.kernels.pytorch.layer_ reduction (model:
torch.nn.modules.module. Module)
H

torch.nn.modules.module.Module

spikingjelly.clock_driven.ann2snn.kernels.pytorch.rate_normalization (model:
torch.nn.modules.module. Module
data:
torch. Tensor,
**kargs) —

torch.nn.modules.module.Modul

spikingjelly.clock_driven.ann2snn.kernels.pytorch.save_model (model:

torch.nn.modules.module. Module,

3l

spikingjelly.clock_driven.ann2snn.kernels.pytorch.absorb (param_module, bn_module)

Module contents

Submodules

spikingjelly.clock_driven.ann2snn.modules module

class spikingjelly.clock_driven.ann2snn.modules.MaxPool2d (kernel_size, stride=None,
padding=0, dilation=1,
return_indices=False,
ceil_mode=Fulse,
momentum=None)

HZ: torch.nn.modules.module.Module

* APl in English
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SH
* kernel_size —f HEERKIIFI/N
* stride -H YA K. BRIAMEN kernel_size
* padding [ B IE R E 1R/
* dilation &% 11 HICEM IR M SEL
* return_indices 4 True , KfiR[E] 5K TS FH 5l
* ceil_mode Y4 True , Y5l ceil A2 floor Feit ik AR

» momentum —47¢ [0, 1] H, RFAEITIEREP M AEL &S 1T 248 None ), $F
TET PSR BP A8 231 kb 8

J&A] None
FF et o 2.2.6 AT BT MaxPool2d £, A T 3EZF Pytorch (1) MaxPool2d #H, A% S 41k M
Pytorch fH[]. FEfHIE I torch.nn.MaxPool2d . AN M AT #7481, Geit&Enl PAE
1428 R B0 R AW — B S A5 SAE M o RIS momentum BB TR W] DAA AN R IS T BE

momentum ¥ 3 FF None {EF1 [0,17 X [A] 477 S BCEUEANE Mt o BEAE t B2, Bkop ASK 2R s¢
Bk B it&h pe 24 momentum Z%4°0 None B}, GEit& kR T Ikih%L

Pt =Pt—1 + St
24 momentum ZH (0,11 X [R]FPE s, Geit & hrELn) g 20
Pt = momentum * pg_1 + (1 — momentum) * Sy

o P AP

SH
* kernel_size -the size of the window to take a max over
* stride —the stride of the window. Default value is kernel_size
* padding —implicit zero padding to be added on both sides
* dilation —a parameter that controls the stride of elements in the window

* return_indices -if True, will return the max indices along with the outputs. Useful for

torch.nn.MaxUnpool2d later
* ceil_mode —~when True, will use ceil instead of floor to compute the output shape

* momentum-when in [0, 1], will use online momentum statistics in gate functions; when None,

will use accumulated spike in gate functions

J&A] None

! Rueckauer B, Lungu I-A, Hu Y, Pfeiffer M and Liu S-C (2017) Conversion of Continuous-Valued Deep Networks to
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Design the MaxPool2d module based on section 2.2.6 in’ . In order to be compatible with Pytorch’ s MaxPool2d
module, many parameter settings are the same as Pytorch. See torch.nn.MaxPool2d for details. The basic
idea is to accumulate the input spikes, which can control the gating function to determine which input spike is used
as output. Depending on the type of momentum parameter, different statistical functions can be used. momentum
supports the floating-point value in [0,1] or value None Assume at time t, the spike input is s; and the spike statistic

is p;. When momentum is None, the statistic is sum of spikes over time.

Pt = DPt—1 + S¢

When momentum is a floating point in [0,1], the statistic is online momentum of spikes.

Pt = momentum * pg_1 + (1 — momentum) * Sy

Efficient Event-Driven Networks for Image Classification. Front. Neurosci. 11:682.
forward (dv: torch. Tensor)

reset ()

& [H] None
ERCRUEAVIWAE) kN
training: bool

class spikingjelly.clock_driven.ann2snn.modules.Acculayer (momentum=None)
2 torch.nn.modules.module.Module

forward (spk: torch. Tensor)

reset ()
& [Al None
WA TCHPIIRIRES

training: bool

Module contents

class spikingjelly.clock_driven.ann2snn.parser (name=", kernel="onnx’, **kargs)
HI: object

parse (model: torch.nn.modules.module. Module, data: torch. Tensor, **kargs) —

torch.nn.modules.module.Module

to_snn (model: torch.nn.modules.module. Module, **kargs) — torch.nn.modules.module.Module
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spikingjelly.clock_driven.ann2snn.z_norm_integration (model:
torch.nn.modules.module. Module,
z_norm=None) —

torch.nn.modules.module.Module

class spikingjelly.clock_driven.ann2snn.simulator (snn, device, name=", **kargs)
HZ: object

simulate (data_loader, T, **kargs)
get_values (data, targets, device, T, func_dict, **kargs)

class spikingjelly.clock_driven.ann2snn.classify_simulator (snn, device, **kargs)

HH: spikingjelly.clock_driven.ann2snn.simulator
static correct_num (fargets, out_spike_cnt, **kargs) — float

static total_num (fargets, **kargs) — float

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:
Optional[int] = None, split_by: Optional[str] = None,
duration: Optional[int] = None, transform:
Optional[Callable] = None, target_transform:
Optional[Callable] = None)
KK spikingjelly.datasets.NeuromorphicDatasetFolder

S8
* root (str) -root path of the dataset
* data_type (str) —event or frame
* frames_number (int) —the integrated frame number
e split_by (st r) —time or number
e duration (int) —the time duration of each frame

* transform (callable) —a function/transform that takes in a sample and returns a trans-

formed version. E.g, transforms.RandomCrop for images.
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* target_transform(callable)-afunction/transform that takes in the target and trans-

forms it.

s

If data_type == 'event' the sample in this dataset is a dict whose keysare [ ‘t” , ‘x’ , ‘y', ‘p’ ]

and values are 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 in-

tegrated to frames with fixed time duration.

static resource_url_md5 () — list

RA] Alisturl thaturl[i] is a tuple, which contains the i-th file’ s name, download link, and
MD5

FRMIRAY Tist

static downloadable () — bool

RNl 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

e extract_root (str)-Root directory path which saves extracted files from downloaded
files

J&[n] None
This function defines how to extract download files.

static load_origin_data (file_name: str) — Dict

%% file_name (str) —path of the events file
]\ adict whose keysare [ ‘t” , ‘x’ , ‘y’ , ‘p’ ]and values are numpy.ndarray
BMIRA Dict

This function defines how to read the origin binary data.
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static get_H_W() — Tuple

R 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.

BRMERH tuple
static read_mat_save_to_np (mat_file: str, np_file: str)

static create_events_np_f£files (extract_root: str, events_np_root: sir)

SR

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
#&[Aal 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.cifarl10_dvs.read_bits (arr, mask=None, shift=None)
spikingjelly.datasets.cifar10_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.cifar10_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.cifar10_dvs.load_events (fp, filter_dvs=False, **kwargs)

class spikingjelly.datasets.cifarl10_dvs.CIFAR10DVS (root: str, data_type: str = ‘event’,
frames_number: Optional[int] = None,
split_by: Optional[str] = None, duration:
Optional[int] = None, transform:
Optional[Callable] = None,
target_transform: Optional[Callable] =
None)

HHK: spikingjelly.datasets.NeuromorphicDatasetFolder
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* root (str)—root path of the dataset

* data_type (str) —event or frame

» frames_number (int) —the integrated frame number
* split_by (str) —time or number

e duration (int) —the time duration of each frame

* 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.

3 ) ‘ ) ¢

If data_type == 'event' the sample in this dataset is a dict whose keysare [ ‘t” , ‘x’ , ‘y’, ‘p’ ]

and values are 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 in-

tegrated to frames with fixed time duration.

static resource_url_md5 () — list

BRIl Alisturl thaturl [i] is a tuple, which contains the i-th file’ s name, download link, and
MD5

RMIRA Tist

static downloadable () — bool

& [a] Whether the dataset can be directly downloaded by python codes. If not, the user have to

download it manually
BREIZRAET 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
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&[A] None

This function defines how to extract download files.

static load_origin_data (file_name: str) — Dict

¥t file_name (st r)—path of the events file
Rl adict whose keysare [ ‘t’ , ‘x’ , ‘y’ , ‘p’ ]and valuesare numpy.ndarray
RMIZRH Dict

This function defines how to read the origin binary data.

static get_H_W() — Tuple

J&Al 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.
BRI 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)

* 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

J&[H] 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.
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spikingjelly.datasets.dvs128_gesture module

class spikingjelly.datasets.dvsl28_gesture.DVS128Gesture (root: str, train: Optional[bool] =
None, data_type: str = ‘event’,
frames_number: Optional[int] =
None, split_by: Optional[str] =
None, duration: Optional[int] =
None, transform:
Optional[Callable] = None,
target_transform:
Optional[Callable] = None)

HH: spikingjelly.datasets.NeuromorphicDatasetFolder

S8
* root (str)—root path of the dataset
e train (bool)—whether use the train set
* data_type (st r) —event or frame
* frames_number (int) —the integrated frame number
* split_by (str) —time or number
e duration (int) —the time duration of each frame

* transform (callable) —a function/transform that takes in a sample and returns a trans-

formed version. E.g, t ransforms . RandomCrop for images.

* target_transform(callable)-afunction/transform that takes in the target and trans-

forms it.

3 ) < ) 3

If data_type == 'event' the sample in this dataset is a dict whose keysare [ ‘t” , ‘x’ , ‘y', ‘p’ ]

and values are 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 in-

tegrated to frames with fixed time duration.

static resource_url_md5 () — list

&l Alisturl thaturl [i] is a tuple, which contains the i-th file’ s name, download link, and
MD5

R AIRAY Tist
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static downloadable () — bool

1R[] Whether the dataset can be directly downloaded by python codes. If not, the user have to

download it manually
R\ bool

static extract_downloaded_files (download_root: str, extract_root: str)

e
* 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

J&[H] None
This function defines how to extract download files.

static load_origin_data (file_name: str) — Dict

%% file_name (str) —path of the events file

‘ ) 3 9

]&A] adict whose keysare [ ‘t’ , ‘x’ , ‘y’ , ‘p’ ]and values are numpy.ndarray
RMIEA Dict
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: 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
&\l 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
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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.

BMPERL tuple

spikingjelly.datasets.n_caltech101 module

class spikingjelly.datasets.n_caltech101.NCaltechl01 (root: str, data_type: str = ‘event’,
frames_number: Optional[int] =
None, split_by: Optional[str] = None,
duration: Optional[int] = None,
transform: Optional[Callable] = None,
target_transform: Optional[Callable]
= None)

H: spikingjelly.datasets.NeuromorphicDatasetFolder
S8
* root (str)—root path of the dataset
* data_type (str) —event or frame
* frames_number (int) —the integrated frame number
e split_by (str) —time or number
e duration (int) —the time duration of each frame

* 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.

3 9 ‘ ) ‘

If data_type == 'event' the sample in this dataset is a dict whose keysare [ ‘t” , ‘x’ , ‘y’, ‘p’ ]

and values are 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 in-

tegrated to frames with fixed time duration.

static resource_url_md5 () — list
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spikingjelly, %% alpha

BRIl Alisturl that url [i] is a tuple, which contains the i-th file’ s name, download link, and
MD5

RMIRA Tist

static downloadable () — bool

& [i] 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

& [H] None
This function defines how to extract download files.

static load_origin_data (file_name: str) — Dict

¥ file_name (st r)—path of the events file
B adict whose keysare [ ‘t” , ‘x’ , ‘y’ , ‘p’ ]andvaluesare numpy.ndarray
R MR Dict

This function defines how to read the origin binary data.

static get_H_W() — Tuple

R&E] 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.

BIRAEY 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)

28
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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

&\l 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: Optional[int]
= None, transform: Optional[Callable] = None,
target_transform: Optional[Callable] = None)
KK spikingjelly.datasets.NeuromorphicDatasetFolder

* root (str) —root path of the dataset

e train (bool)—whether use the train set

* data_type (str) —event or frame

* frames_number (int) —the integrated frame number
* split_by (str) —time or number

e duration (int) —the time duration of each frame

* 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.

3 ) ‘ ) ‘

If data_type == 'event' the sample in this dataset is a dict whose keysare [ ‘t’ , ‘x’ , ‘y’, ‘p’ ]

and values are 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 in-

tegrated to frames with fixed time duration.

static resource_url_md5 () — list
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BRIl Alisturl that url [i] is a tuple, which contains the i-th file’ s name, download link, and
MD5

RMIRA Tist

static downloadable () — bool

& [i] 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

& [H] None
This function defines how to extract download files.

static load_origin_data (file_name: str) — Dict

¥ file_name (st r)—path of the events file
B adict whose keysare [ ‘t” , ‘x’ , ‘y’ , ‘p’ ]andvaluesare numpy.ndarray
R MR Dict

This function defines how to read the origin binary data.

static get_H_W() — Tuple

R&E] 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.

BIRAEY 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)
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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
&\l 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.speechcommands module

spikingjelly.datasets.speechcommands.load_speechcommands_item (relpath: str, path: str)
— Tuple[torch.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:
Optional[str] =
SpeechCommands’, download.:
Optional[bool] = False)

%5’@ torch.utils.data.dataset .Dataset

¥
* label_dict (Dict) %52 M Y 5 4
* root (str) KRR H
* silence_cnt (int, optional)-Silence F¥iHI% &=
e silence_size (int, optional)—Silence R~}
e transform (Callable, optional)—A function/transform that takes in a raw audio
e url (str, optional) -$PRENRA, BRIAH v0.02

e split (str, optional)-BUELEXI4, AIPAZ "train", "test", "val", B

AH "train"
e folder_in_archive (str, optional) —fRJEJG W B &4 8, EiA N
"SpeechCommands"
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* download (bool, optional) —&f FEEHE, ERiAN False

SpeechCommands 155854, H H Speech Commands: A Dataset for Limited-Vocabulary Speech Recogni-
tion, ARIEZE AL S RAER S AT TR, AE v0.01 5 v0.02 PIANRAS .

G SRS S S Ci DRy Tk

1. Tﬁbé\i‘iﬁ‘L ;H\: 10/l\777 Yes” , “No” , “Up” , “Down” , “Left” , “Right” , “On” , “Off” , “Stop” ,
“Go” . X v0.02, IBERAMENNT 54 :” Forward” , “Backward” , “Follow” , “Learn” , “Visual” .

2. 0~9 9%, £ 104:” One” , “Two” , “Three” , “Four” , “Five” , “Six” , “Seven” , “Eight”
, “Nine” .

3' %Ejjiﬁj, m‘w\?\ﬂﬁyq:ﬁtiﬂy ;j\: 10 /I\:ﬁ Bedﬂ , “Bird” , ucatn , “DOg” , “Happy” , “HOHSC” ,

“Marvin” , “Sheila” , “Tree” , “Wow” .

vO.01 A& I 30 38, 64,727 DBy, v0.02 AL & 36T 35 28, 105,829 ST B, Wi
N RS WHIRE S, ALKHREE ) README,

AL SE LT torchaudio 9 7 T HIfE, [FBESE T 0t CiysLil.

Module contents

spikingjelly.datasets.play_£rame (x: torch. Tensor, save_gif _to: Optional[str] = None) — None

S
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
&1 None

spikingjelly.datasets.load_matlab_mat (file_name: sir) — Dict

%4 file_name (st r)—path of the matlab’ s mat file
&I a dict whose keysare [ ‘t” , ‘x’ , ‘y’ , ‘p’ ]and valuesare numpy.ndarray
BRI Dict

spikingjelly.datasets.load_aedat_v3 (file_name: str) — Dict

%% file_name (st r) —path of the aedat v3 file

]l adict whose keysare [ ‘t” , ‘x’ , ‘y’ , ‘p’ ]and values are numpy.ndarray

BRI Dict
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This function is written by referring to https://gitlab.com/inivation/dv/dv-python . It can be used for DVS128

Gesture.

spikingjelly.datasets.load_ATIS_bin (file_name: str) — Dict

%% file_name (st r)—path of the aedat v3 file

jRA] a dict whose keysare [ ‘t” , ‘x’ , ‘y’ , ‘p’ ]and valuesare numpy.ndarray

BRMRA 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) — numpy.ndarray

%% file_name (st r) —path of the npz file that saves the frames

J&m] frames

B EZEH np.ndarray

spikingjelly.datasets.integrate_events_segment_to_frame (events: Dict, H: int, W: int, j_I: int

=0,jriint=-1) —

numpy.ndarray

param events adict whosekeysare[ ‘t’, ‘x’, ‘y’, ‘p’]and values are numpy .ndarray
type events Dict

param H height of the frame

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
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Denote a two channels frame as F' and a pixel at (p, z,y) as F(p,x,y), the pixel value is integrated
from the events data whose indices are in [j;, j.):
Jr—1
F(p,z,y) = Z Lp,w,y(Pis T3 Yi)
=4
where | - floor is the floor operation, Z, ;. ,, (ps, €3, ¥;) is an indicator function and it equals 1 only when (p, , y) =
(Pi, i, Yi)-

spikingjelly.datasets.cal_fixed_frames_number_segment_index (events_t: numpy.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
Rl atuple (_1, j_r)
BMPRM tuple
Denote frames_numas M, if split_byis 'time', then

AT = [L*;W_ fo,

Ji = argmin{ty |ty > to + AT - j}
k

argmax{tilty <to+ AT -G+ 1}+1, j<M-1
N, j=M-1

If split_byis 'number', then

Il
| =

Ji
[(X)-(G+1), j<M-1
N, j=M-1

spikingjelly.datasets.integrate_events_by_ fixed_frames_number (events: Dict, split_by: str,
frames_num: int, H: int,
W:int) —

numpy.ndarray

B

* events (Dict) —adict whose keysare [ ‘t’ ,

3 ) < )

x’, ‘y’, ‘p’ ]and values are numpy .

ndarray
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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
kA frames
R MEIZEH 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.

spikingjelly.datasets.integrate_events_file_to_frames_file_by_ fixed_frames_number (events_np_fil
Str,
out-
put_dir:
Str,
split_by:
str,
frames_num
int,
H:
nt,
Ww:
int,
print_save:

bool

False)
4)

None

* 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

* print_save (bool) —If True, this function will print saved files’ paths.
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J&IA] None

Integrate a events file to frames by fixed frames number and save it See
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) — numpy.ndarray

3 ) < )

* events (Dict)—adict whosekeysare [ ‘t” , ‘x’, ‘y’, ‘p’ ]and valuesare numpy .

ndarray
e duration (int) —the time duration of each frame
* H (int) —the height of frame
* W (int) —the weight of frame
J&[A] frames
R EZRTEY np.ndarray
Integrate events to frames by fixed time duration of each frame.

spikingjelly.datasets.integrate_events_file_to_frames_file_by_ fixed_duration (events_np_file:
Str,
out-
put_dir:
Str,
du-
ra-
tion:
int,
H:
int,
Ww:
int,
print_save:
bool

False)
—

None

ZH
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* events_np_file (str) —path of the events np file
* output_dir (str)—output directory for saving the frames
e 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.
J&Ia] None
Integrate events to frames by fixed time duration of each frame.

spikingjelly.datasets.create_same_directory_structure (source_dir: str, target_dir: str) —

None

S8
* source_dir (str) —Path of the directory that be copied from
* target_dir (str)—Path of the directory that be copied to
&1l None
Create the same directory structure in target_dir with that of source_dir.

spikingjelly.datasets.split_to_train_test_set (train_ratio: float, origin_dataset:
torch.utils.data.dataset. Dataset, num_classes: int,

random_split: bool = False)

W
&

* train_ratio (float) —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

* 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 . randon. seed
JR&Ia] atuple (train_set, test_set)
BIPRAY tuple

spikingjelly.datasets.pad_sequence_collate (batch: list)

%%, batch (11st) —a list of samples that contains (x, v), where x.shape=[T, *] andy is
the label
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1R[] batched samples, where x is padded with the same length
R EPRHE tuple

This function can be use as the collate_fn for DataLoader to process the dataset with variable length, e.g.,

aNeuromorphicDatasetFolder with fixed duration to integrate events to frames.

Here is an example:

class RandomLengthDataset (torch.utils.data.Dataset):
def _ init_ (self, n=1000):
super () .__init__ ()

self.n = n

def _ _getitem__ (self, 1i):

return torch.rand([random.randint (1, 10), 28, 28]), random.randint (0, 10)

def len_ (self):

return self.n

loader = torch.utils.data.DatalLoader (RandomLengthDataset (n=32), batch_size=16,.

—collate_fn=pad_sequence_collate)

for x, y, z in loader:

print (x.shape, y.shape, 2z)

And the outputs are:

torch.Size ([10, 16, 28, 28]) torch.Size([16]) tensor([ 1, 9, 3, 4, 1, 2, 9,o
- 7, 2, 1, 5, 7, 4, 10, 9, 51])
torch.Size([10, 16, 28, 28]) torch.Size([16]) tensor ([ 1, 8, 7, 10, 3, 10, 6,
7, 5, 9, 10, 5, 9, 6, 7, 6])

spikingjelly.datasets.padded_sequence_mask (sequence_len: torch.Tensor, T=None)

param sequence_len atensor shape = [N] thatcontains sequences lengths of each batch

element
type sequence_len torch.Tensor

param T The maximum length of sequences. If None, the maximum element in

sequence_len will be seen as T
type T int
return a bool mask with shape = [T, N], where the padded position is False

rtype torch.Tensor
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Here is an example:

x1 = torch.rand([2, 6])

x2 = torch.rand([3, 61])

x3 = torch.rand([4, 6])

x = torch.nn.utils.rnn.pad_sequence ([x1l, 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=

¢, mask)

And the outputs are:

x.shape= torch.Size([4, 3, 6])
mask.shape= torch.Size([4, 3])
mask=
tensor ([ [ True, True, True],
[ True, True, Truel,
[False, True, True],

[False, False, Truel] ])

class spikingjelly.datasets.NeuromorphicDatasetFolder (root: str, train: Optional[bool] =
None, data_type: str = ‘event’,
Jrames_number: Optionalfint] =
None, split_by: Optional[str] = None,
duration: Optional[int] = None,
transform: Optional[Callable] =
None, target_transform:
Optional[Callable] = None)

HZ: torchvision.datasets.folder.DatasetFolder
S
* 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
* frames_number (int) —the integrated frame number

e split_by (st r) —time or number
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e duration (int) —the time duration of each frame

* transform (callable) —a function/transform that takes in a sample and returns a trans-

formed version. E.g, t ransforms . 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.dvsl28_gesture.DVS128Gesture.

s

If data_type == 'event' the sample in this dataset is a dict whose keysare [ ‘t” , ‘x’ , ‘y’, ‘p’ ]

and values are 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 in-

tegrated to frames with fixed time duration.

abstract static load_origin_data (file_name: str) — Dict

¥ file_name (st r)—path of the events file
B’ adict whose keysare [ ‘t” , ‘x’ , ‘y’ , ‘p’ ]and valuesare numpy.ndarray
RIAIEE Dict

This function defines how to read the origin binary data.

abstract static resource_url_md5 () — list

R&IA] Alisturl thaturl [i] is a tuple, which contains the i-th file’ s name, download link, and
MD5

BRI Tist

abstract static downloadable () — bool

RNl Whether the dataset can be directly downloaded by python codes. If not, the user have to
download it manually

R bool

abstract static extract_downloaded_files (download_root: str, extract_root: str)

B8

* download_root (st r)—Root directory path which saves downloaded dataset files
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* extract_root (str)-Root directory path which saves extracted files from downloaded
files

J&[n] None
This function defines how to extract download files.

abstract static create_events_np_files (extract_root: str, 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
& [Aal 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

Rl 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.

RMERRH tuple
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)

HZ: torch.nn.modules.module.Module
forward (x: rorch. Tensor)
training: bool

spikingjelly.event_driven.examples.tempotron_mnist.main ()

J&Ial None
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2 R T T e g A5 2 [ B A kot )2 Tempotron JEAT MINIST 3R 121776

>>> import spikingjelly.event_driven.examples.tempotron_mnist as tempotron_mnist

>>> tempotron_mnist.main ()

MNEBATH A, Flin “cpu” &K “cuda:0”

input device, e.g., "cpu" or "cuda:0": cuda:15
WMANRT MNIST HEEWLE, Flm “./"
input root directory for saving MNIST dataset, e.g., "./": ./mnist

MmN\ batch_size, #lim “64”
input batch_size, e.g., "64": 64
WMAFIE, flin “le-37
input learning rate, e.g., "le-3": le-3
WA EAK, Fltm “100”
input simulating steps, e.g., "100": 100
WA g, PR IGEHREK, fln “100”
input training epochs, e.g., "100": 10
WMAERABHREEERDENMEACANHETRE, flm “16”
input neuron number for encoding a piexl in GaussianTuning encoder, e.g., "16":_
—16
W1k tensorboard HAEXHHMEE, fliw “./”
input root directory for saving tensorboard logs, e.g., "./": ./logs_tempotron_
—mnist
cuda:15 ./mnist 64 0.001 100 100 16 ./logs_tempotron_mnist
train_acc 0.09375 0
cuda:15 ./mnist 64 0.001 100 100 16 ./logs_tempotron_mnist
train_acc 0.78125 512

Module contents

spikingjelly.event_driven.encoding package

Module contents

class spikingjelly.event_driven.encoding.GaussianTuning (n, m, x_min: torch. Tensor, x_max:

torch. Tensor)

HZ: object
SH
* n FHERECE, int
o m G NRFAL T R AR 20, int

e x_min—n MHEAFZ/IME, shape=[n] f{ tensor
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e x_max —n MFEAT I KH, shape=[n] FJ 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 i Al 3R 18 il 28 2 i 5 =X

Y o5 I i ) i A5 R T FE Y device 5 x_min.device —

encode (x: torch. Tensor, max_spike_time=50)

BH

* x —shape=[batch_size, n, k], batch_size E#fi, & MIHEEA n ML, BFILF
A kA

* max_spike_time —fR K (&) Mt A (6], 0 n] RAFR A 2 T HRF 1) 27 11 P E

i&Al out_spikes, shape=[batch_size, n, k, m], RFEEMNEIERAS AL T m A28 50 ik & i
i} 1]

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)
HIJ5: torch.nn.modules.module.Module

S8
* in_features # AS(E, & X5 nnLinear ¥ in_features Z%4H 5]
» out_features - ¥E, & X5 nnLinear § out_features Z4(AH [A]
o T{EJ
* tau LIF #IZ TR 45 i) 4L
* tau_s Sl F R T RN ) AR
» v_threshold - F{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 1 %) Tempotron 7

static psp_kernel (¢ forch. Tensor, tau, tau_s)

S
o £ —FI/RIZIHY tensor

o tau —LIF #1 £ JeH R0 It [] 4k
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o tau_s 5l F Y LI Y TE RN ) H A
BRIt 25 S B LIF #0285y i (e

static mse_loss (v_max, v_threshold, label, num_classes)

ZH

* v_max —Tempotron #fl £ JC7 fi F i 1 P4 4 s B S KA, 5 forward bR £57E
ret_type == ‘v_max’ MJAJIREEAH[E . shape=[batch_size, out_features] fJ tensor

* v_threshold -Tempotron [1 F{{E . &, float B shape=[batch_size, out_features] [1]

tensor
* label EARIEEIRZ, shape=[batch_size] Y tensor
* num_classes FEARRRGLELL, int

B PR RIM AT, S5 EE AR 22 T R 2

forward (in_spikes: torch. Tensor, ret_type)

%% in_spikes —shape=[batch_size, in_features]
in_spikes:, i] FR 5 i A A kb 2oz, 1 0 2 T 2, T2 ERHC

in_spikes[:, i] < 0 W FE7R I6 fikidr % Jit:param ret_type: 1R [F{ERIZEI, WPASK v’ ,7 v_max’ ,’ spikes’
‘return:

ret_type== ‘v’ : 1&[a]—~* shape=[batch_size, out_features, T] [{{] tensor, Fs out_features > Tempotron

TN ERHS T AL

ret_type == ‘v_max’ : j& [A]—4> shape=[batch_size, out_features] [{{J tensor, F&R~ out_features /7> Tem-

potron i ZJCAET IS T A I FL I

ret_type == ‘spikes’ : 1% [i]—~> out_spikes, shape=[batch_size, out_features] [{{] tensor, F7x out_features
A~ Tempotron #1ZTTII kIR &I, out_spikes[:, i1 F7~ 38 1 /Nt ki i ik & e 20, /- 0
BT ZE, TR2ERFK. out_spikes[:, i] < 0 F277 ok & ik

training: bool

Module contents

7.5.4 spikingjelly.visualizing package
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Module contents

spikingjelly.visualizing.plot_2d_heatmap (array: numpy.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] FJ{T 244l

* title IR

» xlabel —#HEMY x Hlif1Y label

* ylabel —#J 1) y Gl label

« int_x_ticks x i F2 7 H i RgE g

* int_y_ticks -y fill B R BRI

* plot_colorbar —& {5l H /B (a FIEE XTI & &) colorbar
* colorbar_y_label —colorbar ¥ y #if label

« x_max —BEHIAY B R 2. A E N None, WA MBEHI i K2 JE 2 array.
shape[1]

e dpi —2:FK) dpi
B 2247 figure
gl —ak e . FTARRE T — K IR 2 TCEA R B ZI R r R RO L, RIS -

import torch

from spikingjelly.clock_driven import neuron
from spikingjelly import visualizing

from matplotlib import pyplot as plt

import numpy as np

1if = 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_list = torch.cat (v_1list)

(Rt
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spikingjelly, %% alpha

(£ 50

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 ()

Membrane Potentials

Neuron Index
Voltage Magnitude

0 6 12 18 24 30 36 42 48
Simulating Step

spikingjelly.visualizing.plot_2d_bar_in_3d (array: numpy.ndarray, title: str, xlabel: str, ylabel: str,
Zlabel: str, int_x_ticks=True, int_y_ticks=True,

int_z_ticks=False, dpi=200)

e array —shape=[T, N]| {{TZHH

s title KRR

» xlabel —x #lj[}) label

» ylabel —y i1 label

» zlabel —z iy label

e int_x_ticks —x il @ H SRR E
* int_y_ticks -y il L2 E H BoR B8z

e int_z_ticks —z §li 2 H B R Z
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* dpi W) dpi
BRI 22§41 figure

A shape=(T, N| AO{ERERCAL, 201k = AERORERIE . T DTS4 1 T 0 ko MOt WGt
IR, R R

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 ()
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spiking rates of output layer

spiking rate

WAL R il — 5K R 2 A e E AN R 20 F EE R A 18, s B AS -

import torch
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_1list = []
for t in range(T):
1lif_node(w * torch.rand(size=[neuron_num]))

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

v_1list = torch.cat (v_1list)
visualizing.plot_2d_bar_in_3d(v_list, title='voltage of neurons', xlabel='neuron.

—index"',
ylabel="'simulating step', zlabel='voltage', int_x_

—ticks=True, int_y_ticks=True,

(i)
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(£ 50

=200)

=False, dpi

int_z_ticks

plt.show ()
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spikingjelly.visualizing.plot_1d_spikes (spikes: numpy.asarray, title: str, xlabel: str, ylabel: str,

=True,

True, plot_firing_rate

True, int_y_ticks

int_x_ticks

=200)

Firing Rate’, dpi

firing_rate_map_title

ZH

N A T ik

/N

Hlosl, %

HAmooE

—shape=[T, N] i np %41,

* spikes

he

Ayl
» xlabel —# /7 EI x i) label
¢ ylabel —#Jj I y filii¥) label

e title KM

_ h R SRR B

e int_y_ticks y#i FEAEHE

e int_x ticks x

L el

7N

* plot_firing_rate —2 75 25 bk A HUR

375

7.5. About


https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/stdtypes.html#str

spikingjelly, %% alpha

* firing_rate_map_title ki K il KA AR
* dpi £l dpi
Bl 2 iy figure
NI T AR . wT LA e N ASBRZETCHE T AN 20 ko A TCiE o0, 7 B AReS -

import torch

from spikingjelly.clock_driven import neuron
from spikingjelly import visualizing

from matplotlib import pyplot as plt

import numpy as np

1if = 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_list = torch.cat (v_1list)

visualizing.plot_1d_spikes (spikes=np.asarray(s_list), title='Membrane Potentials',
— xlabel='Simulating Step',
ylabel="Neuron Index', dpi=200)

plt.show ()

376 Chapter 7. Welcome to SpikingJdelly’ s documentation



spikingjelly, %% alpha

Neuron Index

Do [N} = —_

g S o O
T T T T

[\
oo
T
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]
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spikingjelly.visualizing.plot_2d_spiking_feature_map (spikes: numpy.asarray, nrows, ncols,

S

R

space, title: str, dpi=200)

* spikes —shape=[C, W, H], C/"RSJO8 W * H B ikop 2R, HFEPRYICERN 0 5 1,
R AR I — ORI T 5 BUZ J5 Y Bk et 22 0 1 i

* nrows —ifj L& 1T

* ncols [l % /15|

* space & FEZ [A] AT
* title K hrd

* dpi Y dpi

—A figure, ¥ CANMERESTRmE L, SRJ5HES B nrows 47 neols 4]

A5 CANRE A W * H Ik, 230, SRJEHESI B nrows 77 ncols 31, SSRERREIE— Ok I T4
BUR G (R 28 TRt S0 B RCT DA AT AT AL . T B

from spikingjelly import visualizing
import numpy as np

from matplotlib import pyplot as plt

CFTgkED)

7.5. About

377



https://docs.python.org/3/library/stdtypes.html#str

spikingjelly, %% alpha

[CAWY)
C = 48
W =8
H =28
spikes = (np.random.rand(C, W, H) > 0.8).astype(float)

visualizing.plot_2d_spiking_feature_map (spikes=spikes, nrows=6, ncols=8, space=2,.
—title='Spiking Feature Maps', dpi=200)
plt.show ()

Spiking Feature Maps

spikingjelly.visualizing.plot_one_neuron_v_s (v: numpy.ndarray, s: numpy.ndarray,
v_threshold=1.0, v_reset=0.0, title="8V_{1}$ and
$S_{1)$ of the neuron’, dpi=200)

SH
* v —shape=[T], f# M ZTTA [ i 20 ) L e
* s —shape=[T], U £ TCA ] I 2R Fiknf
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« v_threshold — 1 T/ FI{E HLJE
* v_reset MIZITTHEER K. WATLAH None
* title bR
* dpi &1y dpi
B —A~ figure

L2 A2 IR Bk B R A AR DL o AR BIACAS -

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 ([2.01])
T = 150
s_list = []
v_1list = []
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=1if.v_threshold, v_
—reset=1if.v_reset,

dpi=200)

plt.show ()

Vi and S; of the neuron

* Vinreshold
== Vieset

voltage

spike

0 15 30 45 60 5 90 105 120 135

simulating step
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7.5.5 spikingjelly.cext package

spikingjelly.cext.functional package

Module contents

class spikingjelly.cext.functional.sparse_mm_dense_atf

%%’é ! torch.autograd. function.Function
static forward (ctx, sparse: torch. Tensor, dense: torch. Tensor)
static backward (ctx, grad_output)

spikingjelly.cext.functional.sparse_mm_dense (sparse: torch. Tensor, dense: torch. Tensor)

e APl in English

S8
» sparse (torch. Tensor) ¥l 2D tensor
» dense (torch. Tensor) —H4%% 2D tensor
i&Inl sparse A dense F)%E 4 3fe

BRI torch. Tensor

X AR —HERE sparse FIAREH) “ 4R dense HEATHEIEIRIL

Bl AUHNR B 0, HIeR sparse FAONMBIE RS, RS FER A R I T
o MR sparse NEFBL, WZeKE L 2 HIFERFFRIL torch . B8R Z

B WA AR BT RIRE, HIREHARE, ST,

B AREN S CPU,

o APl

ZH
* sparse (torch. Tensor) —a 2D sparse tensor

* dense (torch. Tensor) —a 2D dense tensor
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spikingjelly, %% alpha

1Z 0] a matrix multiplication of the matrices dense and sparse

JRIAIPI 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.

spikingjelly.cext.layer package

Module contents

class spikingjelly.cext.layer.SparseLinear (in_features: int, out_features: int, bias: bool = True)

HIJ5: torch.nn.modules.linear.Linear
o APl in English
SH
» in_features (int) i AEHERCE
» out_features (int) &y HEHESCE

e bias (bool) i False, NMARBEARNEH AT FMET . BHAKH True

TGS AN EERZ. 5 torch.nn. Linear W7 LM .

Bl AUHNR BT 02, HIER sparse FAONMBIE RS, RS FER A R I Tz
o MR sparse NEFGL, WZeK L 2 BRI FRIL torch . m B8R Z
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B MR AT RIR S, HIREIARE, S 20,

il AEASE CPU,

o L API

S8
* 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

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: torch. Tensor) — torch.Tensor
in_features: int

out_features: int

weight: torch.Tensor

class spikingjelly.cext.layer.AutoSparselinear (in_features: int, out_features: int, bias: bool =
True, in_spikes: bool = False)

HI5: torch.nn.modules.linear.Linear

e API in English
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* in_features (int) i AEHESRE

» out_features (int) i IIEHESCE

* bias (bool) A False, WAZENEGH A FEFIMET . BRIAH True

* in_spikes (bool) i A& Mk, BITTRI N 05k 1
BRI AR . MTAEEH A, BEM batch_size XMW ARBE RN, KRS Y ICETHE
HEM i AutoSparseLinear.benchmark FARKG FAFHL « W FRRHELE SN, M AREX— BN,

GUAR P IRIA A AR PSRRI AR o XETAERRA, A E R batch_size XTI A M
ELRI, AR SR 21 i i A B R SR A BB ke e ol P i R M e R i 2 T A PRk

IR

B MU R RR S, HIRZEH AR, S 20,

IR

Sl FRBUEFERIEA ZH CPU. £ CPU Lizfy, M Al m i k.

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 0 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

7.5. About 383


https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/functions.html#int
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/functions.html#int
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/functions.html#bool

spikingjelly, %% alpha

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: torch. Tensor) — torch.Tensor

extra_repr () — str

benchmark (batch_size: int, device=None, run_times=1024, precision=0.0001, verbose=True)

* API in English

batch_size (int) —%ij A batch size

device (str or None) —izfrHEMENRIIFERIE . &0 None, WISHHRE L
AJZFAERIBE -

run_times (int) —iaf M/l A FEARTA I B A SEIR A R BOR, DULEEHE I
HOESE STk

precision (float) /M RER I L I S G ELAAS

verbose (bool) & &F] I M A2 i H &

i 424, HE# ALY batch size 2 batch_size B, FEEANFHEE FEE 21T run_times Ik
it/ 38 A P e, LU R T, EL R R BIG A . AR BN EIER precision
B, S A R YR ATY AR LU B R B afe v e, ) 2 K5I A it B 15 ' A None o

o ¥ API

ZH

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

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 (f1loat) —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.

384
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in_features: int
out_features: int

weight: torch.Tensor

spikingjelly.cext.neuron package

Module contents

Module contents

spikingjelly.cext.cal_£fun_t (n, device, f, *args, **kwargs)
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examples.

examples

.conv_fashion_mn:

.dgn_cart_pole,

.DON_state,

.1if_fc_mnist,

.PPO,

.Spiking_AZ2C,

.Spiking_DQN_stat

spiking_lstm_sec

spiking_lstm_te:

.Spiking_PPO,

functional,

cifar8pikingdadbyigdoskifebyerdlp¥ekprpagation

monitor, 300

neuron, 292

rnn, 303

surrogate, 316

dvs, 346

spikingjelly.datasets.cifarl10_dvs, 348
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spikingjelly, %% alpha

spikingjelly.datasets.dvsl28_gesture,
351
spikingjelly.datasets.n_caltech101, 353
spikingjelly.datasets.n_mnist, 355
spikingjelly.datasets.speechcommands,
357
spikingjelly.event_driven, 370
spikingjelly.event_driven.encoding, 368
spikingjelly.event_driven.examples, 368
spikingjelly.event_driven.examples.tempotron_mnist,
367
spikingjelly.event_driven.neuron, 369

spikingjelly.visualizing, 371
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=5

A AutoSparseLinear (spikingjelly.cextlayer *F &9 3%),
absorb () ¢ spiking- 382
Jjelly.clock_driven.ann2snn.kernels.pytorch AXAT (spikingjelly.clock_driven.layer * 4% 5), 277
k), 343 B
absorb_bn () (& spiking-
Jjelly.clock_driven.ann2snn.kernels.onnx i backwa r.d 0 . (spiking-
), 342 Jjelly. ij’xt. functional.sparse_mm_dense_atf
AcculLayer (spikingjelly.clock_driven.ann2snn.modules #E7), 380
o %), 345 backward () (spiking-

Jjelly.clock_driven.examples.cifar10_r1 1 _enabling_spikebased_back

action (spikingjelly.clock_driven.examples.dgn_cart_pole. Transition
#HEH %), 251

property), 259

o . 3
action (spikingjelly.clock_driven.examples.Spiking_DQN_stgt%.%g;%fn%ig) (spikingjelly.clock_driven.surrogate.atan

P2
property), 249 S k), %27 | | )
ActorCritic (spikingjelly.clock_driven.examples.PPO backwa ri () (spikingjelly.clock_driven.surrogate.erf #%
S &7 ik), 332
Pag %), 249 7 %), 3 -
ActorCritic (spiking- backwar.d 0 . | (spiking-
jelly.clock_driven.examples.Spiking_A2C i Jjelly.clock_driven.surrogate.nonzero_sign_log_abs
% #& 7 %), 329
b4 %), 249 N
Add (spikingjelly.clock_driven.ann2snn.kernels.onnx ¥ 44 backward () (spiking-
% Jjelly.clock_driven.surrogate.piecewise_exp
%), 339 e
add_data_node () (spiking- # &7 %), 320

Jjelly.clock_driven.ann2snn.kernels.onnx. TopologyAI}f?a%%}éy ard() (spiking-

Jjelly.clock_driven.surrogate.piecewise_leaky_relu

7 i%), 340 jelbcloc
analyse () (spikingjelly.clock_driven.ann2snn.kernels.onnx. Topologyﬂg};h?}z?;;‘%)’ 334

7 %), 340 backward () (spiking-
ANN (spikingjelly.clock_driven.ann2snn.examples.cnn_mnist Jelly. c{ock_dr iven.surrogate.piecewise_quadratic

ey k), 338 BE7ik), 317

ASLDVS (spikingjelly.datasets.asl_dvs ¥ & 3), 346 backward () (spiking-

Jjelly.clock_driven.surrogate.sigmoid — # 7 7
%), 322

ATan (spikingjelly.clock_driven.surrogate ¥ #49 3%), 327
atan (spikingjelly.clock_driven.surrogate ¥ # %), 327
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spikingjelly, %% alpha

backward () (spiking-
Jelly.clock_driven.surrogate.soft_sign # A
% i%), 325

base_cell () (spiking-
Jjelly.clock_driven.rnn.SpikingGRU %% & 7
%), 316

base_cell() (spiking-
Jelly.clock_driven.rnn.SpikingLSTM % 5 7
%), 315

base_cell() (spiking-
Jjelly.clock_driven.rnn.SpikingRNNBase ~— # 75
7 i%), 307

base_cell () (spiking-

Jjelly.clock_driven.rnn.Spiking VanillaRNN
#HAE% %), 315

BaseNode (spikingjelly.clock_driven.examples.cifar10_r1 1 _encbling spikebases] backpropegatipn

T hy %), 251
BaseNode (spikingjelly.clock_driven.neuron &4 %),
292
benchmark ()
7 i%), 384

(spikingjelly.cext.layer. AutoSparseLinear

bias_hh () (spikingjelly.clock_driven.rnn.SpikingRNNCellBasecate_events_np_files ()

% i%), 305

bias_1ih () (spikingjelly.clock_driven.rnn.SpikingRNNCellBase

7 %), 305
bidirectional_rnn_cell_forward () ({& spik-
ingjelly.clock_driven.rnn 323 7), 303

C

cal_fixed_frames_number_segment_index ()
(f£ spikingjelly.datasets #23 F), 360

cal_fun_t () (& spikingjelly.cext 23 ), 385

ChannelsPool (spikingjelly.clock_driven.layer &
%), 284

check_manual_grad () (&
Jelly.clock_driven.surrogate $23 ¥F), 316

CIFAR10DVS (spikingjelly.datasets.cifar10_dvs ¥ 449 ),
348

classify_simulator

spiking-

(spiking-
Jelly.clock_driven.ann2snn 7 84 %), 346

close () (spikingjelly.clock_driven.examples.common.multiprocessing_env.

7 ik), 247

CloudpickleWrapper (spiking-
Jelly.clock_driven.examples.common.multiprocessing_env
P a4 3%), 248

Concat (spikingjelly.clock_driven.ann2snn.kernels.onnx
Fa9%), 339

conv3x3 () (spikingjelly.clock_driven.examples.classify_dvsg. PythonNet

#A 7 i%), 253

correct_num () (spiking-
Jelly.clock_driven.ann2snn.classify_simulator #%
75 ik), 346
create_cells () (spiking-
Jjelly.clock_driven.rnn.SpikingRNNBase 7
%), 307
(spiking-

jelly.datasets.asl_dvs.ASLDVS — # & 7 i¥),
348

create_events_np_files|() (spiking-

Jelly.datasets.cifar10_dvs.CIFAR10DVS #
A7 %), 350
(spiking-

Jjelly.datasets.dvs128_gesture. DVS128Gesture
#B&F %), 352

create_events_np_files () (spiking-
Jjelly.datasets.n_caltechl101.NCaltech101 #
&7 k), 354

create_events_np_files() (spiking-
jelly.datasets.n_mnist NMNIST %% & 7 %),
356

create_events_np_files () (spiking-
Jelly.datasets. NeuromorphicDatasetFolder — #
A7 k), 367

create_mask () (spiking-
Jelly.clock_driven.layer.Dropout 75 i%), 279

create_mask () (spiking-
Jjelly.clock_driven.layer.Dropout2d 7 k),
279

create_same_directory_structure () (/é_

spikingjelly.datasets ¥23 ), 363

close () (spikingjelly.clock_driven.examples.common.multiprocessingetw-SybRIAkYEHEIN. clock_driven.surrogate. ATan

7 i%k), 248

7 i%), 329
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spikingjelly, %% alpha

cuda_code () (spiking- Dropout2d (spikingjelly.clock_driven.layer  #4 %),
Jelly.clock_driven.surrogate.Sigmoid REIN 279
324 DVS128Gesture (spikingjelly.datasets.dvs128_gesture
cuda_code () (spiking- Py k), 351
Jelly.clock_driven.surrogate.SurrogateFunctionBase
7 i%), 317 E
CupyNet (spikingjelly.clock_driven.examples.conv_fashion_h@P1e () (spikingjelly.clock_driven.monitor.Monitor 75
b g4 %), 255 %), 301
encode () (spikingjelly.clock_driven.encoding. LatencyEncoder
D i i%), 264
DCT (spikingjelly.clock_driven.layer ¥ 84 3%), 276 encode () (spikingjelly.clock_driven.encoding. PeriodicEncoder
disable () (spikingjelly.clock_driven.monitor.Monitor 7 %), 263
7 %), 301 encode () (spikingjelly.clock_driven.encoding.Stateful Encoder
downloadable () (spiking- 7 k), 262
Jelly.datasets.asl_dvs.ASLDVS — # 5 7 i%), encode () (spikingjelly.clock_driven.encoding. WeightedPhaseEncoder
347 7 i%), 2606
downloadable () (spiking- encode () (spikingjelly.event_driven.encoding. GaussianTuning
Jelly.datasets.cifar10_dvs.CIFARIODVS # 7 i%), 369
A7 ik), 349 Er £ (spikingjelly.clock_driven.surrogate ¥ #), 332
downloadable () (spiking- erf (spikingjelly.clock_driven.surrogate F &4 3%), 332
Jjelly.datasets.dvs128_gesture. DVS128Gesture extra_repr () (spiking-
# &7 ik), 351 Jelly.cext.layer. AutoSparseLinear 7 %), 384
downloadable () (spiking- extra_repr () (spiking-
Jelly.datasets.n_caltech101.NCaltech101 # Jjelly.clock_driven.encoding.Stateful Encoder
&7 %), 354 % k), 262
downloadable () (spiking- extra_repr () (spiking-
Jelly.datasets.n_mnist NMNIST %% 5 7 %), Jjelly.clock_driven.layer.DropConnectLinear
356 7 %), 288
downloadable () (spiking- extra_repr () (spikingjelly.clock_driven.layer. Dropout
Jelly.datasets. NeuromorphicDatasetFolder %% 7ri%), 279
A7i%), 366 extra_repr () (spiking-
DON (spikingjelly.clock_driven.examples. DON_state 7 #4 Jelly.clock_driven.layer.NeuNorm 75 %), 276
%), 248 extra_repr () (spiking-
DQSN  (spikingjelly.clock_driven.examples.dgqn_cart_pole Jelly.clock_driven.layer.SynapseFilter 7 %),
Py %), 259 284
DQSN (spikingjelly.clock_driven.examples.Spiking_DQN_stateextra_repr () (spiking-
ey k), 250 Jelly.clock_driven.neuron. BaseNode F k),
drop () (spikingjelly.clock_driven.layer.DropConnectLinear 293
7 i%k), 287 extra_repr () (spiking-
DropConnectLinear (spikingjelly.clock_driven.layer Jjelly.clock_driven.neuron. LIFNode 7 k),
Py k), 285 297
Dropout (spikingjelly.clock_driven.layer ¥ #4 %), 277 extra_repr () (spiking-
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spikingjelly, %% alpha

Jjelly.clock_driven.neuron. ParametricLIFNode 75
%), 300

extra_repr () (spiking-

(£
Jjelly.clock_driven. functional 323, 273

forward () (spikingjelly.cext. functional.sparse_mm_dense_atf

first_spike_index () spiking-

Jelly.clock_driven.surrogate. MultiArgsSurrogateFunctionBase #7557 i%), 380

7 k), 317

extra_repr () (spiking- £), 384
Jelly.clock_driven.surrogate.SurrogateFunctionBase forward () (spikingjelly.cext.layer.SparseLinear 75 i%),
7 i%k), 317 382
extract_downloaded_files () (spiking- forward () (spikingjelly.clock_driven.ann2snn.examples.cnn_mnist. ANN
jelly.datasets.asl_dvs.ASLDVS — # 75 7 i%k), 7 i%), 338
347 forward () (spikingjelly.clock_driven.ann2snn.kernels.onnx.Add
extract_downloaded_files () (spiking- 7ri%k), 339
Jelly.datasets.cifar10_dvs.CIFARI0DVS # forward () (spikingjelly.clock_driven.ann2snn.kernels.onnx.Concat
A7 i%), 349 7 ik), 339
extract_downloaded_files () (spiking- forward () (spikingjelly.clock_driven.ann2snn.kernels.onnx.Gather
Jjelly.datasets.dvs128_gesture. DVS128Gesture 7r %), 340
A7 %), 352 forward () (spikingjelly.clock_driven.ann2snn.kernels.onnx. Mul
extract_downloaded_files () (spiking- 7 %), 339
Jjelly.datasets.n_caltech101.NCaltech101 #  forward () (spikingjelly.clock_driven.ann2snn.kernels.onnx. Reshape
A7 k), 354 7 i), 339
extract_downloaded_files () (spiking- forward () (spikingjelly.clock_driven.ann2snn.kernels.onnx.Shape
Jjelly.datasets.n_mnist NMNIST ~# & 7 i), 7 %), 339
356 forward () (spikingjelly.clock_driven.ann2snn.kernels.onnx. Unsqueeze
extract_downloaded_files () (spiking- 7 %), 340
Jelly.datasets. NeuromorphicDatasetFolder # forward () (spikingjelly.clock_driven.ann2snn.modules. AccuLayer
A7 %), 366 7 ik), 345
forward () (spikingjelly.clock_driven.ann2snn.modules. MaxPool2d
F % i%), 345
find_next_module () (spiking-  £orward () (spikingjelly.clock_driven.encoding. PoissonEncoder
Jjelly.clock_driven.ann2snn.kernels.onnx. TopologyAnalyser %), 265
77 %), 340 forward () (spikingjelly.clock_driven.encoding.Stateful Encoder
find_node_by_output () ¢ spiking- 7 k), 262
Jelly.clock_driven.ann2snn.kernels.onnx ® forward () (spikingjelly.clock_driven.encoding.StatelessEncoder
Pe), 342 7 i), 261
find_pre_module () (spiking-  £orward () (spikingjelly.clock_driven.examples.cifar10_r1 1 _enabling_spike

Jelly.clock_driven.ann2snn.kernels.onnx. TopologyAnalyser

7 %), 340

findNext () (spiking-

forward () (spikingjelly.cext.layer.AutoSparseLinear 75

7 i%k), 251

forward () (spikingjelly.clock_driven.examples.cifar10_r11_enabling_spike

7 i%), 252

Jelly.clock_driven.ann2snn.kernels.onnx. TopologyAnadysgs 4 () (spikingjelly.clock_driven.examples.cifar]10_rl 1_enabling_spike

7 %), 340

7 i%), 252

findPre () (spikingjelly.clock_driven.ann2snn.kernels. 0”"xf@£%l§&)a“(7ﬂbﬁﬁking jelly.clock_driven.examples.cifar10_r11_enabling_spike

7 %), 340

#A 7 k), 251
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spikingjelly, %% alpha

forward () (spikingjelly.clock_driven.examples.cifar10_r1 I f encbling) §pyikspikieg jdibckprcpaguition.ReeNehtiStep Dropout2d

7 i%), 253 7y i%), 280

forward () (spikingjelly.clock_driven.examples.classify_dvsg Bythandet) (spikingjelly.clock_driven.layer.NeuNorm 7r
7 i%), 253 %), 276

forward () (spikingjelly.clock_driven.examples.classify_dvsg.Yotimgldiyer (spikingjelly.clock_driven.layer. PrintShapeModule
7 i%), 253 7ri%), 291

forward () (spikingjelly.clock_driven.examples.conv_fashiotiommwiatc@QupyNatikingjelly.clock_driven.layer.SeqToANNContainer
7 i%k), 255 7 %), 289

forward () (spikingjelly.clock_driven.examples.conv_fashiofiomwistcdRythotspyeting jelly. clock_driven.layer.SynapseFilter
7 %), 255 7 %), 284

forward () (spikingjelly.clock_driven.examples.dgn_cart_pde P@SNA () (spikingjelly.clock_driven.neuron. BaseNode
7 i%k), 259 7% %), 293

forward () (spikingjelly.clock_driven.examples.dgn_cart_pdie NenSpikinglsHRingelly. clock_driven.neuron. MultiStepIF Node
7ri%), 259 7 i%), 296

forward () (spikingjelly.clock_driven.examples. DON_state. DPONward () (spikingjelly.clock_driven.neuron. MultiStepLIFNode
7 i%k), 248 7 i%), 298

forward () (spikingjelly.clock_driven.examples.PPO. ActorCtiticward () (spikingjelly.clock_driven.rnn.SpikingGRUCell
7 k), 249 7 i%), 315

forward () (spikingjelly.clock_driven.examples.Spiking_A2E ActorGritic) (spikingjelly.clock_driven.rnn.SpikingLSTMCell
7 i%k), 249 %), 311

forward () (spikingjelly.clock_driven.examples.Spiking A2 € dowSpikingLfiNadg jelly. clock_driven.rnn.SpikingRNNBase
7 k), 249 7 i%), 308

forward () (spikingjelly.clock_driven.examples.Spiking _DQNo stute BAISN(spikingjelly.clock_driven.rnn.Spiking VanillaRNNCell
7 %), 250 7 i%k), 315

forward () (spikingjelly.clock_driven.examples.Spiking_DQNostuta. Reytlyy MpikingidbuSpiflingFilleNsderogate.atan %
7 i%), 250 &7 ik), 327

forward () (spikingjelly.clock_driven.examples.spiking_lstmf sequential yn¢sisikiegjelly.clock_driven.surrogate.erf #75
7 i%), 260 7 %), 332

forward () (spikingjelly.clock_driven.layer. AXAT 75 i%), forward () (spikingjelly.clock_driven.surrogate.nonzero_sign_log_abs
277 A7 ik), 329

forward () (spikingjelly.clock_driven.layer.ChannelsPool forward () (spikingjelly.clock_driven.surrogate.piecewise_exp
% %), 285 A& ik), 320

forward () (spikingjelly.clock_driven.layer.DCT 7y i%), forward () (spikingjelly.clock_driven.surrogate.piecewise_leaky_relu
277 B& k), 334

forward () (spikingjelly.clock_driven.layer. DropConnectLineamrward () (spikingjelly.clock_driven.surrogate.piecewise_quadratic
% %), 288 A& k), 317

forward () (spikingjelly.clock_driven.layer.Dropout 75 forward () (spikingjelly.clock_driven.surrogate. PiecewiseLeakyReLU
%), 279 7 i%), 337

forward () (spikingjelly.clock_driven.layer. MultiStepContaitesrward () (spikingjelly.clock_driven.surrogate.sigmoid
% %), 288 A& ik), 322

forward () (spikingjelly.clock_driven.layer.MultiStepDropoiftorwaxrd () (spikingjelly.clock_driven.surrogate.soft_sign
#i%), 280 #H57ik), 325
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spikingjelly, %% alpha

forward () (spikingjelly.clock_driven.surrogate.SurrogateF dtionBase

heaviside () (f& spikingjelly.clock_driven.surrogate 43

IFNode (spikingjelly.clock_driven.examples.cifar10_r11_enabling_spikebase
ey R), 252

7 i%), 317

forward () (spikingjelly.event_driven.examples.tempotron_mnist.Net 33 #), 316
7 i%), 367

forward () (spikingjelly.event_driven.neuron. Tempotron
7 i%), 370

forward_hook () (spiking-
Jjelly.clock_driven.monitor. Monitor F k),

301

G

Gather (spikingjelly.clock_driven.ann2snn.kernels.onnx

P ey %), 339

GaussianTuning (spikingjelly.event_driven.encoding
¥y %), 368

get_avg_firing_rate () (spiking-
Jjelly.clock_driven.monitor. Monitor 7 k),
301

get_H_W () (spikingjelly.datasets.asl_dvs.ASLDVS #% %
% ik), 347

get_H_W () (spikingjelly.datasets.cifar10_dvs.CIFARI0DVS

A7 iE), 350

IFNode (spikingjelly.clock_driven.neuron ¥ #4 3£ ), 293
in_features (spikingjelly.cext.layer. AutoSparseLinear
B 1), 384
in_features (spikingjelly.cext.layer.SparseLinear %,
%), 382
insert () (spikingjelly.clock_driven.ann2snn.kernels.onnx. TopologyAnalyse
7 i%), 340
integrate_events_by_fixed_duration ()
(f& spikingjelly.datasets 23 F), 362
integrate_events_by_fixed_ frames_number ()
(f£ spikingjelly.datasets #2335 F), 360
integrate_events_file_to_frames_file_by_fixed_durat
(f& spikingjelly.datasets 23 F), 362
integrate_events_file_to_frames_file_by_fixed_fram
(#£ spikingjelly.datasets #23 F), 361

get_H_W () (spikingjelly.datasets. dvs]ZS_gesmre.DVS128qu%grat e _events_segment_to_frame () (f&

#HAFiE), 352

spikingjelly.datasets 23 ), 359

get_H_W () (spikingjelly.datasets.n_caltech101.NCaltechl101

B &7 ik), 354
get_H_W () (spikingjelly.datasets.n_mnist. NMNIST % 75
7 i), 356

get_H_W () (spikingjelly.datasets. NeuromorphicDatasetFol

i

HAFik), 367

get_intermediate_output_statistics()

(f£ spikingjelly.clock_driven.ann2snn.kernels.onnx

A He ), 342

get_nonfire_ratio() (spiking-
Jelly.clock_driven.monitor. Monitor F k),
302

get_onnx_output () ¢ spiking-
Jjelly.clock_driven.ann2snn.kernels.onnx P
), 342

get_values () (spiking-
Jelly.clock_driven.ann2snn.simulator xR,

346

K

kernel_dot_product ()

(£
Jelly.clock_driven. functional 23 ), 269

spiking-

LatencyEncoder (spikingjelly.clock_driven.encoding
T %), 263

layer_reduction () (& spiking-
Jjelly.clock_driven.ann2snn.kernels.onnx A2
Pep), 341

layer_reduction () (£ spiking-

Jjelly.clock_driven.ann2snn.kernels.pytorch

k), 343
LIFNode (spikingjelly.clock_driven.examples.cifar10_r11_enabling_spikeba:

a9 %), 251
LIFNode (spikingjelly.clock_driven.neuron ¥ #493%), 296
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spikingjelly, %% alpha

load_aedat_v3 () (f& spikingjelly.datasets ¥2 3t ),
358

load_ATIS_bin () (& spikingjelly.datasets #2 3= ),
359

load_events () (f& spikingjelly.datasets.cifar10_dvs
P ), 348

load_matlab_mat () (f& spikingjelly.datasets #3% 3

¥), 358

load_npz_frames () (f£ spikingjelly.datasets #3% 3
), 359

load_origin_data() (spiking-
jelly.datasets.asl_dvs.ASLDVS % & 7 %),
347

load_origin_data () (spiking-
Jelly.datasets.cifar10_dvs.CIFAR10DVS #
&7 k), 350

load_origin_data () (spiking-

Jelly.datasets.dvs128_gesture. DVS128Gesture
#HAE % ik), 352

load_origin_data() (spiking-
Jelly.datasets.n_caltech101.NCaltech101 #
&7 k), 354

load_origin_data() (spiking-
Jjelly.datasets.n_mnist NMNIST % & 7 %),
356

load_origin_data () (spiking-
Jelly.datasets. NeuromorphicDatasetFolder %%
7 %), 366

load_parameters () €3 spiking-
Jelly.clock_driven.ann2snn.kernels.onnx 7
), 343

load_raw_events () 63 spiking-
Jjelly.datasets.cifar10_dvs #23=F), 348

load_speechcommands_item () (£ spiking-

Jelly.datasets.speechcommands F23 ), 357

M

main () (f& spikingjelly.clock_driven.ann2snn.examples.cnn_mnist

AP, 338

I ), 253

main () (f& spikingjelly.clock_driven.examples.conv_fashion_mnist

3k t), 255
main () (f& spikingjelly.clock_driven.examples.lif _fc_mnist

¥ ), 260

main () (f& spikingjelly.clock_driven.examples.spiking_lstm_sequential_mnis

Hek ), 260

main () (f& spikingjelly.event_driven.examples.tempotron_mnist

Rk P), 367
make_env () (& spikingjelly.clock_driven.examples. PPO

HE ), 249

MaxPool2d (spikingjelly.clock_driven.ann2snn.modules

a9 ), 343

Monitor (spikingjelly.clock_driven.monitor 7 4 %), 300

move_constant_to_initializer() (f& spik-
ingjelly.clock_driven.ann2snn.kernels.onnx 2 3%
W), 342

mse_loss () (spiking-
Jelly.event_driven.neuron. Tempotron # 5
% i%), 370

Mul (spikingjelly.clock_driven.ann2snn.kernels.onnx J #%
%), 339

MultiArgsSurrogateFunctionBase  (spiking-

Jelly.clock_driven.surrogate F ¢4 %), 317

MultiStepContainer (spikingjelly.clock_driven.layer
a9 ), 288

MultiStepDropout (spikingjelly.clock_driven.layer ¥
9 %), 279

MultiStepDropout2d (spikingjelly.clock_driven.layer
P4 %), 280

MultiStepIFNode
a4y %), 294

MultiStepLIFNode (spikingjelly.clock_driven.neuron
a9 %), 297

(spikingjelly.clock_driven.neuron

N

NCaltechl101 (spikingjelly.datasets.n_caltechl01 F &4
%), 353

Net (spikingjelly.clock_driven.examples.spiking_lstm_sequential_mnist

main () (f& spikingjelly.clock_driven.examples.cifarl0_rl1_enabling_sHtképasyd2b0ckpropagation

IR ), 253

main () (f& spikingjelly.clock_driven.examples.classify_dvsg

Net (spikingjelly.event_driven.examples.tempotron_mnist
a9 %), 367

e ]
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spikingjelly, %% alpha

NeuNorm (spikingjelly.clock_driven.layer F #4%), 275

NeuromorphicDatasetFolder (spiking-
Jjelly.datasets ¥ 44 %), 365

neuronal_charge () (spiking-
Jjelly.clock_driven.neuron. BaseNode 7 ik,
292

neuronal_charge () (spiking-
Jjelly.clock_driven.neuron.IFNode 75 %), 294

neuronal_charge () (spiking-
Jjelly.clock_driven.neuron. LIFNode 7 %),
297

neuronal_charge () (spiking-
Jjelly.clock_driven.neuron. ParametricLIFNode 75
%), 300

neuronal_fire () (spiking-
Jjelly.clock_driven.neuron. BaseNode 7 i),
293

neuronal_reset () (spiking-
Jjelly.clock_driven.neuron. BaseNode 7 k),
293

next_state (spiking-

O

onnx2pytorch_model () (& spiking-
Jelly.clock_driven.ann2snn.kernels.onnx il
Pedr), 341

out_features (spiking-

Jelly.cext.layer. AutoSparseLinear & %), 385
out_features (spikingjelly.cext.layer.SparseLinear J%,
M), 382

P

pad_sequence_collate () (f& spikingjelly.datasets
3k t), 363

padded_sequence_mask () ({& spikingjelly.datasets
ik d), 364

ParametricLIFNode

Jjelly.clock_driven.neuron % #% %), 299
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Jelly.clock_driven.examples.dgn_cart_pole
oy %), 259

NonSpikingLIFNode (spiking-
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89 %), 320

PiecewiseLeakyReLU (spiking-
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325
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315
SpikingGRUCell (spikingjelly.clock_driven.rnn ¥ #%
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Jjelly.clock_driven.examples.common.multiprocessing_env. VecEnv
7 i%), 247

SubprocVecEnv (spiking-
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i%), 345

TopologyAnalyser (spiking-
Jjelly.clock_driven.ann2snn.kernels.onnx P
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B ), 252 ), 279
training (spikingjelly.clock_driven.examples.cifar10_r1 I _encdling spikspikiag jdibckincipagrition.lolleNddieltiStepContainer
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