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Abstract

State-of-the-art (SOTA) gradient-based adversarial attacks on
spiking neural networks (SNNs), which largely rely on ex-
tending FGSM and PGD frameworks, face a critical limita-
tion: substantial attack latency from multi-timestep process-
ing, rendering them infeasible for practical real-time appli-
cations. This inefficiency stems from their design as direct
extensions of ANN paradigms, which fail to exploit key SNN
properties. In this paper, we propose the timestep-compressed
attack (TCA), a novel framework that significantly reduces
attack latency. TCA introduces two components founded on
key insights into SNN behavior. First, timestep-level back-
propagation (TLBP) is based on our finding that global tem-
poral information in backpropagation to generate perturba-
tions is not critical for an attack’s success, enabling per-
timestep evaluation for early stopping. Second, adversar-
ial membrane potential reuse (A-MPR) is motivated by the
observation that initial timesteps are inefficiently spent ac-
cumulating membrane potential, a warm-up phase that can
be pre-calculated and reused. Our experiments on VGG-11
and ResNet-17 with the CIFAR-10/100 and CIFAR10-DVS
datasets show that TCA significantly reduces the required at-
tack latency by up to 56.6% and 57.1% compared to SOTA
methods in white-box and black-box settings, respectively,
while maintaining a comparable attack success rate.

1 Introduction
Spiking neural networks (SNNs) are often regarded as the
third generation of artificial neural networks, known for
their event-driven design and strong similarity to biolog-
ical processes. Unlike conventional artificial neural net-
works (ANNs), SNNs use binary sequences to communi-
cate between spiking neurons, producing spikes only when
the membrane potential exceeds a certain threshold dur-
ing the inference over multiple timesteps. This unique fea-
ture makes SNNs well-suited for handling spatio-temporal
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Figure 1: ASR over the number of timesteps for (a) conven-
tional FGSM and (b) TCA, both utilizing STBP, on CIFAR-
10 for VGG-11. TCA uses A-MPR for a fast warm-up and
TLBP for early stopping to achieve high ASR with fewer
timesteps compared to FGSM.

data and helps reduce power consumption (Tavanaei et al.
2019). Beyond image classification, SNNs have shown ef-
fectiveness in tasks such as text recognition and object de-
tection. (Su et al. 2023; Zhu et al. 2023)

Despite their general resilience (Sharmin et al. 2020), the
vulnerability of SNNs to adversarial attacks poses a sig-
nificant security risk. This has led to the development of
gradient-based attacks, which have evolved along two main
paths. The first involves extending de facto standard at-
tack methods (i.e., FGSM (Goodfellow, Shlens, and Szegedy
2014), PGD (Kurakin, Goodfellow, and Bengio 2018)) from
ANNs to the SNN domain. The second focuses on devel-
oping SNN-specific gradient generation methods to accom-
modate their unique temporal dynamics. Key techniques
include STBP (Wu et al. 2018), which adapts backprop-
agation through time (BPTT) for SNNs; RGA (Bu et al.
2023), which approximates gradients based on firing rates;
and HART (Hao et al. 2023), a hybrid approach integrating
both temporal and rate information. Crucially, these SNN-
specific methods primarily serve to compute the gradients
that are then fed into the established FGSM and PGD frame-
works to craft the final attack.

A critical limitation of SNN attack methods exploiting
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FGSM or PGD is the substantial latency from multi-timestep
processing; for instance, the STBP-based attack in Fig. 1(a)
requires eight full forward-backward passes to generate a
single adversarial perturbation. While the specific “real-
time” deadline depends on the application, a processing
rate of 30 FPS is often considered the threshold for real-
time performance in many fields, including object recog-
nition in autonomous vehicles or CCTV systems (Zheng,
Sun, and Dong 2025; Shi, Wang, and Guo 2024; Charles,
Kazemipour, and Paninski 2024). Under such a widely used
criterion, the latency of an eight-timestep attack becomes
practically infeasible as it exceeds the operational dead-
line; PGD-based attacks are even slower. This suggests that
SOTA attacks on SNNs remain largely theoretical, stemming
from their design as direct extensions of ANN paradigms
that fail to leverage two SNN-specific properties. First, there
is a distinct latency-ASR (attack success ratio) trade-off (as
shown in Fig. 1) which is also highly input-dependent; the
number of timesteps needed to succeed varies significantly
across inputs. This presents the challenge of developing a
runtime mechanism to capture this input-dependent vulnera-
bility for early stopping. Second, this trade-off is non-linear,
as ASR often increases sharply in the initial timesteps. This
poses a further challenge of how to selectively allocate com-
putational resources across different attack stages to mini-
mize overall latency.

In this paper, we propose a novel timestep-compressed at-
tack (TCA) that establishes such a new paradigm, circum-
venting the reliance on full-timestep information to signifi-
cantly reduce the required number of timesteps, illustrated in
Fig. 1(b). TCA incorporates two primary components target-
ing a classification problem. First, timestep-level backprop-
agation (TLBP) employs a per-timestep strategy for gener-
ating perturbations (while eliminating BPTT) to the input
image. This approach enables cross-entropy monitoring at
each timestep for early stopping and, counter-intuitively, sig-
nificantly improves the final ASR compared to the existing
FGSM and PGD using full-timestep temporal information.
Second, adversarial membrane potential reuse (A-MPR) fa-
cilitates a rapid warm-up by initializing the attack with pre-
calculated membrane potentials. This “membrane image” is
generated offline via a purpose-built loss function that bal-
ances gradient accuracy with adversarial efficacy to ensure
the extraction of effective gradients from the onset of the
attack.

We implemented TCA to all STBP, RGA, and HART,
and it supports both white-box and black-box attacks. In
line with the SOTA studies, we conducted experiments
on CIFAR-10/100 and CIFAR10-DVS for VGG-11 and
ResNet-17. Our experiments validate TCA’s effectiveness
on VGG-11 and ResNet-17 across the CIFAR-10 and
CIFAR-100 datasets. While preserving a comparable ASR,
TCA lowers the required attack latency by up to 56.6% in
white-box and 57.1% in black-box scenarios, respectively,
against SOTA methods.

The main contributions of this paper are as follows:
• We analyze the impact of global temporal information

within the backpropagation process of gradient-based at-
tacks, revealing its minimal effect on the final ASR.

• Based on this analysis, we propose TLBP, a novel per-
window backpropagation method that enables input-
dependent early stopping for low-latency attacks.

• We propose A-MPR, an offline, rapid warm-up tech-
nique that pre-calculates and reuses adversarial mem-
brane potentials to overcome the inefficiency of early at-
tack timesteps.

• We demonstrate the effectiveness of our framework
through extensive experiments, showing a superior
latency-ASR trade-off compared to SOTA methods in
both white-box and black-box scenarios.

2 Related Work
Learning method of SNNs. The two primary methods for
training SNNs are ANN-SNN conversion (Cao, Chen, and
Khosla 2015) and direct training (Wu et al. 2018). ANN-
SNN conversion involves training a conventional ANN and
then mapping its weights to an SNN of the same architec-
ture. While converted SNNs can achieve comparable ac-
curacy to ANNs without retraining, they typically require
a large number of timesteps for inference, though recent
works have sought to mitigate this (Deng and Gu 2021;
Diehl et al. 2015). Alternatively, direct training uses meth-
ods like STBP to train the SNN from scratch. STBP was pro-
posed by Wu et al. (Wu et al. 2018) who recognized the sim-
ilarity between the temporal dynamics of SNNs and RNNs,
adapting the BPTT (Werbos 2002) algorithm. Direct training
with STBP enables high accuracy with fewer timesteps than
conversion methods, but traditionally struggled to match the
peak accuracy of ANNs. However, recent studies have made
progress in closing this accuracy gap (Fang et al. 2021; Lee,
Delbruck, and Pfeiffer 2016; Neftci, Mostafa, and Zenke
2019).

Adversarial attacks for SNNs. The vulnerability of
ANNs to adversarial examples—subtle, imperceptible input
perturbations that cause misclassification—was first demon-
strated by Szegedy et al. (Szegedy et al. 2013). This led
to the development of gradient-based attack methods such
as FGSM (Goodfellow, Shlens, and Szegedy 2014) and
PGD (Kurakin, Goodfellow, and Bengio 2018), which gen-
erate perturbations using the model’s gradients. These meth-
ods have since been extended to SNNs, typically using the
STBP gradient to guide the perturbation (Sharmin et al.
2019). However, the non-differentiable nature of spiking
neurons makes direct gradient calculation inefficient. To
overcome this, alternative backpropagation methods have
been developed that approximate gradients using firing rates
or other temporal information. For example, RGA (Bu et al.
2023) approximates gradients based on firing ratios, while
HART (Hao et al. 2023) uses a hybrid of firing ratio and
temporal information. A common drawback of these ap-
proaches, however, is that their reliance on the FGSM and
PGD frameworks necessitates performing a forward and/or
backward pass for each timestep in the sequence.

3 Preliminaries
In this section, we present the foundational mechanisms of
SNNs and outline the principles of adversarial attacks. As
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Figure 2: Forward pass and backward pass for FGSM (a–b)
and TCA (c–d) for window size w = 1. Since TCA does
not rely on temporal information between consecutive win-
dows, it can decide whether to stop the attack at each win-
dow using TLBP and measured cross-entropy. The blue line
indicates the reuse of pre-extracted membrane potentials for
each class through A-MPR for rapid warm-up.

illustrated in Fig. 2(a), an SNN propagates an input image
(denoted by x) across multiple timesteps and layers. We for-
mulate this forward pass, denoted by f1:T , as follows:

f1:T (x) =
1

T

T∑
t=1

h ◦ lL ◦ lL−1 ◦ · · · ◦ l1(x), (1)

where T and L are the number of timesteps and blocks, re-
spectively. lℓ(·) represents the ℓ-th block, and each block
consists of a convolution layer, a batch normalization layer,
and a leaky integrated-and-fire (LIF) layer (Gerstner et al.
2014). h(·) denotes the classifier in the last layer of the net-
work.

At each timestep, LIF neurons accumulate membrane po-
tential across T . The membrane potential uℓ,t at the t-th
timestep in ℓ-th block is given by:

uℓ,t = τuℓ,t−1 +Wℓsℓ−1,t + ηℓ,t, (2)

where τ and Wℓ denote the leaky factor and the convolu-
tional weight in the ℓ-th block, respectively (Brette et al.
2007). ηℓ,t denotes the reset factor that is applied to the
membrane potential uℓ,t when it exceeds a certain thresh-
old. sℓ−1,t represents the spike fired at the t-th timestep in
the (ℓ− 1)-th block. We formulate sℓ−1,t as follows:

sℓ−1,t =

{
1 if uℓ−1,t > Vth,

0 otherwise
, (3)

where Vth is predefined threshold. If uℓ−1,t exceeds the
threshold Vth, the LIF neuron fires a spike to the next layer
and resets its membrane potential.

Adversarial attacks are approaches used to deceive SNNs
into making incorrect predictions by generating impercepti-
ble perturbations. The formula to generate perturbations (il-
lustrated in Fig. 2(b)) is defined as the following optimiza-
tion problem:

δ = argmax
δ,||δ||∞≤ϵ

L(f1:T (x+ δ|θ), y), (4)

where δ is a generated perturbation and L is a loss function.
ϵ is a constant value that ensures the perturbation remains
imperceptible. f1:T (·|θ) is an SNN model parameterized by
θ, and y is the target label intended to mislead.

We consider two basic gradient-based attack methods ap-
plied in both scenarios: FGSM (Goodfellow, Shlens, and
Szegedy 2014) and PGD (Kurakin, Goodfellow, and Bengio
2018). FGSM is an attack method that generates a perturba-
tion by calculating the sign of the gradients against the loss
function, that is

δ = ϵ · sgn(∇δL(f1:T (x|θ), y)), (5)
where sgn(·) represents the function to extract sign of the
gradients. PGD, an advanced extension of FGSM, gener-
ates refined perturbations through iterative gradient extrac-
tion (Madry et al. 2017). PGD adjusts the size of perturba-
tions γ for the given total iterations, which is expressed as
follows:

δr = clip[−ϵ,ϵ](δ
r−1+γ·sgn(∇δr−1L(f1:T (x+δr−1|θ), y))),

(6)
where r is the index of iteration (for 1 ≤ r, δ0 = 0), and
clip(·) ensures that the perturbation satisfies ||δ||∞ ≤ ϵ.
However, applying these attack techniques to SNNs requires
at least T forward and backward propagations.

4 TCA: Methodology
This section details TCA, a method targeting classification
problems in both white-box and black-box settings, moti-
vated by real-time applications (e.g., traffic sign recognition
in autonomous vehicles). Our threat model is grounded in
practical feasibility. In a scenario without any system ac-
cess, the attack can be physically realized by projecting op-
tical perturbations onto objects (e.g., traffic signs), a tech-
nique demonstrated by AttackZone (Muller et al. 2022). Al-
ternatively, with limited physical access such as USB at-
tachment, a man-in-the-middle (MITM) attack—where the
image stream is intercepted and reinjected after perturba-
tion—becomes feasible, as shown in recent studies (Wu,
Rowlands, and Wahlström 2024; Liu et al. 2022).

4.1 Observations
We present two measurement-based observations that reveal
the inefficiencies of conventional SNN attacks and form the
foundation for our proposed method, TCA.
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Figure 3: ASR and accumulated CE (calculated by
L(fts:te(·), y)) over timesteps on CIFAR-10 for three STBP
variants (FGSM, FGSM w/o temporal information, and
TLBP (w/o early stop, w = 1)), evaluated on (a) VGG-
11 and (b) ResNet-17. Vulnerable and robust inputs refer
to samples successfully attacked by TLBP at the first and
eighth timesteps, respectively.

Necessity of temporal information. Our first analysis
questions the reliance on full-timestep processing in conven-
tional SNN attacks. As shown by the standard STBP-based
FGSM attack in Fig. 3 (black line), the ASR quickly sat-
urates, suggesting that processing all timesteps is often re-
dundant. This standard approach requires a full forward pass
followed by an extensive backward pass because the mem-
brane potential at each timestep t is dependent on the state
at t− 1 (Eq. (2)), analogous to BPTT in RNNs1.

To investigate the necessity of this temporal dependency,
we conducted a motivational experiment with an attack vari-
ant that disregards it (i.e., eliminating BPTT). This approach
draws inspiration from an emerging theme in SOTA re-
search, where shortening the temporal backpropagation path
is used to mitigate challenges in direct SNN training, such
as vanishing gradients. Our variant calculates gradients on a
per-timestep basis, effectively treating each timestep as in-
dependent. Despite sacrificing this global temporal informa-
tion, the resulting attack (green line in Fig. 3) achieves a
comparable final ASR to the standard method. This finding
leads to our first key observation:

O1. The global temporal information aggregated across all
timesteps has a minimal impact on the final ASR of
gradient-based attacks.

Inefficacy of early timesteps. The second challenge
arises from the initial timesteps of an attack. Fig. 4 shows
that both the neuron firing rate and the corresponding ASR
of FGSM (black line) are negligible at the beginning of the
attack sequence. This indicates that insufficient information
propagates through the network in the early stages, resulting
in ineffective gradients. This forms our second observation:

O2. Gradients extracted from the initial timesteps are inef-
fective due to low neuron firing activity, hindering the
attack process from the start.

1Note that we consider the direct training method for SNNs,
which adapts the BPTT algorithm by using a surrogate gradient to
handle the non-differentiable LIF activation function.

4.2 TLBP: Timestep-Level Backpropagation
Building upon O1, TLBP enables input-dependent early ter-
mination by monitoring an attack’s success at runtime, a ca-
pability absent in conventional FGSM and PGD. Instead of
processing all timesteps at once, TLBP operates on a “win-
dow,” a unit of w timesteps (1 ≤ w ≤ T ) over which a sin-
gle forward-backward pass is performed to generate a per-
turbation. This windowed approach generalizes the conven-
tional attacks; if the window size w is set to the total number
of timesteps T , a single iteration of TLBP is equivalent to
FGSM, while multiple iterations are equivalent to PGD.

The operational flow of TLBP is illustrated in Fig. 2(c)
and (d) for a window size of w = 1. In n-th window, the
forward pass (Fig. 2(c)) computes the SNN output over the
current window, fts:te(x+δn−1). This output is used to cal-
culate the CE loss, L(fts:te(·), y), which serves as the input
to the backward pass (Fig. 2(d)). The backward pass then
computes the gradient to update the perturbation from δn−1

to δn as follows:

δn = clip[−ϵ,ϵ](δ
n−1+

ϵ · sgn(∇δn−1L(fts:te(x+ δn−1|θ), y))), (7)

where ts = (n−1) ·w+1 and te = min(n ·w, T ) define the
window boundaries for the n-th window (1 ≤ n, δ0 = 0).
This per-window strategy not only provides a robust crite-
rion for early stopping but also counter-intuitively improves
the final ASR compared to full-timestep methods, as evi-
denced by the significant performance gap between TLBP
(red line with circle markers) and standard FGSM (black
line) in Fig. 3.

To determine when to stop, TLBP uses cross-entropy
(CE) as a proxy for attack success. A high CE loss signi-
fies that the model’s confidence in the true class is low, indi-
cating that the perturbation is successfully steering the pre-
diction toward the adversarial target. The attack terminates
once the accumulated CE, defined as

∑
n=1 L(fts:te(·), y)),

reaches a predefined threshold ThCE (or when ts ≥ T
holds). The validity of this metric is empirically demon-
strated in Fig. 3, where inputs vulnerable to attacks exhibit a
correspondingly rapid accumulation of CE.

4.3 A-MPR: Adversarial Membrane Potential
Reuse

A-MPR is a rapid warm-up technique that addresses the in-
efficiency of early attack timesteps based on O2. It over-
comes the “cold start” problem of SNNs by initializing
the network with pre-calculated, non-zero membrane po-
tentials, ensuring effective gradient extraction from the on-
set of the attack. The insight for A-MPR comes from ob-
serving the negligible initial spike ratios in conventional
attacks (Fig. 4(a, c)). This indicates a wasteful warm-up
phase where neurons only accumulate potential without fir-
ing, yielding less useful gradients. A-MPR bypasses this in-
efficient runtime phase by pre-calculating and reusing these
initial membrane potentials.

Since randomly generating these potentials can degrade
ASR, we pre-generate “membrane image” y∗ for each at-
tack target y using a purpose-built loss function that balances
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two objectives: (i) ensuring the generated potentials are sim-
ilar to those from real inputs for gradient accuracy, and (ii)
steering the initial inference away from the correct label for
adversarial efficacy. We propose Lmem for objective (i) and
Ladv for (ii). The similarity loss, Lmem, is formulated using
cosine similarity (sim(·, ·)) as follows:

Lmem(t1) =

L∑
ℓ=1

sim(uℓ,t1 , u
∗
ℓ,t1), (8)

where uℓ,t1 and u∗
ℓ,t1

are the membrane potentials at
timestep t1 and block ℓ accumulated by the input image x
and the trainable membrane image y∗, respectively. The ad-
versarial loss, Ladv , encourages the pre-calculated potentials
to already be adversarial:

Ladv(x, y, t1) = L(ft1+1:T (x), y). (9)

The total loss for generating the membrane image is the sum
of these two components:

Lmpr(x, y, t1) = Lmem(t1) + Ladv(x, y, t1). (10)

The membrane image is then optimized via gradient ascent
for each class in the training set:

y∗ = y∗ + β · sgn(∇y∗L(x, y, t1)), (11)

where β is the update parameter. Before an attack, the net-
work is warmed up by reusing the prepared y∗ for the target
label y. As a post-processing step, we clamp all membrane
potentials to a range of [Vmin, Vmax] to mitigate the effect
of outliers. Since the entire A-MPR process is performed of-
fline, it introduces no computational overhead to the runtime
attack.

The results in Fig. 4(b, d) validate this approach. A-MPR
alone (blue line) significantly boosts the initial ASR over the
standard FGSM (black line). When combined with TLBP
(purple line), the ASR saturates even more rapidly, creat-
ing an ideal condition for the early stopping criterion from
Section 4.2 to effectively reduce latency. The comprehensive
latency-ASR performance of the complete TCA framework
is demonstrated in the evaluation section.

5 Evaluation
In this section, we evaluate the effectiveness of TCA against
existing attack methods in both white-box and black-box
scenarios. Our experiments are conducted on VGG-11 (Si-
monyan and Zisserman 2014) and ResNet-17 (Zheng et al.
2021) architectures with the CIFAR-10/100 (Krizhevsky,
Hinton et al. 2009) and CIFAR10-DVS (Simonyan and Zis-
serman 2014) datasets2. All experiments are conducted on
NVIDIA RTX A6000 GPUs. All victim SNNs are trained
using the STBP method, as ANN-SNN converted models
have known security vulnerabilities. We compare the per-
formance of our proposed TCA framework against the base-
line FGSM and PGD attacks, evaluating each in combina-
tion with three SOTA gradient generation methods: STBP,
RGA, and HART. Performance is measured using two met-
rics: ASR, the proportion of samples that cause a misclas-
sification, and the attack latency, the total time required to
generate a perturbation for a single input.

5.1 Comparison to Prior Art
We evaluate the latency-ASR effectiveness of TCA against
FGSM and PGD baselines in Figs. 5 and 6. The experiments
are conducted on VGG-11 and ResNet-17 with CIFAR-
10/100 datasets in an untargeted scenario, using ϵ = 8/255,
t1 = 2, β = 8/255, Vmin = 0.2, and Vmax = 0.5. To ensure
a fair comparison at low latencies, PGD is restricted to two
iterations with a step size of 8/255. The points for the base-
lines represent attacks with a fixed number of timesteps from
one to eight. In contrast, TCA operates flexibly; we plot two
execution options. The hollow red points represent attacks
using only the first window (n = 1) with varying window
sizes (w). The solid red points represent attacks with a fixed
w and varying ThCE values (0.01, 0.1, 1, or 5), which de-
termines the number of iterations (windows) n. Based on
our motivation in Sec. 1, we consider attacks that complete
within 33ms (equivalent to 30 FPS) to be practically feasible
for real-time systems.

White-box scenario. As shown in Fig. 5, most PGD con-
figurations are practically infeasible (in the red square area
of each subfigure) due to their iterative nature, while FGSM,
though feasible, achieves a relatively low ASR. For TCA,
the results (solid red points) show that ThCE acts as a
control-knob for the latency-ASR trade-off; a lower thresh-
old allows the attack to stop at an earlier window (e.g.,
n = 1), while a higher threshold requires more windows
(e.g., n = 4). TCA demonstrates a superior latency-ASR
trade-off compared to both FGSM and PGD across most set-
tings (e.g., up to 56.6% latency reduction for STBP on VGG-
11 and CIFAR-10), while its performance on the VGG-11
and CIFAR-100 combination remains comparable.

Black-box scenario. In the black-box scenario, we as-
sume the attacker knows only the model architecture, not
any specific parameters (following the same black-box as-
sumptions of RGA and HART for a fair comparison). Using
the same as the white-box setting (e.g., ϵ, t1, · · · , w, n),

2Results for CIFAR10-DVS are provided in the supplement due
to page limits.
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Figure 6: Experimental results on blackbox scenario
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BP Ladv Lmem y-specific VGG-11 ResNet-17
w=1 w=2 w=1 w=2

STBP
✓ ✗ ✗ 84.7 89.1 74.2 80.4
✓ ✓ ✗ 85.6 88.0 74.8 80.6
✓ ✓ ✓ 87.8 92.2 74.3 82.3

RGA
✓ ✗ ✗ 82.1 91.4 76.9 85.6
✓ ✓ ✗ 84.4 92.2 78.2 85.1
✓ ✓ ✓ 85.4 92.9 78.5 87.6

HART
✓ ✗ ✗ 84.0 92.5 73.0 84.0
✓ ✓ ✗ 85.2 92.4 74.5 85.0
✓ ✓ ✓ 87.8 94.6 74.3 86.3

Table 1: Ablation study of A-MPR on CIFAR-10

BP (Vmin, Vmax) VGG-11 ResNet-17
w=1 w=2 w=1 w=2

STBP

(none, none) 14.8 17.0 25.4 29.8
(0.0, 1.0) 60.8 82.7 36.8 55.8
(0.1, 0.8) 78.8 91.8 53.6 72.0
(0.2, 0.6) 89.6 93.5 71.7 80.6
(0.2, 0.5) 87.8 92.2 74.3 82.3

RGA

(none, none) 29.1 37.9 36.8 47.5
(0.0, 1.0) 71.3 91.2 51.4 77.4
(0.1, 0.8) 79.0 93.7 65.1 85.2
(0.2, 0.6) 87.4 93.9 76.4 88.1
(0.2, 0.5) 85.4 92.9 78.5 87.6

HART

(none, none) 14.8 19.0 25.4 29.6
(0.0, 1.0) 60.8 84.6 36.6 56.5
(0.1, 0.8) 78.8 92.8 53.2 75.8
(0.2, 0.6) 89.6 95.7 71.6 85.1
(0.2, 0.5) 87.8 94.6 74.3 86.3

Table 2: Various minimum values of membrane potentials
on CIFAR-10

TCA again demonstrates a superior latency-ASR trade-off
compared to the baselines across most configurations (e.g.,
up to 57.1% latency reduction for STBP on VGG-11 and
CIFAR-10), as shown in Fig. 6, despite a marginally lower
ASR on the VGG-11 and CIFAR-100 combination.

5.2 Ablation Study
Impact of loss function in A-MPR. We ablate the com-
ponents of our proposed A-MPR—the adversarial loss
(Ladv), the similarity loss (Lmem), and the class (y)-specific
strategy—to analyze their individual impact on TCA’s per-
formance. The results are shown in Table 1, which presents
the ASR for VGG-11 and ResNet-17 on CIFAR-10 under
STBP, RGA, and HART attacks. To isolate the effect of A-
MPR, we fix the number of iterations to one (n = 1) and
test for window sizes w = 1 and w = 2. The results in-
dicate that incrementally adding each component generally
increases ASR, regardless of the model or backpropagation
method. For instance, for VGG-11 with STBP at w = 1, the
ASR increases from 84.7% to 87.8% with all components
enabled.

Boundary of membrane potentials. We investigate the
impact of clamping the membrane potentials to a range of
[Vmin, Vmax] during the A-MPR process. As shown in Ta-
ble 2, not bounding the potentials (none, none) causes a sig-

(a) Vulnerable samples
: hard to classify but

easy to attack

(b) Robust samples
: easy to classify but

hard to attack

Figure 7: Visualization of vulnerable (attacked at n = 1)
and robust (attacked at n = 8) samples on VGG-11 with
CIFAR-100

nificant drop in ASR across all configurations, which we at-
tribute to incorrectly accumulated potentials in outlier neu-
rons. In contrast, setting the boundaries (e.g., Vmin = 0.2,
Vmax = 0.5) substantially improves performance. For ex-
ample, for ResNet-17 with STBP (w = 1, n = 1), the ASR
increases from a very low 25.4% to as high as 74.3% when
the potentials are appropriately bounded.

Attack vulnerability. Fig. 7 visualizes the characteristics
of inputs from CIFAR-100 that are either vulnerable or ro-
bust to our attack on the VGG-11 model. We define ‘vul-
nerable’ samples as those successfully attacked in the first
window (w = 1, n = 1), and ‘robust’ samples as those
that resist the initial attack but are compromised in the 8-
th window (w = 1, n = 8). The visualization indicates that
vulnerable samples are often visually ambiguous (e.g., small
objects or poor contrast), corresponding to low initial confi-
dence scores for the ground truth. Consequently, these sam-
ples require only a small perturbation over a few timesteps
to be misclassified, whereas robust samples, with their high-
confidence visual clarity, demand a larger, cumulative per-
turbation.

6 Conclusion
In this paper, we addressed the critical limitation of high la-
tency in SOTA adversarial attacks on SNNs, which renders
them practically infeasible for real-time systems. We intro-
duced TCA, a framework built on two key insights into SNN
attack dynamics. We first analyzed the global temporal in-
formation in the backpropagation of the SNN attack and re-
vealed its minimal impact on an attack’s final success. Based
on this finding, we developed TLBP to perform per-window
evaluation, enabling effective early stopping without sacri-
ficing performance. To accelerate the initial attack phase,
A-MPR bypasses the inefficient warm-up period by reusing
pre-calculated potentials. Our experiments on VGG-11 and
ResNet-17 with CIFAR-10/100 and CIFAR10-DVS validate
this approach, demonstrating a reduction in required attack
latency of up to 56.6% and 57.1% for white-box and black-
box attacks, respectively, all while maintaining a compara-
ble ASR to SOTA methods.
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