F47%k F14
Vol. 47 No. 1

TRERFFRCA KA F P ED
Journal of Ningxia University(Natural Science Edition in Chinese and English)

2026451 A
Jan. 2026

DOI:10.20176/j.cnki.nxdz.000096

— A B ) e 1 v B Pk o G B
1 22 [0 &5 5 R

1 e 1,2 - 1,3%
AR, & RV, B F
(L.AEXSE BAHFEHARAFKR, LiF 201620; 2. A%X%F RFLGLRMEFRKXFTHR LML PO, LE 201620;
JTAKRE HFHTFR,TEL 4N 750021)

B E AR b AP 22 W % (spike neural networks, SNN) &4t 50 & T A L B 9K SR, R B —F < A BN
W E W B SRR P R A 2 M E AR BEAERINT AT K EVIRRG EHIH ,&F T A% 4
ey Ry BARSNN AT 4, desh, 8 id 2 SALE A5 B 2 B W 8 B & 4%, M T B W 3R JE R ALAH 89 SNN B 3% .
JE T ST GG DUT AR R L T Wk oF 91 5§ o Be ik 46 5 4F 5 % (fast gradient sign method ,FGSM) 2 & T , %~ 3|
# SVHN, CIFAR10, CIFARIO0 # # % E S T 2 F R A ) sF g £, 2 AR T 31.6%,22.11% 4
20.99% . EXHEINGGHERNT , Larim EsE o HNRA T 20.64%,8.79% #26.89% . M A3 B F e F=if [0
O T3 AR G R R AR TR ERA, SRR AW, £ Bt sE et BN A AL AR 69 Bk o 7

IRAY 2 W AR 0 A BRI R I Bk 6 ST SR

KB IR AV ZE R S R E A DAL
S%EE.(FH)TP183;TP391 XERFRERD : A

VT Ak, Bk h # 48 ( 2% (spike neural networks,
SNNO A H A 28 2y J7 27 45 1 0 3 3K 3l ) — 2 il ik
T I V2B (W) P2 S S 0 1
FAIA W B R W N T4 4 W 45 Cartificial neural net-
works, ANND B9 i 2 25 56 b FF SNN, DL T Hov
REAISE FHPED SR, Bl SNN 78 S R) 1E
U L SR E 5 A B DL K T b g o G 0 4 45 3 ) TR
NS I 8 o8 e T e R = D O /1 i
TR AR E MRl R L AN, AE T R AL R A I
Xt By 7T fig 5 20 SNN K IE 8 38 17 RS 3= H Ry i
BRBR A, DT 5 | K AN o 8 1) 5 45 4 L 5 1803 % i e
RERFARFEFRE AR ENLERE.
I, BF 58 SNN 1 X0 & 1 1 AR A 52 n 3e
SC, A H LR N AT R G T

FLH 56 F SNN B #6119 B 5% 32 22 R £ F ik o
P2 0 25 A By (AR o A, Sharmin %5038 H L i

%5 B #9:2025-03-16
HEE£WMB:-BRXAKXRHAFALTHA B (12272092)

AT A S B S H Ak RD i T - AR R - & (leaky
integrate—and—fire, LIF) #ft 28 50 i9 i £k 1% ¥ 0% 2
SNN & 48 Ve By R o M ATTa8 Bk 1 3 T 86 BE S In]
1% 1% 1 B0 HE B ANN2SNN Jy ik i 58 71 55 L 4
FEYE . El-Allami %7HF 58 T A [ B T B A
Ff [] 77 1% SNIN S0 68 1 (9 S 435 H) ok op 45 4
R =3 151 B &/ NN 1 O 1 N 118 W B =
B ME AR IE N A W] T B M SNIN Y & i 1k 2
AT, B pe 254 S 80 £ . Kundu 56
Bt JLAT 4 (visual geometry group, VGG) W 45 45 K4 11y
GREPESEAT T 248 B4 . ISk Kim 587 7R IR AE
RN G5 v L A8 1 400 23 4 B R 402 o B8 1 R PR S AR
i, R A 1) o R R R I AR R G A A
ThFE A& b P Ty T B R X SRR R
T SNN [ K ARG # 1 AR v /E SNN K2 A B
() S5 3 W 2 D 4 = %o ) i — 25 4R T SNIN 6 4

EHEBN AR (1999—), F M AR A, £ BMF b4 2 REH R, (£ F15 4 ) chenlg2363@163.com.
*BEBERANSHF(1981—) , %  ##% MEARAAFH  ZERNENLEIAF EBERATREHNAL, (LFEH)

yadiahan@dhu.edu.cn,

SIAEK AR, AR, ST —HADAE B L[ G ARAY 2R [T TERFFROARFAF R PR

) ,2026,47(1) :24-32.



5% 1] WKL , 26 . — o W WL e 0 728 e e I o 4 o 2 9 2 A 25
P TR AR ()=H(s(r)—0), (2)

[ I, 75 SNN B8 58 v, % el 2 oAk T 25
BrEc W E TS BB a0, Kundu % 7E Y
b A MRS T, DT B T RS AE B R Y )
FHNEE . Chen G F it ug i 42 7 — A LT
PG ¥ A0 00 B 480 7 3, FH T DR AP ok e o 28 I 2% 4 52
Xt g o Ding 5 YO Lipschitz 43 # #s 4
JEE]SNN, & it T RAT 1E WAL BTl 2507 1k, 3%
T T SNN By &M . SR, X B A I 25 B 9K 4
F+ 7 SNN (& ek B ] g 2 BOl R AR E
L H AT 6 4 B AT A A, DA BR i A A
NP fa=i- s R

A W) FR GEAE 18 K B A AR b TR R RS
THIE LT — B 2R & AL HN T . Dapello
S BIE9E E BR B RL G A) GE B JE (VD4
I A5 21 i RS RE O 5 R BT B R R AR OG . R, H
I OC T A= P J0L o 0F #5550 68 A 1 52 il 1 9T 9 R 22 g
BT ANN G, A2 R, SNN [ fF 58 5 22
A AR I R B0k R 22 43 BT J5 T, 14 R T8 AT IR R A
ANV K 7 X AR R VR IR FE RS I . A, Kar
SEU R B S AR R TG BRIl B AR R S E O A
i % e E L B A Y SNIN K 22 R ] Hif 45t 42
07 R 2 L AR A A [ 6 o) 5 e 1) S AE Tk

PRI A S < (1N 7 S AN S WO I R L2 L
(SNNDTEX B I T & #1200 18], A SCA 8
= b 5 400 2% A0 B8 Kz J2 (VD XA A W 2 R v R A
YIEFR AL Rl A SNN 2244 2 1 —Fh A= )
B A A K A PR R 8 ) 4 R A (V-
spike recurrent neural networks, V1-SRNN) ., %5
A £ CIFAR-10"" , CIFAR-100"* Ffl SVHN"™"
(street view house numbers) $ 54 - E47 T Y1l kAl
Mk . 258 Bon, 5% % SNNAH L, A SCHE i
V1-SRNN L ALTE X Bt Beiti T J& B 0 o 0 X Hi &
(2 G TR R N

1 F%E VI-SRNN [ 2 i Kl

1.1 LIF(leaky integrate—and—fire){f 22 JT
SNN = 283 o ok oh i 4715 B AL . 248k, o
FHENTC LA 3 H 2 B ik b pf 28 e A== LIF
Pl 28 JUTE DR A 8 52 e P 5 1 53 75 SR A 1Y [R] B
JDRCIR TS R AR /R 2% vk 5 s I A N 7
P8 LIF P 2 U RIAE Ay I 20 Ik o ot 22 0 246 A0 90 1) ik
fili o 3 I fERE
(¢ )=v(t— 1)+ W's" (1), (1)

()= )(1—5(1))s (3)

oo () Js'(2) 43 5 R A L2 e JeAE s 20 () i
HL A S HE R s R Ak s o () ZR ik & Tk o
B L7 B B IR S s W RR B I — 12 5B R
Ti1] F19 2 ik A T 5 H 2 2057 By BR oR B 5 0 A 28 T 1
A I L FL 5 ACO<A<<D) W BBk A 7. %F T — A4 ik
PR8I0, 5 IR LA o () ek VOIS 0, D) 3 il
JC KK S B E A A A O3 5 T R R 5 LA A
(18 3 23R 3 i
1.2 ETHRAEEE VI X5 89 5k i #8020 %

Al 3%

A 2 ) B I 2 T Tk o 0 B e 2 ) 4% A
14 55 — 25 S B0 A B8 B 2 VL XSk o7 8
o AU, AR SCBETE T — 52 R ) 20 R B R o
P IF 45 HORE He——Spike V1, I T 48 B &% iy A 45
fiE, FLAR A DL IR 1.

THE ML 4508 04 F 5 s, A 8 4% 1 S
o T A G T 43 VL IX A0 67 36 4R R SZ BT A
Pk [RE, Gabor 38 I #% 19 8022 B 305 #h & o0 i %2
B 114 [ 0 [520 85 4 ARLRL , B AT A8 2 1 45 v /) s i) AR
FAF DAV EAALAE B, IX 5 VI X B4 50X R 8
25 [B) 01 36 R AR A7 B AR B R A .
I, Spike V1 (9 45 — J2 2k H 2 B4k 19 Gabor 8 % 2%
(GFB) , HZHUR I R KKz ¥ V1 #h 2450 1Y I i
FrtE e b4 . Z)R 2 m 2 REMZ
235 ()4 2R 1) Gabor JIE I #5 4 P RGB it A EIE , DL 42
HOOCHERRAE . HLAROR UG, % )2 i 4 Gabor R
L, HAE T Rk

G&,/,(ﬁ,n,,nv( I’y):
cos(2nf+ ¢) 2 2
costznft ) exp{—O.S(xZ-i-yZﬂ, (4)
27‘(0‘}, o‘y o, (o
. n,
T =axcos 0+ ysind,o,=—, (5)
S
) n,
Yot = —x 8in § + ycos b, a},:7o (6)

Horb o My 2 AR R AE B D B9 AL E AR 5200 1 1
53 5 2% 7 AH R F GG 1E 28 A -AT 5 18] 5 0 02
SR, F R M T ] 5 02 A A0 23 )3 e RO IR
A% X6 PG T AN [R) 000258 1 40 1 BB 5 ¢ R AH A S
B, R AT T T 2 B L 8 o, o, B IEAS
FEAT T M i e 3076 4 00 B o I 22, P LA E SR
S E A G, #1558



26 THER 2SR CHR B2 IR 330

o547 %

Conv Conv Conv

Conv gate
) A
L

Conv state

Recurrent Structure

/Simple
=
S | 4k
Gabor filter bank 9+§ N
Complex
e N 7 S

1 VI1-SRNN#ZIZEH
Fig. 1 Architecture of the V1-SRNN model
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Table 1 Analysis of the effect of V1-SRNN model

iteration number on sample accuracy

/ . R %
TR B — —
TR A KB
1-1-1 88.89 60.49
2-2-2 87.26 69.53
2-3-2 88.22 71.82
2-4-2 88.71 81.57
3-3-3 88.90 81.69
4-4-4 85.73 79.52

2.3 XM gE il

CIDOTXHINGRT &R 75 R BEFT X 4t
IR E DL T, X 2% 4> Hie s 4 SR T DB B2 45 5
1% (fast gradient sign method , FGSM)"*! 4% 5 B 1
T B# 3 (projected gradient descent, PGD)"™ 1 Fil it
RS BT Y idi 75 ik, g3 i) B T i 38R 1) 4% 4 (back-
ward pass through time, BPTT) Fl 8 38 S [1] 1% #%&
(backward pass through rate, BPTR) #L il , %t
VGG16 LR Je A SCHE Y VI-SRNN A5 H 17 %)
P& . Kb, il S 8BCE e sh A
T e 8/255, K ahy 2/255, IEARUCKL steps H 4.
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Table 2 Accuracy comparison of models

under non-adversarial training conditions

%

) " FGSM PGD
B B ACC
BPTT BPTR BPTT BPTR

VGG16  95.95 37.68 35.02 12.43 20.14
VI-SRNN 95.06 53.99 66.62 41.32 63.29
VGG16 93.32 9.14 18.12 0.16  3.08
VI-SRNN 88.90 34.24 40.23 16.89 30.84
VGGl6 72.22 876 6.57 0.62 0.87

CIFAR100
VI-SRNN 56.40 22.13 27.56 18.42 27.73

SVHN

CIFARI10

ClOXPTIGT & A T X5l 2
T VI-SRNN BRI 6 fdE 85 R W3R 3. fERIR
IR EREGE: O e sl [ 0 o G A [ e A
B FGSM J5 i AE i iE A R s I F e BN
2/255 , MR % 11 5 2 i I8 X5 B il 2k i K 4 14F 40
[Flo ATLAAE HXF Pl 20 36 78 45 Fh e 1 0 T 1
Ae 4R THE R B . BN, 7E CIFAR-10 £ 4 4
L EEET KR FGSM I T, VGG 16 /Y #E
RN 18, 12% HETH 2 46. 82 % , i A% SCAR KU Ay v
R 40.23% HETFE 55.61% . (HIZH 245 7 Bk g
B AR SRS AE 45 Fh i 5 00 T I R IR 248 F 5
AVGG16HEA

A5 7 R MR 2 2 3% 3 A B 4 i T
L TCIE SR FH XTI ZRid & XTI 25, V1-SRNN
LY ) JE A R IR AR T VGG 16 FEERL AL . 3]
i, £ SVHN, CIFAR10, CIFAR-100 = F % 4} 4
T AR R , VI-SRNN A R fity 5 A i 7 %43
B bE S fE B o A R IR 1.89%0. 4,420 M
15. 82 % s W AEXTHL N R T, V1-SRNN AU (1 J A oz
1y 238 43 531 bl 6 o A5 80 1) o B R AR 2. 3%0.8. 1996 Al
8. 18%6, F B DRI 7E T4 P 1ft 22 I 45 Ji i 45 ) 1) 15
TH LA B Jik v e 26 0 265 k00 7 11 79 6 52, 3K 384 1 e [
B FEAR AN K T Ik e e 28 R 2% () ZESR o fR KR
V) F1 0E 3 LA R Jok o 22 50 i A 2R MR R B 2 Bk b A

x3 WRHNGEHETEEHEBELR
Table 3 Accuracy comparison of models

under adversarial training conditions

%

FGSM PGD
BPTT BPTR BPTT BPTR

B B ACC

VGG16  95.15 48.13 53.66 48.65 55.11
SVHN
VI-SRNN 92.85 63.45 74.30 64.74 76.03

VGG16  89.88 40.53 46.82 42.15 50.48
CIFARI10
VI-SRNN 81.69 48.10 55.61 49.50 58.93

VGG16 61.41 22.06 24.27 23.28 27.21
CIFARI100
VI-SRNN 53.23 26.74 31.16 28.99 33.22

20 0 2 VR I (A B8N, S 52 IO 446 A B R A 1) T B A A
RE IR AH X BBl /0 o R AR 3 R M R 8 X X P AR AR 1
Mg 7 S o R VR 8 A5 3 T 0 20 R 2 I 45 i 17
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o
f=}
T
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20
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T
2 FEEDOTTER AR
Fig. 2 Effect of the time window T

on the model performance
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Fig. 3 Effect of the attack parameter &

on the model performance
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Table 4 Effect of different modules

on the model performance
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Table 5 Comparison of adversarial robustness between

V1-SRNN model and the state-of-the-art SNN models

FGSM PGD
Model
CLEAR ATTACK CLEAR ATTACK
VGG 6.49 29.86 1.32 35.46
ResNet?! 25.32 42.09 5.80 46.05
Wide ResNet®™  10.50 39.38 0.10 42.80
SNN-RAT!™  15.52 42.24 6.08 42.86

V1-SRNN 34.24 48.10 16.89 49.50
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Fig. 4 Visualization of decision-making based on the non-adversarially trained model
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A Highly Robust Spiking Recurrent Neural Network

Model Inspired by Biological Vision

CHEN Linguo', HUANG Rong"?, HAN Fang""
(1. College of Information Science and Technology, Donghua University, Shanghai 201620, China;

2. Engineering Research Center of Digitized Textile and Apparel Technology,

Ministry of Education, Donghua University, Shanghai 201620, China;

3. School of Mathematics and Statistics, Ningxia University, Yinchuan 750021, China)

Abstract: To address the low robustness of Spiking Neural Networks (SNN) against adversarial attacks, a

highly robust Spiking Recurrent Neural Network model inspired by biological vision was proposed. This model

incorporates the biological mechanisms of the primary visual cortex (V1) and features a convolutional SNN

front end designed with biological constraints. Additionally, by integrating feedback connections from the corti-

cal visual information, an SNN back end with an internal recurrent mechanism was constructed. In the absence

of adversarial training, this model demonstrates significant improvements in adversarial accuracy of 31.6%,
22.11%, and 20. 99% on the SVHN, CIFAR10, and CIFAR100 datasets, respectively. With adversarial
training, the adversarial accuracy improves by 20.64%, 8.79%, and 6.89% , respectively. Furthermore, as

the perturbation factor (¢) and the time window (T) increase, the accuracy of this model consistently surpasses

that of the baseline model. Experimental results show that the Spiking Recurrent Neural Network model,

which incorporates biological vision mechanisms, shows significantly improved accuracy when faced with adver-

sarial attacks, demonstrating enhanced adversarial robustness.

Key words: spiking neural networks; robustness; adversarial attacks; biological vision
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