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Abstract

The surrogate gradient (SG) method has shown significant
promise in enhancing the performance of deep spiking neural
networks (SNNs), but it also introduces vulnerabilities to ad-
versarial attacks. Although spike coding strategies and neural
dynamics parameters have been extensively studied for their
impact on robustness, the critical role of gradient magnitude,
which reflects the model’s sensitivity to input perturbations,
remains underexplored. In SNNs, the gradient magnitude is
primarily determined by the interaction between the mem-
brane potential distribution (MPD) and the SG function. In
this study, we investigate the relationship between the MPD
and SG and their implications for improving the robustness
of SNNs. Our theoretical analysis reveals that reducing the
proportion of membrane potentials lying within the gradient-
available range of the SG function effectively mitigates the
sensitivity of SNNs to input perturbations. Building upon this
insight, we propose a novel MPD-driven surrogate gradient
regularization (MPD-SGR) method, which enhances robust-
ness by explicitly regularizing the MPD based on its interac-
tion with the SG function. Extensive experiments across mul-
tiple image classification benchmarks and diverse network ar-
chitectures confirm that the MPD-SGR method significantly
enhances the resilience of SNNs to adversarial perturbations
and exhibits strong generalizability across diverse network
configurations, SG functions, and spike encoding schemes.

Extended version — https://arxiv.org/abs/2511.12199

Introduction

Robustness is an intrinsic characteristic of the human brain,
a trait that traditional artificial neural networks (ANNS)
fail to replicate. Unlike ANNSs that rely on dense embed-
dings (Wang et al. 2022, 2024a,b), Spiking neural networks
(SNNs) (Maass 1997) emulate the structural and functional
properties of the brain by biological neurons that encode
information via binary spikes, thereby demonstrating en-
hanced resilience to noise and perturbations (Marchisio et al.
2020; Sharmin et al. 2019; Hu et al. 2024). Although SNNs
currently underperform ANNS in terms of accuracy, their in-
trinsic robustness advantage makes them particularly suit-
able for high-security applications like autonomous driv-
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ing (Zhu et al. 2024) and privacy computing (Kim, Venkate-
sha, and Panda 2022).

The development of surrogate gradient (SG) methods has
significantly advanced the performance of deep SNNs (Ta-
vanaei et al. 2019), yet this progress introduces vulnera-
bilities to gradient-based adversarial attacks (Liang et al.
2021). Recent studies have shown that, although SNNs in-
herently exhibit greater robustness than ANNs, such adver-
sarial perturbations can critically compromise their accu-
racy (Ding et al. 2022). Enhancing the adversarial robustness
of SNNss remains a pivotal challenge in the research commu-
nity. Some techniques originally developed for ANNS, such
as adversarial training (Ding et al. 2024a) and Lipschitz reg-
ularization (Ding et al. 2022), have been extended to SNNs.
In parallel, growing attention has been paid to understand-
ing how structural parameters (e.g., leak factors (Chowd-
hury, Lee, and Roy 2021; Sharmin et al. 2020; Xu et al.
2024), thresholds (El-Allami et al. 2021)) and neural encod-
ing schemes (Ma, Yan, and Tang 2023; Ding et al. 2024b;
Wu et al. 2024) affect the robustness of SNNs. The intrin-
sic noise-filtering properties of spiking dynamics, along with
the stochastic nature of neural coding, are considered critical
factors underpinning the robustness of SNNs.

However, existing research (Xu et al. 2024; Liu et al.
2024) has demonstrated that a model’s sensitivity to in-
put perturbations (i.e., robustness error) can be reflected in
the magnitude of gradients, which is primarily governed by
the interaction between the membrane potential distribution
(MPD) and the SG function in SNNs. The MPD not only re-
flects the response characteristics of the neuronal population
but also significantly influences the gradient propagation
across network layers. Recent studies (Guo et al. 2022a,b,
2023) have further shown that constraining the MPD to re-
main within the gradient-available region of the SG func-
tion with an appropriate proportion facilitates more effective
gradient-based optimization. Therefore, it is also crucial to
investigate how to constrain the MPD according to the SG
function to enhance the robustness of SNNs.

In this paper, we present a theoretical and empirical in-
vestigation into the role of neuronal MPD and SG mech-
anisms in enhancing the adversarial robustness of SNN.
First, through rigorous gradient analysis, we establish a the-
oretical framework that formally connects robustness error
with the SG in SNNs, demonstrating that reducing the SG



magnitude can effectively mitigate robustness error. Since
the SG magnitude is primarily influenced by the membrane
potential, we further investigate the MPD and establish an
explicit connection between the MPD and network param-
eters. Thus, the MPD can be optimized by learning the
network parameters. Lastly, based on the relationship be-
tween the MPD and the SG function, we derive an approxi-
mate expression for the SG magnitude. Based on these the-
oretical insights, we design an MPD-driven surrogate gra-
dient regularization (MPD-SGR) method that reduces the
proportion of MPD within the gradient-available region of
the SG function, thereby enhancing the network’s resilience
against adversarial attacks (Figure 1). The proposed frame-
work demonstrates remarkable adaptability across diverse
neuron parameter configurations, SG function variants, and
spike coding methods. Experimental results across multiple
image classification datasets, network architectures, and gra-
dient approximation methods demonstrate that our MPD-
SGR method effectively improves the robustness of SNNs
against various input perturbations.

Related Work
Surrogate Gradient Learning

Surrogate gradient (SG) methods provide approximate gra-
dients for the non-differentiable spiking neurons, thus sup-
porting the backpropagation of errors in both spatial and
temporal domains (Wu et al. 2018; Gu et al. 2019; Neftci,
Mostafa, and Zenke 2019). Recent studies have found that
the relationship between the gradient-available interval of
the SG function and the membrane potential dynamics has
a significant impact on the backpropagation training of
SNNs (Zenke and Vogels 2021), inspiring a series of works
to study the alignment between membrane potential and
gradient-available interval. Some researchers adopt a fixed
SG function and constrain the membrane potential distribu-
tion to ensure that the gradient is propagated in an appro-
priate proportion. InfLoR-SNN (Guo et al. 2022a) designed
a membrane potential rectifier to redistribute the membrane
potential closer to the spiking threshold. RecDis-SNN (Guo
et al. 2022b) introduced three regularization losses to penal-
ize three undesired shifts of the membrane potential distri-
bution. Optimizing the SG function is another appealing ap-
proach. Dspike (Li et al. 2021) adaptively changed its shape
and captured the direction of finite difference gradients to
find the optimal shape and smoothness for gradient estima-
tion. LSG (Lian et al. 2023) adapted the width of the SG
function automatically during training based on the mem-
brane potential dynamics. ASGL (Wang et al. 2023) learned
the precise gradients of the loss landscape in SNNs adap-
tively by fusing the learnable relaxation degree into a proto-
type network with random spike noise.

Adversarial Defense for SNN

SNNs exhibit inherent robustness (Marchisio et al. 2020;
Sharmin et al. 2019), a property that is often attributed
to their biologically plausible components, such as neural
coding and dynamics. Several studies aim to enhance ro-
bustness from a neurodynamic perspective. For example,
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structural parameters, including time windows, leak fac-
tors, and thresholds, play a key role in determining the ad-
versarial robustness of SNNs (El-Allami et al. 2021). The
noise-filtering effect of membrane potential leakage char-
acteristics has motivated approaches to improve the SNN
robustness by evolving leaky factor (Chowdhury, Lee, and
Roy 2021; Sharmin et al. 2020). Additionally, leveraging
stochasticity or attention mechanisms in neural coding can
mitigate noise in the information transmission process. For
instance, Poisson coding, which encodes the continuous in-
tensity of an image into binary spikes with inherent ran-
domness, has been shown to exhibit greater robustness than
direct coding (Sharmin et al. 2020; Kim et al. 2022). To
further utilize the noisy, non-deterministic nature of neu-
ral coding, NDL (Ma, Yan, and Tang 2023) incorporates
noisy neuronal dynamics into SNNSs to investigate their po-
tential robustness benefits, while StoG (Ding et al. 2024b)
introduces additional stochastic gating for spiking neurons
to enhance model robustness. The FEEL method (Xu et al.
2024) adopts a frequency encoding inspired by selective vi-
sual attention mechanisms, suppressing noise in different
frequency ranges at different time steps. Moreover, there are
also some SNN-specific defensive techniques that draw in-
spiration from ANNSs. A typical representative is adversarial
training (AT) (Kundu and Pedram 2021), which enhances
robustness by incorporating adversarial examples generated
through attacks into the training process. RAT (Ding et al.
2022) proposes a regularized training strategy based on Lip-
schitz analysis of SNNs.

Preliminaries
Spiking Neural Networks

In the field of deep SNNs, the most commonly used spik-
ing neuron is the iterative leaky integrate-and-fire (LIF)
model. The iterative LIF model simulates biological neurons
through three key dynamic processes: synaptic integration,
membrane potential accumulation, and neuronal firing with
resetting, which are mathematically defined as follows:

'ty =w'. 0", (1)
Rt —1) =0t — 1)ri(t — 1), (2)
Uty =7(Ut—1) =R\t — 1)+ I'"1(t), (3
O'(t) = H(T' (t) — vun), @)

where [ and ¢ denote the layer index and the time step of neu-
ral activity, respectively. The postsynaptic current I'~*(#) is
the sum of spike signals O'~!(t) weighted by the synaptic
weights W'. R!(t — 1) is the reset term, where the trigger-
ing spike O (¢ — 1) causes the membrane potential reset and
7! (t) is the subtracted value due to reset. Under the hard reset
condition, 7! (t) = U!(t), whereas under the soft reset con-
dition, 7!(t) = vy,. U'(t) denotes the membrane potential
state, receiving the postsynaptic current and decaying with
a leaky factor 7. When U'(t) exceeds the threshold v, a
spike is generated according to the Heaviside function H(-).
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Figure 1: The overall framework of MPD-SGR. The MPD-SGR constrains membrane potential distribution (MPD) of SNNs
(mean g and standard deviation o) to reduce the overlap €2 between MPD and the gradient-available range of the SG function
(gray area). This regularization minimizes output error under adversarial perturbations.

Adversarial Attacks for SNN

Neural networks are notorious for their vulnerability to sub-
tle perturbations in the input data, known as adversarial at-
tacks. Adversarial attacks generate a perturbation ¢ by max-
imizing the network’s task loss £ and then applying it to in-
put data z, resulting in adversarial examples. Formally, this
maximization problem can be expressed as:

0 =argmax L(f(z+ 6 W),y) s.t.d € R(xz,e) (5)

where y is the target label, f is the network parameterized by
its weights W, and R(z, €) is the {,-constrained neighbor-
hood centered on x with radius €, ensuring the perturbation
remains imperceptible.

Researchers have observed that adversarial attacks can
also be applied to deep SNNs using SG (Bu et al. 2023),
where the SG function provides approximate gradients
for non-differentiable Heaviside step function. In the SG
method, the backpropagation of the loss is derived by un-
folding the dynamics of LIF neurons as follows:

oL oL 00Yt) oL AU (t+1)
ou'(t) 00 (t)oU'(t)  oU'(t+1) oU'(t)
6)
where L is the task loss. SG methods approximate the non-

20 (1)
U (t)
various SG functions demonstrated to be effective (Neftci,
Mostafa, and Zenke 2019), we employ the triangle SG func-
tion defined as:
0! (t) —I 1 —
el (U (t)) J3mas (’y ‘U (1)

differentiable term

with an SG function. Among the

0) ™

—1 .
where U (t) = U'(t) — vy, and v is a hyperparameter that
controls the smoothness and gradient-available interval of
the surrogate function.

1866

Methods
Analysis of robustness error

The effect of a perturbation is quantified as the difference
in error values before and after perturbation (i.e., robustness
error), £L(x+9) — L(x). This perturbation-induced error dif-
ference is theoretically analyzed using local linearity tech-
niques (Qin et al. 2019), yielding the following expression:

|IL(z+0)—L(x)| <[00V L(x)|, +g(0,z) (8)

where ¢ (9, z) is the residual term and VL (x) is the in-
put gradient. This theorem reveals a relationship between
variations in robustness error and the L; norm of the input
gradient. A natural approach to reduce these variations is
to regularize the input gradient. However, this requires dou-
ble backpropagation to compute its gradient with respect to
model parameters, which is computationally expensive and
impractical for large-scale SNNs.

To address this, we leverage LIF dynamics and BPTT to
reformulate input-gradient optimization as internal network-
gradient optimization (Xu et al. 2024). Specifically, the
constraint term for SNNs can be rewritten as » , |6y ©
Vo L(0y)]1, which can be further derived as follows:

or
1

. oL .
min % 6t®80t‘1:m1n Et
)

Equation 9 outlines the key components influencing ro-
bustness, including the perturbation term P, = ngt (t)®
7F, the model weight term P = Hé:z W,_1,, and the

t
SG term P3 = Hi:1 %. These constraints offer a princi-

pled way to regularize SNNs for robustness, explaining why
recent methods such as weight regularization (Ding et al.
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2022) and evolving leak factors (Xu et al. 2024) are effec-
tive. However, the potential of SG terms for improving ro-
bustness has been largely overlooked, which is the motiva-
tion of this work. Beyond the gradient-based analysis, we
also derive an upper bound on robustness sensitivity from
the perspective of neuron firing states (Appendix A).

Analysis of Membrane Potential Distribution

Equation 9 shows that regularizing the SG terms suppresses
fluctuations in robustness error. As defined in Equation 7,
the SG magnitude depends on the SG function and the mem-
brane potential (U). Therefore, analyzing the membrane po-
tential distribution (MPD) is a prerequisite for understanding
how SG affects SNN robustness. In forward propagation, the
MPD is constrained by the threshold-dependent batch nor-
malization (tdBN) (Zheng et al. 2021) and the dynamics of
LIF neurons. tdBN first transforms the postsynaptic current
I into a Gaussian-distributed variable I using the scaling
factors (o and V) and a learnable affine transformation (A
and 3). The dynamics of LIF neurons reveal that the MPD is
governed by the decay factor (7), leading to a shift and scal-
ing relative to the normalized postsynaptic current /. Based
on these observations, we propose Theorem 1 to explain the
detailed dynamic distribution of membrane potential.

Theorem 1. In an iterative LIF model with decay factor
T over T’ timesteps, the tdBN-normalized postsynaptic in-
put follows the distribution T ~ N(B., (A\.aVip)?). For

t=1,2,3,...,T, the membrane potentials is distributed as

T.(t) ~ N(B.D(r,t) — S(t), (NeaVin)2D(72,t)), where

¢ is the channel number of the tdBN layer, D(7,t)

St _, 7' is the cumulative decay function, and S(t) is the
cumulative response strength constant.

Proof. The proof of Theorem 1 is included in Appendix A.
O

The relationship between MPD and SG

In SG methods, the SG function determines the gradient-
available interval of the membrane potential and provides
an approximate gradient. The membrane potential distribu-
tion is modeled as a Gaussian distribution according to The-
orem 1, where gradient information is primarily carried by
the membrane potential within the overlap between this dis-
tribution and the gradient-available interval of the SG func-
tion. A smaller overlap obstructs gradient propagation, while
an excessively large overlap introduces numerous inaccu-
rate approximate gradients, increasing the deviation from
the true gradients (See Appendix B for a detailed explana-
tion). To optimize SNNs more effectively, much of the cur-
rent work focuses on identifying the optimal overlap areas
by adjusting the MPD (Guo et al. 2022a,b) or the gradient-
available interval (Lian et al. 2023; Wang et al. 2023). Their
key objective is to ensure that the proportion of membrane
potentials with gradients is appropriate, allowing for stable
gradient propagation and reliable training. However, the SG
not only plays a pivotal role in network training but also sig-
nificantly impacts the robustness error induced by perturba-
tions (Ps term in Equation 9). Therefore, to achieve reliable
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model output, the SG magnitude needs to be appropriately
reduced while avoiding interference with network training,
which motivates us to impose thoughtful constraints on the
SG magnitude to ensure training and robust performance.
The SG magnitude is determined by the overlap area, so
we first derive the expression for the overlap area to rep-
resent the SG magnitude. We assume that the SG function
satisfies Equation 7, with its gradient-available interval de-
fined as [—v,~]. The MPD follows a Gaussian distribution
Ul(t) ~ N(u,0?), with the probability density function
2
(PDF) given by p(z) = m/lﬂ exp (— (m2—0;;)
area is defined as the integral of the Gaussian distribution
over the interval [—,~]:

o i (57

). The overlap

202

To simplify the integral, we perform a change of variables.

Let z = =¥, so that dz = odz. Under this substitution, we
obtain:

Q / L e ( 22) dz
= X —_
3 Vo P 2

The integral can be evaluated using the cumulative distri-
bution function (CDF) of the standard normal distribution:

:% [1 +erf(\j§)]

where erf(z) = % fOT e~ dt is the error function. Using
this CDF, the target overlap {2 can be written as:

) dz (10)

pty
) (11)

o
~

o

(x) (12)

13)

(14)

o2

Lypp_ser = (16)

1
= To7 2

l,c,t

0= <W> _ % <M)
o o
When the SG function parameters + is fixed, the value of
membrane potential. The gradient of 2 with respect to the
parameters of the membrane potential distribution is com-
0 1
on o
+ —
30 = {—;ﬁp (u) +uTp (“)] (15)
g g g
where u™ = 1+ and = = p — 7y are the upper and lower
Therefore, Equation 13 can serve as a SG regularizer, re-
ducing the SG magnitude by constraining the parameters of
output layer, the SG is penalized at every timestamp in ev-
ery channel for each layer in the training phase. Specifically,
1 Z bl (t)
LCT —~ ¢

) is controlled by the mean p and standard deviation o of
puted as follows:
P(7) (7).
pP\— ) —p\—
o o
(9] 1
bounds of the overlap area, respectively.
the MPD (Figure 1). In practice, except for the last linear
Lrpp—scr for the b-th batch of input is given by:
l l _
o (He® 7Y g (Helt) =7 (17)
oi(t) o (t)



Methods CIFAR-10 CIFAR-100
Clean FGSM PGD BIM | Clean FGSM PGD BIM
Vanilla Training
REG (Ding et al. 2022) | 92.49 25.18 0.88 0.60 | 72.82 10.14 027 0.31
StoG (Ding et al. 2024b) | 91.64 1622 0.28 0.12 | 72.22 592 026  0.20
DLIF (Ding et al. 2024a) | 92.01 11.52 0.08 0.06 | 71.38  7.20 0.08  0.08
FEEL (Xu et al. 2024) 90.08 29.17 6.67 599 | 70.06 9.74 2.06 1.92
SR (Liu et al. 2024) 91.04 31.72 855 728 | 66.76 16.16 8.00 6.43
Ours 91.63 47.59 20.55 16.85 | 70.42 3451 9.03 841
Improvement -0.86 +15.87 +12 +957 | -24  +1835 +1.03 +1.98
Adyversarial Training
RAT (Ding et al. 2022) | 9141 45.00 2295 20.80 | 69.43 19.07  9.23 8.41
StoG (Ding et al. 2024b) | 90.13  45.75 27.74 2632 | 69.24 19.64 9.77 323
DLIF (Ding et al. 2024a) | 88.94 39.21 27.17 2598 | 67.08 19.34 996  9.39
FEEL (Xu et al. 2024) 89.00 45.62 29.52 2839 | 68.05 1955 1211 11.97
SR (Liu et al. 2024) 88.26 4428 28.63 27.03 | 61.26 23.10 17.07 16.28
Ours 90.69 59.27 3338 32.61 | 69.56 3945 22.23 1945
Improvement -0.72  +13.52 +3.86 +4.22 | +0.13 +16.35 +5.16 +3.17

Table 1: Compare with state-of-the-art work on adversarial robustness of SNN (VGG11, T = 8)

Vanilla == Ours -+ Vanilla+AT Ours+AT
100 100
VGG11 | WRN16 ‘
80. 80
< <3
% 60, % 60
Qw0 2 4 :
20 20
[1], 1 (1],
2 4 6 8 2 4 6 8
£*255 £*255
100 100
ol VGG11 o WRN16 ‘
% 60 ;5 60
Q 40 2 0
20 20|
0 l 0
1 3 5 7 9 1 3 5 7 9
K K

Figure 2: Performance of the white-box PGD attack with in-
creasing perturbation € and iterative step k = 4 (Top Panels),
increasing iterative step k and e = 8/255 (Bottom Panels).

where L is the number of layers, C' is the number of chan-
nels, and 7 is the number of time step. Q' (¢) is the overlap
area of the membrane potential distribution at the channel ¢
of the layer [ at time ¢. Finally, taking classification loss into
consideration, the total loss can be written as:

L =L+ 1LY pp_sar (18)

where Ei’as i denotes the task loss (e.g., cross-entropy), and 7
is a coefficient that modulates the strength of the regulariza-
tion. The training evolution of the MPD and the SG overlap
(€2), as well as an analysis of 7 are provided in Appendix C.
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Experiments
Experimental settings

We conduct experiments to evaluate our proposed method
on image classification tasks using the CIFAR-10, CIFAR-
100 and Tiny-ImageNet (Le and Yang 2015) datasets. The
SNN models are VGG (VGG11) (Simonyan and Zisserman
2014) and WideResNet (WRN16) (Zagoruyko 2016). The
LIF neuron parameters and the SG function settings are con-
sistent with previous work (Ding et al. 2022).

We evaluate model robustness under three attack sce-
narios: white-box, black-box and non-gradient attacks. The
adversarial examples are generated by four attack meth-
ods using differentiable approximation techniques (BPTT
or BPTR (Bu et al. 2023)): FGSM (Goodfellow, Shlens,
and Szegedy 2014), PGD (Madry 2017), BIM (Kurakin,
Goodfellow, and Bengio 2018) and CW (Carlini and Wagner
2017). The attack perturbation strength is set to e = 8/255,
the iterative steps k = 7 and step size « = 0.01 for PGD
and BIM. For adversarial training (AT), models are trained
with white-box PGD adversarial examples (k =2, e = 2/255).
The bold values in all tables represent the optimal results for
each setting. Full details on experimental settings and attack
algorithms are provided in Appendix D.

Performance for various attack types

Comparison with state-of-the-art work. We evaluate
MPD-SGR against state-of-the-art (SOTA) adversarial de-
fense methods for SNNs including REG (Ding et al. 2022),
StoG (Ding et al. 2024b), DLIF (Ding et al. 2024a), SR (Liu
et al. 2024) and FEEL (Xu et al. 2024), under both vanilla
and adversarial training (AT) settings. As shown in Table 1,
MPD-SGR demonstrates superior robustness across vari-
ous attacks and datasets, outperforming all SOTA methods.
Under vanilla training, it significantly surpasses the SOTA
baseline (SR) by 15.87%, 12.00%, and 9.57% on CIFAR-10,
and by 18.35%, 1.03% (PGD), and 1.98% (BIM) on CIFAR-



DATASET MODEL CLEAN FGSM PGD BIM CW
VGGI11, BPTT 92.45/90 62 23.86/42.12 0.87/17.18 0.60/14.59 6.26/18.85
VGGI11, BPTR : ’ 27.92/47.61 7.82/25.52 6.61/25.00 24.38/38.07
VGG11, BPTT, AT 91.08/90 34 43.80/58.71 20.63/28.94 18.63/24.74 29.87/34.38
CIFAR10 VGGI11, BPTR, AT : 49.11/66.17 35.74/43.12 34.59/41.17 58.73/65.05
WRNI16, BPTT 93.46/92.22 18.81/45.82 0.02/8.44 0.03/6.59 3.61/18.66
WRN16, BPTR : : 15.28/38.18 0.17/8.03 0.16/6.65 11.76/31.21
WRNI16, BPTT, AT 91.15/91.34 42.31/63.32 19.93/38.11 18.03/33.13 29.60/43.06
WRN16, BPTR, AT ) : 51.75/70.93 34.44/46.91 33.00/44.79 58.90/70.10
VGGI11, BPTT 72.54/69 56 8.95/20.16 0.24/6.90 0.20/5.51 5.62/13.54
VGGI11, BPTR : ’ 11.45/34.49 4.66/10.07 4.44/9.94 25.03/26.99
VGGI11, BPTT, AT 68.60/67.67 20.28/36.18 9.97/18.23 8.82/15.70 15.46/22.33
CIFAR100 VGGI11, BPTR, AT ’ 29.78/40.42 22.14/26.38 21.27/25.88 40.96/47.44
WRNI16, BPTT 73.86/72.61 10.99/22.58 0.04/1.97 0.05/1.77 4.93/10.34
WRNI16, BPTR : ’ 9.74/21.60 0.44/5.52 0.35/5.50 14.81/24.13
WRNI16, BPTT, AT 69.29/69.67 25.35/39.47 12.09/21.71 11.30/18.87 20.17/27.55
WRN16, BPTR, AT ) : 31.99/44.23 22.58/35.67 22.04/35.08 43.23/53.21

Table 2: The classification accuracy (Vanilla/Ours) under white-box attacks across multiple datasets and architectures (1" = 4).

Methods Clean Gaussian Noise Uniform Noise
REG 72.82 2473 (-48.09)  49.86 (-23.86)
FEEL 70.06  32.63 (-37.43) 52.47 (-17.59)

SR 66.76  47.47 (-19.29) 61.37 (-5.39)
Ours 70.42  53.01 (-17.41) 64.21 (-6.21)

Table 3: Comparative evaluation of defense mechanisms un-
der random perturbation attacks on CIFAR100 datasets with
VGGI11 (T' = 8). Values in parentheses denote accuracy
degradation relative to clean performance.

100 under FGSM, PGD, and BIM attacks, respectively. With
AT, MPD-SGR maintains superior robustness, exceeding the
SOTA baseline (FEEL) by 13.52%, 3.86%, and 4.22% on
CIFAR-10, and the SOTA baseline (SR) by 16.35%, 5.16%,
and 3.17% on CIFAR-100 for FGSM, PGD, and BIM at-
tacks, respectively.

Current adversarial defense mechanisms enhance model
robustness against perturbations, yet often incur a degrada-
tion in clean accuracy—a trade-off particularly pronounced
in AT frameworks and consistent with findings in prior liter-
ature (Wu et al. 2024). While SR achieves relatively strong
robustness under AT, its clean accuracy declines markedly
to 61.26% on CIFAR-100 and 88.26% on CIFAR-10, in-
dicating a significant compromise in nominal performance.
In contrast, MPD-SGR achieves a more favorable balance,
demonstrating its practical advantage.

White-box attack. We compare the classification accu-
racy of MPD-SGR with the vanilla method (REG/RAT) un-
der various white-box attacks across VGG11/WRNI16 net-
works and CIFAR-10/100 datasets. As summarized in Ta-
ble 2, the MPD-SGR method significantly enhances the ro-
bustness of the vanilla SNN model against all tested attacks,
with consistent gains observed under both BPTT and BPTR
methods across all datasets and architectures. Notably, with-
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Figure 3: Performance of the proposed MPD-SGR method
under different black-box attacks.

out AT, the vanilla SNN completely fails under strong itera-
tive attacks such as PGD and BIM, with accuracy dropping
close to 0%. In contrast, the MPD-SGR method maintains
a certain level of performance, achieving an accuracy of ap-
proximately 10%.

We evaluate how model accuracy degrades under increas-
ing PGD attack intensity e and number of iterations k& on
the CIFAR-10 dataset. The results in Figure 2 show that the
MPD-SGR exhibits a slower accuracy decline than the base-



Model+SG  Methods Clean FSGM PGD  BIM
VGGIIRee Gl 015y 4328 1582 142
VOGINSiE ool 503y 325 926 723
VGGIIssup QO e o34m0
WRNIGHRee ol 0y 4951 1815 1383
WRNIGSSIE Gl orad 3630 877 705
WRNIGHSW ol geSh 3925 707 474

Table 4: Performance (%) of the proposed MPD-SGR
method under three different SG functions.

Dataset Model Methods Clean FGSM PGD
VGG16 DIR 5790 204 0.01

VGG16 DIR+Ours 54.78 14.33 5.72

Tiny- VGGI16 POS 48.14 6.79 2.68

ImageNet VGG16 POS+Ours 47.83 20.42 8.21
VGG16 RSC 4747 22.63 13.75

VGG16 RSC+Ours 46.98 35.06 17.60

Table 5: Performance (%) of the proposed MPD-SGR
method under three different spike coding methods.

line under stronger PGD attacks for both VGG and WRN
architectures, regardless of whether AT is used. This demon-
strates that our method exhibits strong tolerance to more in-
tense adversarial perturbations. For additional results about
white-box attacks, including varying 7" and different attack
settings, please refer to Appendix E.

Black-box attack. We train a substitute SNN model to
generate adversarial examples that are transferable to both
the vanilla and MPD-SGR models for black-box attacks.
This substitute SNN is trained without any regularization on
the same dataset, using identical neuron parameters and ar-
chitecture as the target model. Figure 3 highlights the perfor-
mance of the MPD-SGR method across various black-box
attacks. We observe that black-box attacks are less effec-
tive than white-box attacks, and the MPD-SGR method also
achieves comparable robustness improvements under black-
box attacks as in the white-box setting, suggesting its robust-
ness stems not from gradient obfuscation but from inherent
properties of the method. For detailed gradient obfuscation
analysis, please refer to the Appendix F.

Non-gradient attack. We further evaluate the impact of
MPD-SGR on the robustness of SNNs under non-gradient
attacks, specifically two types of random perturbations:
Gaussian (6 ~ N(0, €)) and Uniform (6 ~ U(—e¢, €)) noise.
All results are reported using a fixed noise intensity of € =
0.1. As shown in Table 3, our method maintains high classi-
fication performance under both perturbation types, signif-
icantly outperforming the REG baseline, which suffers se-
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vere performance degradation (accuracy drops of 48.09%
and 23.86%). Although SR exhibits a degree of robustness,
its substantially lower clean accuracy (66.76%) fundamen-
tally constrains its performance under noisy conditions, re-
sulting in absolute accuracies below those achieved by our
approach. These results indicate that MPD-SGR exhibits
strong robustness to non-gradient perturbations, showcasing
its versatility across diverse input disturbances.

Ablation study

Performance under different SG functions. We investi-
gate the applicability of our method to other commonly used
SG functions, including Rectangular (Rec) (Wu et al. 2019),
Sigmoid (Sig) (Roy, Chakraborty, and Roy 2019) and Su-
perspike (Sup) (Zenke and Ganguli 2018). As presented in
Table 4, our proposed MPD-SGR method consistently en-
hances robustness across different SG functions, further con-
firming the versatility and effectiveness of our method.

Performance under different spike coding. Considering
the significant impact of input spike encoding methods on
the robustness of SNNs, we also compare the performance of
MPD-SGR with that of the vanilla SNN model under differ-
ent spike coding methods, including Direct Coding (DIR),
Poisson Coding (POS) and Randomized Smoothing Coding
(RSC) (Wu et al. 2024). The proposed MPD-SGR method
exhibits consistently superior performance over the baseline
SNN model across all tested spike coding schemes (Table 5),
demonstrating the compatibility of our method with various
spike coding approaches.

Conclusion

This paper presents a theoretical and empirical investiga-
tion into the role of neuronal membrane potential distribu-
tion (MPD) and surrogate gradient (SG) mechanisms in en-
hancing the adversarial robustness of deep spiking neural
networks (SNNs). Through rigorous gradient analysis, we
establish a theoretical framework that formally connects in-
put perturbation sensitivity to the magnitude characteristics
of SG in SNNs. Our analysis reveals that reducing the pro-
portion of membrane potentials within the gradient-available
range of the SG function effectively mitigates the sensitiv-
ity of SNNs to input perturbations. Based on these theo-
retical insights, we propose MPD-driven surrogate gradient
regularization (MPD-SGR), which systematically constrains
the MPD during training to optimize gradient flow, thereby
enhancing the network’s resilience against adversarial at-
tacks. Extensive experiments across multiple benchmark
datasets and SNN architectures show that MPD-SGR main-
tains comparable clean accuracy while consistently improv-
ing robustness against gradient-based attacks and random
noise, outperforming existing defense methods. The pro-
posed approach also demonstrates remarkable adaptability
across diverse network configurations, SG function variants,
and spike coding schemes. These results position MPD-SGR
as a promising, generalizable defense strategy for SNNs un-
der diverse perturbation scenarios.
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