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et al., 2022; Bohnstingl et al., 2022; Yu et al., 2025;
Guo et al., 2025; Yao et al., 2023; Guo et al., 2023a)
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Figure 1. AT SNN 545 SNN X510, HATH) SNN 5455 SNN A RFEF. 48 SNN M gbfil kol , X304
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2.2, ke 2 S0 0k A U5 Tk

— S0y Y B T A AR T A R 4% SNNs
R E B (Guo et al., 2022¢;a;b; Wang et al.,
2023) . fign, —FhEd {0,1,2} kb L5 B =
{EFKh A ICTE (Sun et al., 2022) HgfEd), XL
TIEEA B DI- IR Ra, —FMHh
VEAEICE R b ekcdk, s {-1,0, 1} fER = (A K
M, [FIEHORRR G S R B A |- (Guo
et al., 2024b) . #£ MT-SNN (Wang et al., 2023) #1
DS-ResNet (Feng et al., 2022) W, At JmF 4 &k
(LIF) & Ies| AT —MZHEI R (MT) 5Fik, s
W& L E K o DA 915 B A% . SEWNet  (Fang et al.,
2021b) @it 8 BB A 0 B T — R Dk v
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i (Guo et al., 2024c; 2025) o SR1, Fikikss TAEH
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3.1. w2k

SERMGENREFS A RIEMZ T, /& SNNs HilkaAR Hoh
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SO, AT HET) 2 MU R - 4ok (LIF) pf
gL, HiE O (Wu et al., 2019) #ifil:
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t__ ’ | Z Vth
Or = { 0, otherwise - (2)

Ult < Vih. (1)
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ki pp M4 (SNNs) g a2edn. AN il
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7% (40 (Guo et al., 2022¢;d; Fang et al., 2021c) Hfif
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RIS Bt i -

1 T
_ t
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o MG, i ESEARE Softmax(Oout) T2 XA
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3.2. ReverB: [ ¥ B A i

N T RIS PR B AR L, FAT5IA T ReverB-

SNN J¥k, XI5 VAR RIBERIE T S 5T, Zmt
ST SR YO AU AH A E AL A 7 S EUEM R %
(Gong et al., 2019; Qin et al., 2024) . HARMF, FA]
R SUHRUEERE , P FERZ) ¢, 1205 R &
XU
of — { Ul, iU} > Vi
71 0, otherwise

(4)

SR, R T R SNN f I e v F = ROk 3
EE%%& %ﬁ*ﬂi%ﬁ%ﬁﬂy:ﬁﬂéc B, JEEHLALE)
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Ul =70+ WO, Ul <V,  (5)
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YERR RIS DR SAE,  [RIIR R A P i
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FOFIR BN 5. SNNs 1SR IR Eh 15 5 b B
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x=o0x1or,0x —1. (8)
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AUIMIAEF IR, 358 7 SNNs (s Rk me S -

B AR BB . FEBRLRR A koh sh 22 2 e ik
M2 TCH) KT R A AT 1), BRI 2 05
TEANARIEEE (SG) RN (Rathi
& Roy, 2020; Guo et al., 2022¢) . FEFRATH Bk #1 2 ]
ZEAEGE RS Ik i 28 TCI) RS B A8 AR R iy, H
B AR BRI RAFZEAR T ik il . BRI, 5
T &P & SHEsh i Hofth SG 7yE2EL, TR
BALREMTTES (STE) (Rathi & Roy, 2020; Guo et al.,
2022c¢) MR MRPIXA . FEge b, STE A3
e
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AN RATRESAE SNN HESE Py A 24 AL FHAL E
TAEACTEA AT

www.xueshuxiangzi.com



Title Suppressed Due to Excessive Size

BAVIERIINGR . FERATREGE T, TR 23 8-}
] S22 (STBP) Hik (Wu et al., 2019) A0
YZFA T SNN £, STBP ¥ SNN #14 [H )73
ZW 2% ETRERMAM L (CNN) Ho ) R
—FERHA TR I 0 . it BB e 1R
(IR RE R A -

oL -y 0L 90} = 0L au;“) ou} owp
oW, £=190;9U}  aultt aul Towp oW’
(11)

o O g | e (LR B .
VBT (TR SAE I TR 24 22 A2, A
P25 A T 0 £ R 5 0 638, A4
%% SNN,

3.3. M) AL AR i

TEANTSLEING, BRSO BT DA I L2
i, (R (LA T RE SRR 40t S T D
AT, FATH (B AT M, A
FURIT (L1}, T {~a.a} , Joft o B—Aal
EAMBH, FEXATF:

iftW >0
otherwise *

(12)
FIA o AT PALEACE S S EATNEE . XS4 o 75T
i1y SNN A rp PUEE R =0 H . B, BErLALEh
SRR -

t t—1 b t
Ul - 7—le + thtrainableOlfl’

+1:q,

thlainable =a- Slg]fl(W) = { .

Ul < Vi (13)

KT, Wi AE)Z | RIRREE N :

oL -y 0L 90} = OL an+1) ou} owp
oW, =00t oUl " uitt oUl oW} oWy
(14)
M a2 LB -
oL ou/tt out

oL _ Z(aig + it B P
00! oU} 8Ult+1 oUt 7 oy '

= (15)

t
HTAERATH SNN h W o A O #IR I,
AIGRARCE S I T HRA,  RIVSCEE A0S i e vk AN B
SEACAINGE, PRS2 SNN W ERCR Y. T
R AN, FRATEE T — R UIGR- B B
BT RE L BB, AR B A [F I B AYAL
ORI —HERIES, AR EROR B TEIRIARY
HESEALROR . S THEMEBE A O 5 SNNs (17155
B, BAWEH TFESHAEAR. B4, Tt 16
A5

Ul =707+ agWPO!_,, Ul <Vin.  (16)

Algorithm 1 FAf]i) SNN Il Z AR .

pllEs

Input : An SNN to be trained where the precision of
weights and activations was reversed; training dataset;
total training iteration: Iiyain -

Output : The trained SNN.

1: for all i =1,2,..., [i;ain iteration do
2:  Get mini-batch training data, @i,(¢) and class
label, y(i) ;

3:  Feed the @i, (i) into the SNN and calculate the
SNN output, Ouut(7) by Eq. 3 ;
4:  Compute classification loss Lcg =
‘CCE<Oout (7/)» Z/(l)) ;
5:  Calculate the gradient w.r.t. W by Eq. 14 and
the gradient w.r.t. a by Eq. 15;
6: Update W : (W « W —7780‘,%,) and « :
a— ng—i) where 7 is learning rate.
7: end for
FHEHAL
Input : The trained SNN with trainable weights and
real-valued spikes ; total layer of SNN: [ .
Output The re-parameterized trained SNN
without normalized binary weight and real-valued
spikes.
1: for all i =1,2,...,] number do
2:  Fold the parameters of «; into ¢ — 1 firing func-
tion by Eq. 18;

(a

3: end for

e

Input : The re-parameterized trained SNN; test
dataset; total test iteration: Iliegt -

Output : The out-
put.

1: foralli =1,2,..., i iteration do

2:  Get mini-batch test data, i, (7) and class label,
y(7) in test dataset;

3:  Feed the i, (i) into the reparameterized SNN
and calculate the SNN output, Ouut (i) by Eq. 3

4:  Compare the classification factor Ogy (i) and
y(7) for classification.
5: end for

o N TAEME R R g O SEEACE W) gl —
PR, AR o 8P E— R Of_, FE
Wk, B SN Ofeyim1 = aiOp_y o XAPHEEREAT)y
2 16 fijfbh

Ult — TUltfl + mbOt

new,l—1>

Ul < V. (17)

o PIL, SEAEAUERF R eI, X
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Dataset Method Time-step Accuracy
Vanilla SNN 2 92.80 %
ReverB 2 94.14 %
Learnable variant 2 94.45 %
CIFAR-10 Vanilla SNN 4 93.85 %
ReverB 4 94.55 %
Learnable variant 4 94.96 %
Vanilla SNN 2 70.18 %
ReverB 2 72.54 %
Learnable variant 2 72.95 %
CIFAR-100 Vanilla SNN 4 7177 %
ReverB 4 72.93 %
Learnable variant 4 73.28 %

Table 1. X CIFAR #t47 = {H ARG AT o

M, FERFI] ¢ 2, 1 — 120k ik SR AR -

t : t

o AL, BCE RIS A A AT AT UCTE HE B v fe 40 oy
17

B, EEENEERE PR — D 2ET T o iRAE)
P, FRATTIESR T 2R BE ). e R,
I 3R UL 19105 HoAfr & 5 | — 2 0% i ik
b XA R FRATREAETE VI ZRAY SNN Hi R4 —
A ZAEACE AN SSAE R B 03, WA ShAE 2 e R B
Frid e

gﬂ‘é?ﬁﬂ‘] SNN BN SRt B RE A TR, 11525
® 1,

4. 8

FATHAT T A8 LI K VAL BT ) ReverB-SNN
Ty Y5 B FLRT 25 5] AR A E ARG R . FRATR PR
45 5 2 B A A LR () LR B e i YA R T AR
BAMRRVE, -AT4E CIFAR-10(100) (Krizhevsky et al.,
2010) bl T 220% ResNet20 (Rathi & Roy, 2020;
Sengupta et al., 2019) FI ResNetl9 (Zheng et al.,
2021) , 7 ImageNet iz, T ResNet18 (Fang et al.,
2021a) F1 ResNet34 (Fang et al., 2021a) , PANTE
CIFAR10-DVS (Li et al., 2017) i T ResNet20
Fil ResNet19,

TEFRATH TAEF, AR SGD fiifb# Az & 0.9 i
2F2) 0.1 YIGRERL, 253 R PERZITH IR E 0.
% CIFAR10(100) 1 CIFAR-DVS #dli 8, FoeA1fd
128 Wyt E AR/ NIZE T 400 4> epoch. £ ImageNet
b, WATHAHRIRHEE I/ NIZE T 300 4~ epoch. £k
P38 A B A . NGRS e 4R 1) Jl 433
TEE T BRERA R E . R AR T W EN
0.25, FERXSEERSEIRES, Vin 1hZN 0, HERESEL

PN RESBEIT )5 B TR TSRS,
IR HBE N 0.25,

FATHAT T — RPN EESERY, PAVERL TR Y ReverB-
SNN Jy ik Je Hom] 27 5] — Bl AL AZ (R 7E CIFAR-10 1
CIFAR-100 ##ife ERA R, R ResNet20 1Eh
TR, IR B ] KA T S . SR
R 1 .

1£ CIFAR-10 il CIFAR-100 |, %7l ResNet20 #£ 2
AR 25 () 3 SR HERf 24 A 3] 92.80 % A 70.18 %,
X5 Z AR 2. 50 ReverB-SNN 5 ¥4 g 5 4
mUERE, BRI R 94.14 % f1 7254 %, KM
BT 1.30 % A 2.50 % W E R, BLAh, ZEET
2 3] B IR AR PR R T RSN REG A, (A
LPWERRIR T T 94.45 % (CIFAR-10) 1 72.95 %
(CIFAR-100) o ixX#6% M2E 8 T AT SEAE$E THE AL
PERE A R U 4 AR 2T AT TPAL
BF, FRATTAY R kS /R HoAA A . 8k 3 P 0L
ZH| PE R T — 2L I0IF T ReverB-SNN 3% AR5
TR M, SR T A P A A A 2R T T v
01, EHT A,

4.1 HIBoR I ik Lk

AT, FRATN M T R AT 55 2w e ook
W . FRATEBRT top-1 HERASREE R M 3 K5
FRAS B IR R A AR 22 . AT TR B ) 45
£ CIFAR-10 #1 CIFAR-100 ¥(#24E . BEEEmsE
RN 2 Pion. W CIFAR-10 HdligE, PARTI 7%
i [l ResNet19 55| T 95.53 % [HIE(EHERR, {fi
ResNet20 i3] T 93.66 %. 1MFA{ 1M ReverB-SNN J5
YA BISZEL T 96.39 % F1 94.55 %, [ I 488 /0 i
Bl . Wk, FA A 24205 A ES AT SNN
PR BE S IRAS S S W ERf R . & %2 CIFAR-100 %4
£, FRATAr 23] IR HIAL E AR (AR T ResNet19 £l
ResNet20 {55 2 AL AESEELHE G ERE . &
H R T TET Al RecDis-SNN 845551 B ¥E,
FEFEM ) ResNet19 B RS T 4.0 %, RAEXLTy
YRR T 4 AEEE . X SsZEb g B an g TR AR
5 YRR RIRE -

TERAVESR Lg b, FATIE AL F P E TR Tma-
geNet £flide FIEAE TRATH I, EdEEMLIL CT-
FAR TEHPR MM 4% 3 R T IR S5 R . AR e i
P SoTA I3 RecDis-SNN (Guo et al., 2022c)
. GLIF (Yao et al., 2022) . DSR (Meng et al., 2022) .
Real Spike (Guo et al., 2022d) A1 SEW ResNet (Fang
et al., 2021a) , HUEFRDHIH 67.33 % . 67.52 % .
67.74 % . 67.69 % Fl 67.04 % . A1 ERZEEES
THERRZ, 88T 70.91 % , A SoTA SNN Fi%y
T 322 % o X REMRETREE TR R
RABH RS E AR

TEFRATH e &3, FATF SNN BLAL Y ] T
CIFAR10-DVS # & SHHEE. FIH ResNetl9 F1
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Dataset Method Type Architecture  Timestep Accuracy
SpikeNorm (Sengupta et al., 2019) ANN2SNN VGG16 2500 91.55 %
Hybrid-Train (Rathi et al., 2020) Hybrid training VGG16 200 92.02 %
TSSL-BP (Zhang & Li, 2020) SNN training CIFARNet 5 91.41 %
TL (Wu et al., 2021a) Tandem Learning ~ CIFARNet 8 89.04 %
PTL (Wu et al., 2021b) Tandem Learning VGG11 16 91.24 %
PLIF (Fang et al., 2021c) SNN training PLIFNet 8 93.50 %
DSR (Meng et al., 2022) SNN training ResNet18 20 95.40 %
KDSNN (Xu et al., 2023) SNN training ResNet18 4 93.41 %

. . . 5 91.78 %
- Diet-SNN (Rathi & Roy, 2020) SNN training ResNet20 10 92.54 %
0 o - 2 93.13 %
g Dspike (Li et al., 2021b) SNN training ResNet20 4 93.66 %
= 2 92.34 %
o STBP-tdBN (Zheng et al., 2021) SNN training ResNet19 4 92.92 %
. 2 94.16 %
TET (Deng et al., 2022) SNN training ResNet19 4 04,44 %
. . 2 93.64 %
RecDis-SNN (Guo et al., 2022c) SNN training ResNet19 4 95.53 %
2 95.31 %
Real Spike (Guo et al., 2022d) SNN training ResNet19 4 95.51 %
ResNet20 4 91.89 %
ResNet19 1 95.97 % +0.08
. 2 96.39 % +0.11
ReverB SNN training
ResNet20 2 94.14 % +0.08
4 94.55 % +0.08
ResNet19 1 96.22 % +0.12
. . 2 96.62 % £0.11
Learnable variant SNN training
ResNet20 2 94.45 % +0.07
4 94.96 % +0.10
RMP (Han et al., 2020) ANN2SNN ResNet20 2048 67.82 %
Hybrid-Train (Rathi et al., 2020) Hybrid training VGG11 125 67.90 %
T2FSNN (Park et al., 2020) ANN2SNN VGG16 680 68.80 %
Real Spike (Guo et al., 2022d) SNN training ResNet20 5 66.60 %
LTL (Yang et al., 2022) Tandem Learning  ResNet20 31 76.08 %
Diet-SNN (Rathi & Roy, 2020) SNN training ResNet20 5 64.07 %
= RecDis-SNN (Guo et al., 2022¢) SNN training ResNet19 4 74.10 %
] Dspike (Li et al., 2021b) SNN training ResNet20 2 71.68 %
= 4 73.35 %
5 TET (Deng et al., 2022) SNN traini ResNet19 2 72.87 %
O eng et al., raining esNe 4 7447 %
1 77.62 % +0.10
ReverB SNN train ResNetl9 2 78.13 % +0.13
ever ramms ResNet20 2 72.54 % £0.09
ose 4 72.93 % +0.12
ResNet19 1 78.06 % +0.08
. . 2 78.46 % +0.12
Learnable variant SNN training
ResNet20 2 72.95 % +0.11
ese 4 73.28 % +0.08

Table 2. 5 CIFAR-10(100) [/ SoTA & .

1 80 %o HLFER. XAREHFIERXA M 2T
SHnSE ERTEREA T R2E TR

ResNet20 VERFRATHE T4, FATHI 5 31 BUS
T 80.50 % F11 78.10 % HIMERAZR , H E M T ResNet19
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Title Suppressed Due to Excessive Size

Method Type Architecture  Timestep Accuracy
STBP-tdBN (Zheng et al., 2021) SNN training ~ ResNet34 6 63.72 %
TET (Deng et al., 2022) SNN training ResNet34 6 64.79 %
RecDis-SNN (Guo et al., 2022c) SNN training ~ ResNet34 6 67.33 %
OTTT (Xiao et al., 2022) SNN training  ResNet34 6 65.15 %
GLIF (Yao et al., 2022) SNN training  ResNet34 4 67.52 %
DSR (Meng et al., 2022) SNN training ~ ResNet18 50 67.74 %
Ternary spike (Guo et al., 2024b) SNN training ResNet34 4 70.12 %
SSCL (Zhang et al., 2024) SNN training ~ ResNet34 4 66.78 %
TAB (Jiang et al.) SNN training ~ ResNet34 4 67.78 %
MPBN (Guo et al., 2023b) SNN training ~ ResNet34 4 64.71 %
Shortcut back (Guo et al., 2024a) SNN training ~ ResNet34 4 67.90 %
Multi-hierarchical model (Hao et al., 2023) SNN training ~ ResNet34 4 69.73 %
SML (Deng et al., 2023) SNN training ~ ResNet34 4 68.25 %
. . ResNet18 4 63.68 %
Real Spike (Guo et al., 2022d) SNN training ResNet34 4 67.69 %
. ResNet18 4 63.18 %
SEW ResNet (Fang et al., 2021a) SNN training ResNet34 4 67.04 %

. ResNet18 4 66.22 % +0.16

ReverB SNN fraining - g Net3a 4 7074 % 4013

. .. ResNet18 4 66.58 % +0.14

Learnable variant SNN training ResNet34 4 70.91 % +0.13
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