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Abstract

Spiking Neural Networks (SNNs), as a biologically plausible alternative to Artificial
Neural Networks (ANNs), have demonstrated advantages in terms of energy effi-
ciency, temporal processing, and biological plausibility. However, SNNs are highly
sensitive to distribution shifts, which can significantly degrade their performance
in real-world scenarios. Traditional test-time adaptation (TTA) methods designed
for ANNS often fail to address the unique computational dynamics of SNNs, such
as sparsity and temporal spiking behavior. To address these challenges, we propose
SPike-Aware Consistency Enhancement (SPACE), the first source-free and single-
instance TTA method specifically designed for SNNs. SPACE leverages the inher-
ent spike dynamics of SNNs to maximize the consistency of spike-behavior-based
local feature maps across augmented versions of a single test sample, enabling
robust adaptation without requiring source data. We evaluate SPACE on multiple
datasets. Furthermore, SPACE exhibits robust generalization across diverse net-
work architectures, consistently enhancing the performance of SNNs on CNNss,
Transformer, and ConvLSTM architectures. Experimental results show that SPACE
outperforms state-of-the-art ANN methods while maintaining lower computational
cost, highlighting its effectiveness and robustness for SNNs in real-world settings.
The code will be available at https://github.com/ethanxyluo/SPACE.

1 Introduction

Recent advancements in neuroscience-inspired computing have placed Spiking Neural Networks
(SNNGs) at the forefront as a biologically plausible alternative to traditional Artificial Neural Networks
(ANNSs). While ANNSs have achieved remarkable success across domains, their reliance on dense,
black-box architectures often limits interpretability and energy efficiency. In contrast, SNNs emulate
the sparse, event-driven dynamics of biological neurons, offering advantages in computational
efficiency, temporal processing, and explainability [[13 4} 44]. However, the very features that make
SNNs appealing—temporal coding and sparse spiking—also introduce fragility in dynamic real-world
environments. Because SNNs encode information over time, they can be highly sensitive to shifts
in the input distribution [2], which may induce substantial changes in layer-wise spiking activity
and degrade downstream performance. At the same time, the historical SNN—ANN accuracy gap
on standard vision benchmarks has narrowed considerably [58 52], foregrounding generalization
and robustness as primary objectives for practical SNN deployment [10}|51]]. In application domains
central to SNNs—event-driven sensing and low-power edge inference—the ability to remain robust
to distribution shift is thus a deployment prerequisite rather than a post-hoc enhancement.

*Corresponding author

39th Conference on Neural Information Processing Systems (NeurIPS 2025).



In real-world deployments, it is common for the training (a.k.a. source) and test (a.k.a. target)
distributions to differ owing to changes in lighting, background, sensor noise, or environmental
conditions. Such domain shifts are known to impair model performance [[18, 30]. Prior studies have
specifically noted robustness challenges of SNNs under distribution shift [38} 27, 23], but remain hard
to deploy online at scale. Mei et al. [38]] perform gradual, unsupervised adaptation via teacher—student
self-training across intermediate domains, which requires iterative weight updates, pseudo-label
calibration, and multiple passes during deployment—assumptions that clash with single-sample,
low-latency edge constraints. Karilanova et al. [27] address only temporal-resolution shifts via
parameter remapping that presumes a known source—target sampling ratio and synchronized binning,
offering no per-instance online adaptation and limited coverage of broader appearance/sensor shifts.
To address the limitations, we adopt SNN-specific test-time adaptation (TTA) to meet practical
deployment constraints.

Existing TTA approaches often rely on source data or batched target samples—e.g., using source-
related proxy tasks [48]], source statistics [40]], or optimization over a batch of test inputs [49, 54} 34].
Such assumptions are frequently impractical due to privacy, regulatory, and on-device resource
constraints. We therefore focus on the source-free, single-instance regime, where the model adapts
online using only the current test sample and without access to source data or target batches. Note
that several influential ANN-oriented TTA methods fall outside this regime. For example, SHOT [37]
requires mini-batches of target data and multi-pass self-training in a static feature space while
freezing a standalone classifier head; in SNNs, classification is tightly coupled to time-evolving
spiking dynamics, leaving no stationary head to freeze and rendering distance-based pseudo-labeling
insensitive to temporal structure. Similarly, TAST [25] relies on class-prior regularization and batch-
level target statistics and is typically optimized over target mini-batches—assumptions misaligned
with sparse, discrete spike trains and incompatible with the single-instance constraint.

Within the truly source-free, single-instance family, MEMO [56] and SITA [28]] are representative
but face fundamental limitations for SNNs. MEMO enforces output-consistency by minimizing the
entropy of the averaged prediction over augmented views; however, output probabilities capture
only coarse semantics and provide weak control over the fine-grained temporal spiking dynamics
that govern internal representations. SITA adapts batch-normalization (BN) statistics using test-time
augmentations, yet many SNN architectures omit BN layers [55) 132]]; even when present, sparse
activations limit the effect of BN-moment shifts on spike generation. These gaps motivate an SNN-
specific TTA framework that explicitly engages temporal spiking dynamics, avoids reliance on BN,
and respects the source-free, single-instance constraints to improve robustness under domain shift.

In this work, we propose a novel method named SPike-Aware Consistency Enhancement (SPACE),
which is the first source-free and single-instance TTA approach specifically designed for SNNs.
SPACE performs adaptation using only a single test point without access to source data, making it
particularly suitable for real-world scenarios where source data are unavailable or privacy-sensitive.
By leveraging the inherent spike dynamics of SNNs, SPACE maximizes the consistency in spike-
behavior-based local feature maps across augmented samples of the same input, ensuring robust and
efficient adaptation in deep SNNs. Unlike existing TTA methods, which often overlook the unique
characteristics of SNNs and the demanding of single instance scenarios, SPACE directly exploits
spike-based representations for adaptation. Our contributions can be summarized as follows

1. To the best of our knowledge, we are the first TTA method tailored for SNNs, which operates
using only a single test sample. This addresses the unique challenges of adapting SNNs in
scenarios where source data are unavailable, while maintaining efficiency and accuracy.

2. Our method introduces a consistency-driven optimization framework to enhance the similar-
ity of spike-behavior-based local feature maps across augmented samples of the single point.
By leveraging spike dynamics, this approach ensures robust adaptation in deep SNNs.

3. To assess the effectiveness and robustness of our proposed method, we perform extensive
experiments across multiple benchmarks, including CIFAR-10, CIFAR-100 [31], Tiny-
ImageNet, ImageNet [7]], and the neuromorphic dataset DVS Gesture [1]. Furthermore, we
validate the adaptability of our method across different model architectures, specifically
testing on SNN-VGG [47, [29]], SNN-ResNet [[17,132], Spike-driven Transformer V3 [52],
and SNN-ConvLSTM [46]. The results demonstrate that our approach not only achieves
consistent performance improvements across datasets but also generalizes well to different
network structures, showcasing its broad applicability and robustness.



2 Related Work

2.1 SNN-based Deep Learning

Over the years, significant progress has been made in SNN-based deep learning. Many approaches
primarily relied on converting pre-trained ANN models into SNNs, enabling SNNs to inherit the
representational power of ANNs while benefiting from spike-based computations [9, 3| 22, [26]].
However, such conversion methods often suffer from performance degradation due to differences in
activation dynamics. To overcome this, direct training of SNNs using surrogate gradient methods
has gained traction, enabling end-to-end optimization of spiking models [55/ 39} (12 18| [36]]. Rathi
et al. [41] proposed a hybrid method that combines conversion and surrogate gradient-based method,
achieving state-of-the-art performance. These advancements have not only solved the challenge
owing to the non-differentiable nature of spike functions and the the inherent complexity of temporal
dynamics, but also led to the development of sophisticated SNN architectures, such as spiking
convolutional networks [50, 32], spiking recurrent networks [53, [57], and spiking transformer
networks [58},152]], which have denoted promising results in diverse tasks like image classification,
speech recognition, and event-driven sensor data analysis.

2.2 Test-time Adaptation

Test-time adaptation (TTA) is a rapidly growing area in machine learning that tackles the challenge
of adapting pre-trained models to unseen or shifted distributions during inference [37, 148l 49, [24].
Test-time training (TTT) [48] performs online updates to model parameters using supervised proxy
task on the test data. However, the dependence on source data makes these methods impractical
in scenarios where the source domain is unavailable during deployment due to privacy or storage
constraints. To overcome source dependency, source-free TTA methods have been proposed, which
perform adaptation using only test-time inputs. TENT [49] utilizes a straightforward yet effective
entropy minimization approach to optimize batch normalization parameters during test time, without
relying on any proxy task during training. Lee et al. [33]] employs pseudo-labeling to adjust model
predictions.

Although these methods avoid source data, many assume batch-level adaptation, relying on test-
time statistics over multiple samples—an impractical requirement when only a single test point is
available. MEMO [56] addresses the single-instance setting by minimizing entropy and enforcing
prediction consistency across augmentations, thereby promoting augmentation-invariant semantics
but offering limited control over temporal spiking dynamics under shift. SITA [28] adapts batch-
normalization statistics using augmented views of the same instance; however, many SNNs lack
BN [55)132], and sparse activations diminish the effectiveness of moment updates, especially under
severe corruptions. To overcome these limitations, we align spike patterns and temporal features
across augmentations without relying on BN, yielding an SNN-specific TTA mechanism compatible
with diverse architectures and truly single-sample operation, while offering a more stable and
informative alignment signal for robustness.

2.3 Generalization of SNNs

Recent state-of-the-art SNNs [58)152]] achieve performance on clean data comparable to strong ANNS,
shifting the research focus from in-distribution accuracy to generalization and robustness under
real-world shifts. Several works have begun to examine these issues in SNNs [[10} 15, 51]. Guo et al.
[L5] study Source-Free Domain Adaptation (SFDA) in a batch/epoch setting, where the model is
updated after processing target-domain batches and typically assumes access to a pre-collected target
dataset. In contrast, our work tackles TTA in a stricter, online regime: we adapt to each incoming
sample individually and on the fly, without labels, source data, or target-set pre-collection. This
per-sample update schedule reduces latency and memory footprint, making the approach directly
applicable to streaming, autonomous deployments where SNNs are expected to excel.



3 Proposed Method

3.1 Preliminary

SSNNs emulate biological neurons by transmitting and encoding information through discrete spikes.
Among various neuron models, the Leaky Integrate-and-Fire (LIF) neuron [6]] is widely adopted
for its balance between biological realism and computational efficiency. Its membrane potential
dynamics follow
Ut
Tm% =-U(t) + RI(t), 1)
where U (t) represents the membrane potential of the neuron at time ¢, 7, is the membrane time
constant, R denotes the input resistance and () is the input current received from pre-synaptic
neurons or inputs. When U (¢) exceeds a predefined threshold Uy, the neuron emits a spike and its
membrane potential is reset to a resting value, typically 0 or U (t) — Uyy,. Following [12]],
is discretized as ) .
P=(1 - —)ult+ — 150 2
uj = (1— —)u; +Tm;wjoj ®

m

Here, j is the index of pre-synaptic neurons, o; is the binary spike activation, and w;; stands for
connections between pre- and post-neurons. shows the LIF model, depicting membrane
potential evolution and spike generation in response to input spikes [1L1]].

The spiking mechanism in SNNs introduces non- Input Spikes
differentiability, making it difficult to apply stan- | |
dard gradient-based optimization methods for Membrane Potential

training or test-time adaptation. To address this,
surrogate gradient methods approximate the non-

differentiable spike function with a smooth sur-

rogate during the backward pass. A simple ap- Output Spikes
proach is the shifted Heaviside step function, ‘ I | I I S T A I ‘
where the gradient of o;, the spiking activation ? * Timestep ” e
ELI;U:SH of neuron j, with respect to U is de- Figure 1: Illustration of spike and membrane poten-
tial dynamics in LIF neurons. When the membrane
0oj A 1, ifU > U, potential reaches the threshold, it is reset by sub-
oU {07 ifU < Uyp,. €) tracting the threshold value, triggering the neuron

to fire a spike.
While this is not an exact analytical solution, it
is nevertheless valid because a reset promptly occurs after a spike is generated when U > Uyy,.

These SNN foundational techniques underpin our method to enhance TTA by ensuring consistent
spiking behavior across augmented samples.

3.2 SPike-Aware Consistency Enhancement

Algorithm Design Overview The proposed algorithm through spike-aware consistency enhance-
ment (SPACE) for TTA is designed to improve test-time robustness of SNNs, as shown in[Figure 2]
We first generate an augmented batch from a single test sample using various augmentation tech-
niques, introducing diversity while retaining the core characteristics of the original sample. This
augmented batch is passed through the model to obtain local feature maps, represented by spike
counts over time. Next, the model is adapted by maximizing the similarity across the feature maps of
the augmented samples, promoting consistency in feature representations. Finally, the adapted model
predicts the label of the original test sample, ensuring robust performance under test-time conditions.
This approach enhances the model’s ability to generalize to unseen test samples, particularly in shifted
domains. The overall method is presented in and the details are introduced below.

Spike-Aware Feature Maps SPACE aims to adapt pre-trained SNN-based models My (with
parameters § € ©) during inference to improve performance under distribution shifts, without
requiring ground truth labels or access to source data. No specific training process is required, nor
do we impose particular constraints on the model. The only assumptions are that 6 can be adjusted
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Figure 2: Overview of the SPike-Aware Consistency Enhancement (SPACE) framework for TTA in
SNNs. The test sample is selected from CIFAR-10-C dataset [18]] with Gaussian Noise corruption
at level 5. The model here follows the VGG9 architecture. The process involves four main steps:
1) Generate an augmented batch from the single test sample. 2) Pass the augmented batch through
the model to obtain local feature maps, represented by the spike counts over the processing time.
3) Adapt the model by maximizing the similarity across the local feature maps of the augmented
samples. 4) Use the adapted model to predict the label of the original test sample.

and that the model produces intermediate feature maps F(x), which is differentiable with respect
to 6 and can be utilized for further analysis and adaptation. Here, x € X’ is a single test point that
is presented to My. It is worth noting that this is a reasonable assumption, supported by a recent
advance [43] that suggest gradient back-propagation can be implemented on spiking neuromorphic
hardware. Concretely, we decompose the SNN into a spike-based feature extractor and a classifier,
writing My (x) = Cp(Ep, (x)) with 0 = (6, 6¢). Here, the extractor Ep,, denotes the main body
of the network (e.g., CNN/Transformer/ConvLSTM blocks), and the classifier Cp. consists of the
last one or two readout layers.

Aligned with previous work [28 56], we achieve test-time robustness by leveraging data augmenta-
tions and a self-supervised adaptation objective. In our work, a set of augmentation functions with
different intensities selected from A £ {ay,...,ay} is applied to a single test input x, forming an
augmented batch of samples B = {x1,Xa,...,Xa}, M < N. Using this batch, we align the spike
dynamics extracted from augmentations, ensuring that the model produces reliable and robust predic-
tions in the presence of distribution shifts. SPACE differs from MEMO [56]] by operating not on the
conditional output py(y|x) but on the spike dynamics of intermediate layers that determine temporal
coding and semantic representations. Specifically, we observe the feature map O(-) € RT*ExHxW
at the deepest layer of Fy,, that still retains spatial support. Here 7" denotes the number of time steps,
C represents the number of channels, H and W are the spatial dimensions of the local feature maps.
If the last pre-classifier feature map has shape with H x W > 1, we use this layer; if global pooling
or stride reduces it to 1 x 1, we use the penultimate layer of Ey,. This choice balances semantic
abstraction and alignment granularity—using a 1 x 1 map yields too few alignment targets and risks
overfitting, whereas too shallow a layer may overemphasize low-level variations.

To leverage the intermediate spike activity over the entire time window, let O(x;) € {0, 1} denote
binary spikes (1=fire, O=silent, refers to[subsection 3.1)) at the chosen extractor layer for an augmented
view x;. We aggregate spikes over time to form a spike-aware feature maps collection F =
{F(x1),F(x2),...,F(xar)}, where each F(x;) € RE*D represents the total spike counts of
neurons across different channels, with D = H x W indicating the spatial dimensionality.



Algorithm 1 SPACE for Test-Time Adaptation in SNNs

1: Input: Test sample x, augmentation functions A = {aq, ..., ay}, SNN model with extractor
parameters 6 g, and learning rate 7

2: Qutput: Prediction y* via updated model

3. Step 1: Generate augmented batch

4: Initialize B = )

5: for a in a subset {ay,...,ap} of Ado

6.

7

8

: Xk = ag(x),add xg to B
: end for
: Step 2: Extract feature maps
9: Pass B through the SNN feature extractor, obtain F = {F(x1),...,F(xa)}
10: Step 3: Compute similarity
11: for each pair of (F(x;), F(x;)) in F do
12:  Compute similarity S(i, j|x) using [Equation 4
13: end for
14: Step 4: Update model parameters
15: Compute loss £(6; x) using[Equation 5| update 6 via SGD with learning rate 7
16: Step 5: Predict
17: y* < arg max, pe: (y[x)
18: Return: Prediction result y*

We choose total spike counts for three main reasons: 1) SNNs often run for tens to thousands of
steps 45,116,132} |41]], making stepwise matching redundant and costly. 2) Aggregation smooths the
loss landscape: if spikes jitter in time but counts match, the loss remains unchanged, so gradients
issue a clear directive—make this neuron more or less excitable for this input—producing stable,
macro-level alignment of core feature activations across the augmented views. 3) distribution shift
primarily manifests as changes in spiking rates and spatial activation support in intermediate layers;
F () provides a direct, informative summary of these changes that output probabilities cannot capture.

Feature Maps Alignment Our goal is to make the model focus on invariant, task-relevant features
rather than noise or minor transformations introduced by augmentations or distribution shift. If the
feature maps of augmented views are highly similar, the model becomes less sensitive at test time
and generalizes better to unseen, unlabeled samples. Concretely, given the spike-aware feature map
F(x;) € RE*P of an augmented view x;, we compute channel-wise local vectors F.(x;) € RY
and normalize them across spatial locations with a softmax to obtain a probability distribution
P.(x;) € AP~ This normalization emphasizes salient regions and suppresses noise, yielding a
stable target distribution. We then measure similarity between two augmented views x; and x; by the
average channel-wise inner product

- 1 C D
S 1%) = 52 Pealxi) Pealx)), “
c=1d=1

which lies in [0, 1] and attains 1 if and only if the per-channel spatial distributions match exactly.
Based on this, we adapt the extractor parameters by minimizing the loss function

LOmx) £ > (1-8(,5 %), ©)

1<j<i<M

using a single SGD step with learning rate . Minimizing £ enforces consistency across augmenta-
tions, regularizing the model to learn stable, robust representations and preventing overfitting to any
specific view. Finally, predictions are obtained with the adapted model.

Theoretical Motivation Our objective instantiates consistency regularization at inference time:
under semantics-preserving, bounded-severity augmentations (e.g., AugMix [19]), we enforce in-
variance in internal representations across transformations. Information-theoretically, aligning F
(and thus P) suppresses augmentation-specific variability while preserving identity-relevant content,
approximating an information bottleneck that favors invariant features; geometrically, when perturba-
tions push a sample off the learned manifold, adaptation pulls it toward the local manifold spanned



Table 1: Performance of different model architecture under domain shift. Values are Top-1 accuracy
(%); Acc. Loss = Clean - Shifted. “Shifted” denotes evaluation on shifted variants of each dataset;
exact configuration described in[Appendix C| SNN and ANN models share backbone and scale and
are trained with the same protocol.

Architecture  Dataset ANN SNN

Clean Shifted Acc. Loss Clean Shifted Acc. Loss
VGGY CIFAR-10 90.53 77.25 13.28 90.61 67.86 22.74
VGG11 CIFAR-100 70.86  48.32 22.54 69.50 41.35 28.14
VGG11 Tiny-ImageNet 61.24 19.76 41.48 58.36 14.56 43.80
Transformer ImageNet 85.16  75.49 9.67 79.60 67.64 11.96

by its augmented views, effectively denoising the representation. In SNNGs, shifts often manifest as
event-rate changes and timing jitter that nudge membrane potentials U around the threshold Uy,
making spike generation highly sensitive; by aligning time-resolved features across augmentations,
we reduce the variance of U trajectories and spike counts, enlarge the effective margin |U — Uy |,
and stabilize and spike timing dynamics. Consequently, robustness arises from coupling semantic
consistency with temporal stabilization within the SNN-TTA framework.

We also explored richer feature relations via kernel embeddings and Maximum Mean Discrepancy
(MMD) (Appendix B). In practice, the above linear-kernel objective already captures the essential
distributional overlap with lower variance and cost, and stronger kernels did not bring noticeable

gains while adding overhead. More discussion is presented in[Appendix Al

4 Experimental Results

Datasets and Models The experiments were conducted on six benchmark datasets for out-of-
distribution generalization: CIFAR-10-C, CIFAR-100-C, Tiny-ImageNet-C L8]], ImageNet-V2 [42],
ImageNet-R [20]], and ImageNet-A [21]]. The first three datasets include 15 corruption types across
four categories and five severity levels, while the three ImageNet-based datasets capture real-world
domain shifts, such as distributional discrepancies and semantic variations. Additionally, we evaluated
on the neuromorphic dataset DVS Gesture-C [23]], which introduces six corruption types. Four
backbone models were used: 1) SNN-VGG with Batch-Normalization Through Time (BNTT)[29],
using 25 inference steps; 2) SNN-ResNet with 30 inference steps[32]]; 3) Spike-driven Transformer
V3 (19M parameters) with 4 inference steps [52]]; and 4) SNN-ConvLSTM with 32 inference steps.
All models were pre-trained on their respective source domains to ensure fair evaluation on datasets
with domain shifts.

Compared Methods We compared our approach against models pre-trained on clean datasets and
evaluated without any test-time adaptation (henceforth referred to as No Adapt), which serves as a
lower-bound reference for robustness under distribution shift. Given the limited availability of TTA
methods specifically designed for SNNs, we selected two representative traditional TTA methods,
MEMO [56] and SITA [28]], as baselines. These methods represent the current state-of-the-art
for source-free and single-instance TTA, respectively. MEMO enforces output consistency across
augmented samples, making it inherently compatible with SNNs by directly adjusting their final
outputs. SITA, originally designed for models with BN layers, was adapted for SNN-VGG with
BNTT by updating the BN layer parameters during TTA. Additionally, we included RoTTA [54] and
the recent DeYO [34] as baselines, despite their reliance on batch data. To ensure a fair comparison,
we applied the same augmentation strategy as SPACE to construct a pseudo-batch for each sample.

Implementation details To maximize the effectiveness of our proposed method, all experiments
conducted on CIFAR-10-C, CIFAR-100-C, Tiny-ImageNet-C , and DVS Gesture-C were performed
with the highest severity level (level=5). In line with our setting and practical scenarios, the test
batch size for all experiments was fixed to 1, and the model was updated only once per test sample.
Following MEMO'’s experimental setup, we applied AugMix [19]] augmentation to generate diverse
augmented samples, using a batch size of 32 for CIFAR-10-C, CIFAR-100-C, Tiny-ImageNet-C, and
DVS Gesture-C, and 64 for the ImageNet series. Please refer to for more details.



Table 2: Performance comparison on CIFAR-10-C, CIFAR-100-C, and Tiny-ImageNet-C with
CNN-based SNN models regarding Accuracy (%). The bold number indicates the best result.

Noise Blur Weather Digital Average

Method Gauss.  Shot  Impl. Defoc. Glass Motion Zoom Snow Fog  Frost Brit. Contr. Elas. Pix. JPEG Acc.
CIFAR-10-C, SNN-VGG9

No Adapt 7238 7470 5857 63.05 63.96 6444 7133 7632 43.57 7572 8244 2254 7501 7025 8428  66.57

RoTTA 73.60 7549 61.61 6608 67.53 67.75 7240 7434 51.54 7635 8098 23.01 7423 68.60 8329  67.79

DeYO 7397 76.16 6245 6629 6737 67.60 7352 7490 50.68 7623 8130 2090 7519 7044 8285 67.99

SITA 73.06 7415 5841 6294 6421 6436 7072 76.67 43.40 7524 8251 22.02 7474 69.62 84.16 66.41

MEMO 7773 7950 6574 6561 6750 66.24  72.61 7738 4547 7864 83.05 23.83 7645 7325 8505 69.20

SPACE (ours)  77.98 79.34 6941 7159 67.76 72.14 74.67 7843 52.80 79.59 8322 2385 7549 7624 8288 71.03
CIFAR-10-C, SNN-ResNet11

No Adapt 7288 7449 4959 6777 6353 65.14 73.06 78.11 4284 73.12 81.71 1272 74.88 77.08 8247  65.96
RoTTA 7342 75.66 4993 67.89 6379 6488 7275 78.14 4434 7359 8036 1290 74.68 7825 83.12  66.25
MEMO 7421 7550 5135 68.11 6465 6537 7396 7832 4347 7339 81.82 13.63 7554 7754 8324  66.67

SPACE (ours) 7590 77.81 56.85 68.66 67.64 66.02 73.82 7874 4547 74.04 8128 1494 76.79 80.32 8396 68.15
CIFAR-100-C, SNN-VGG11

No Adapt 4251 4540 2550 42,15 4284 4187 4677 4488 1651 44.12 4936 542 5133 5235 5847  40.63
RoTTA 43.02 4494 2548 4224 4326 4213 4693 4450 16.63 43.83 4954 545 50.99 5237 5850  40.65
DeYO 43.00 4545 2564 42.02 4288 4247 46.61 4497 1679 4382 4930 545 5134 5285 5845 40.74
SITA 43.01 4483 2548 4223 4329 4211 4693 4449 16.65 43.84 4953 556 50.99 5248 58.71 40.68
MEMO 4346 4541 2607 4247 4390 4255 4721 4474 1676 4434 4995 562 5124 5282 5929 41.06

SPACE (ours) 44.71 46.73 27.99 4335 4447 4346 4842 4570 17.62 4498 5041 5.69 5145 53.81 58.96 41.58
Tiny-ImageNet-C, SNN-VGG11

No Adapt 1243 1520 8.74 7.58 6.50 1448 1359 1558 527 18.06 15.01 1.32 2053 31.62 31.15 14.47
RoOTTA 12.67 1534 8.89 7.55 6.56 1457 1394 1575 521 18.06 1482 138 21.53 3221 31.25 14.65
DeYO 12.69 1536  8.56 7.39 6.26 1438 1375 1575 529 1812 1485 141 2093 31.99 3147 14.55
SITA 1271 15.17 8.87 7.56 6.57 1457 1394 1572 532 18.05 14.82 138 2145 3220 3151 14.66
MEMO 13.64 1645 951 751 6.60 1438  13.92 1597 491 1783 1474 144 21.00 31.39 30.82 14.67

SPACE (ours) 16.71 19.44 11.72  9.62 7.31 16.57 1561 18.66 6.01 21.02 17.53 151 2196 31.89 31.63 16.48

4.1 Evaluation of Robustness of SNNs under Domain Shift.

To further substantiate the observation that SNNs are particularly vulnerable to domain shifts, we
conducted a controlled comparison between SNNs and ANNs that share the same backbone family
and model scale, trained under identical protocols, and evaluated on shifted variants of standard
benchmarks (details in [Appendix C). As summarized in [Table T} SNNs consistently incur larger
accuracy drops than their ANN counterparts across CIFAR-10, CIFAR-100, Tiny-ImageNet, and
ImageNet. These empirical results motivate the development of robust, SNN-specific TTA strategies
tailored to spiking computation.

4.2 Main Results

In this section, we compare SPACE’s performance with four existing TTA methods. To demonstrate
the broad applicability of the proposed method, we evaluate all methods on CIFAR-10-C, CIFAR-
100-C, and Tiny-ImageNet-C datasets using SNN-VGG, on CIFAR-10-C with SNN-ResNetl1, on
ImageNet series with Spike-driven Transformer V3, and on DVS Gesture-C with SNN-ConvLSTM,
to demonstrate the broad applicability of our proposed method.

Performance Comparison on CNN-based SNN Table 3: Performance comparison on
Models The results on CIFAR-10-C, CIFAR-100- ImageNet-V2/R/A with Spike-driven Trans-
C, and Tiny-ImageNet-C at level 5 corruption, shown former V3 regarding Accuracy (%). The
in highlight the effectiveness of SPACE. bold number indicates the best result.

Key observations include: 1) Optimal Performance:

SPACE consistently outperforms all baselines in aver- Accuracy (%)

Method V2 R A A
age accuracy across all datasets under both VGG Ve
and ResNet architectures. 2) Broad Applicabil- No Adapt 67.64 4194 15.12 41.57
ity: SPACE demonstrates effectiveness across differ- ~ RoTTA 6734 4312 14.87 4178
ent CNN structures, showcasing its generalizability. DeYO 6792 4142 1542 R
3) Robust C lex Datasets: A i SITA 67.21 42.05 1392 41.06

) Robustness on Complex Datasets: A particu- gy 67.57 4215 1497 41.56

larly notable result is SPACE’s performance on Tiny-  SpPACE (ours) 68.82 45.07 16.22 43.37
ImageNet-C, where it surpasses all methods across
every corruption type. This highlights its robustness
in handling complex datasets like Tiny-ImageNet-C. 4) Vs. RoOTTA: RoTTA’s memory bank cannot
be effectively utilized in this single-sample setting, leading to limited performance gains. 5) Vs.
SITA: The SNN-ResNet does not include BN layers, rendering SITA inapplicable. Furthermore,




Table 4: Performance comparison on DVS Gesture-C with ConvLSTM-based SNN model regarding
Accuracy (%). The bold number indicates the best result.

Accuracy (%)

Method DropPixel DropEvent RefractoryPeriod Timelitter SpatialJitter ~UniformNoise  Avg.
No Adapt 53.03 54.55 36.74 31.06 92.05 91.67 59.85
RoTTA 55.38 56.54 37.50 30.68 91.62 92.05 60.68
MEMO 56.06 55.30 36.74 30.68 90.91 91.67 60.23
SPACE (ours) 57.20 57.95 52.27 43.18 92.42 92.42 65.91

o 1648% mLocal Feature Maps Based SPACE Impulse Noise Domain

m Global Feature Maps Based SPACE

1.9
14.47%
41.58%
CIFAR-100-C [, | -+ No Adapt

40.63%

CIFAR-10-C 66.01%

66.57% Similarity Value

Tiny-ImageNet-C .
Before SPACE

After SPACE

Frequency

Figure 3: a) Local feature maps based SPACE outperforms global feature maps based SPACE. b)
Similarity distribution of spike count feature maps before and after SPACE adaptation.

SITA performs worse than No Adapt, indicating its ineffectiveness for SNNs. This may be attributed
to the spike-based transmission in SNNs: directly adjusting BN parameters without gradient guidance
can disrupt spike information, leading to significant performance degradation. 6) Vs. DeYO: DeYO
relies on smooth probability outputs for confidence comparison, which is incompatible with SNN’s
discrete, temporal spike-based outputs, introducing significant errors. Also, DeYO only works
normalization layer. 7) Vs. MEMO: MEMO exhibits slightly better performance in a few specific
cases, such as JPEG corruption on CIFAR-10-C (85.05% for MEMO vs. 82.88% for SPACE) and
CIFAR-100-C (59.29% for MEMO vs. 58.96% for SPACE). The minor edge cases hint at MEMO’s
advantage under certain corruption types, yet they don’t diminish SPACE’s overall superiority.

Performance Comparison on Spike-driven Transformer V3 To explore the real-world impact of
SPACE, we conducted tests on diverse datasets, including ImageNet-V2, ImageNet-R, and ImageNet-
A. Furthermore, to evaluate its adaptability in deeper SNN architectures, we tested SPACE on the
state-of-the-art Spike-driven Transformer V3. As shown in SPACE consistently outperforms
all baselines, achieving at least 1.59% improvement, which demonstrates its robustness in real-world
scenarios and its effectiveness in advanced SNN models.

Performance Comparison on ConvLSTM-based SNN Model SNNs are well-suited to event-
based neuromorphic data, thanks to their temporal dynamics and energy efficiency. The DVS-Gesture
dataset [1]] is an ideal benchmark to evaluate the performance of SPACE on neuromorphic datasets,
highlighting its compatibility with dynamic vision tasks and data with temporal structures. To further
explore potential network architectures, we incorporated ConvLSTM. BN-dependent SITA and DeYO
is not suitable for this architecture. As shown in[Table 4, SPACE achieves significantly better results
compared to existing methods, demonstrating its effectiveness and adaptability.

4.3 Ablation Studies

Local vs. Global Feature Map Similarity Definitions. Let “global feature maps" refers to treating
the entire feature map of size C' x H x W, as a single entity and measuring similarity on this full
representation. Let the “local feature map" considers each spatial position in the H x W dimension
independently, which is adopted to calculate the similarity and averaging across the C' channels in
the main paper.

We compared the performance of local versus global feature map similarity for our proposed method.
The results in clearly illustrate the decisive advantage of using similarity of local feature
maps over global feature maps. While the global approach does not account for variability in
neuron activations across channels, the local method isolates the contributions of active neurons
within each channel, offering a more stable and meaningful measure of feature map consistency.
As shown in[Figure 3h, the local method yields a substantial accuracy improvement, whereas the
global approach negatively impacts performance across all three datasets. This demonstrates that



Table 5: Comparison of computational cost on CIFAR-10-C with SNN-VGG9 model.

Method RoTTA  DeYO SITA'  MEMO SPACE

GFLOPs  160.67 318.07 161.48 161.48 158.11
Accuracy 67.79% 67.99% 66.41% 69.20% 71.03%

Table 6: Performance comparison of SPACE with different augmentation quantities on CIFAR-10-C
with SNN-VGGY9 model regarding Accuracy (%) and Evaluation Time (seconds) per test point.

Number of Augmentation
2 4 8 16 32 64 128

Accuracy 66.57 54.60 6691 69.77 70.60 71.03 71.07 71.11
Evaluation Time 0.144 0.318 0.320 0.327 0.339 0345 0443 0.788

No Adapt

emphasizing individual channel stability leads to better generalization and adaptation. These findings
underscore the distinct roles of each channel in SNNs and further highlight the practical limitations
of comparing entire feature maps.

Effect of SPACE on Feature Map Similarity further investigate the impact of SPACE adaptation
on the feature map similarity, we analyzed the distribution of similarity values (computed using
Equation 4) across the CIFAR-10-C dataset. As shown in[Figure 3p, we observe a noticeable increase
in the similarity between the original samples and their augmented counterparts after applying SPACE
adaptation, particularly in the Impulse Noise domain. The similarity distributions between spike
counts based feature maps in these domains indicate that the feature map consistency improves
following the adaptation process. Specifically, the “After SPACE Adaptation” distributions shift
towards higher similarity values, reflecting the enhanced alignment of feature maps across augmented
samples. This demonstrates the effectiveness of SPACE adaptation in increasing the stability of
feature representations and improving generalization under various augmentation conditions.

Analyses of Computational Cost To evaluate computational efficiency, we compared the GFLOPs
of different baselines with the same augmented batch size, and SPACE achieved the lowest GFLOPs,
demonstrating its efficiency (refers to[Table 5). Regarding the additional cost of optimizing spike-
behavior consistency, this step is performed only once per input in single-sample setting, without
requiring whole model backpropagation or iterative updates.

Effect of Augmentation Quantity In the main paper, we follow MEMO [56] to determine the
number of augmentations M. To assess M’s effect, we evaluated the average accuracy and the
evaluation time per test point under the same computing resource conditions on CIFAR-10-C using
SNN-VGG9 with varying augmentation quantities M = {2,4,8, 16, 32,64, 128}. As shown in
Table 6 at least 8 augmentations are required to achieve noticeable performance improvement. For
M = {32,64,128}, while the performance continues to improve gradually, the evaluation time
increases significantly. Considering the trade-off between accuracy and evaluation time, M = 32 is
the optimal choice.

More ablation studies are presented in

5 Conclusion

In this work, we propose SPike-Aware Consistency Enhancement (SPACE), the first source-free and
single-instance TTA method tailored for SNNs. By leveraging the unique spike-driven dynamics of
SNNs, SPACE optimizes spike-behavior-based feature map consistency across augmented samples,
directly addressing the limitations of ANN-based TTA methods that overlook the temporal and sparse
nature of SNN computations. Experiments on CIFAR-10, CIFAR-100, Tiny-ImageNet, ImageNet, and
DVS Gesture series distribution shifted datasets show that SPACE consistently improves performance
under severe corruptions and generalizes well across architectures and backbones, demonstrating
robust, practical resilience to real-world domain shifts.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: We have presented our contributions accurately in the abstract and introduction.
Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We have discussed the limitations of this work in[Appendix Al
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: The paper is application-focused and does not include theoretical results
requiring formal proofs.

Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

e Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We have provided detailed experiment settings in[section 4|and |[Appendix C|

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: The code is available at https://github.com/ethanxyluo/SPACE.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they

should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We have provided detailed experiment settings in [section 4]and [Appendix C|

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: We have conducted Wilcoxon signed-rank test in
Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

17


https://github.com/ethanxyluo/SPACE
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy

8.

10.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CIL, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We have presented computational resources in
Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

 The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: All research in the paper conform the NeurIPS Code of Ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We have discussed the broader impacts of this work in
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
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generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We have properly cited all the baselines and datasets we used in our paper.
Guidelines:

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
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Answer: [NA]
Justification: We do not release new assets.
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: We do not use any human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: We do not use any human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
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Justification: We do not involve LLMs as any important, original, or non-standard compo-
nents.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Discussion

Selection of Alignment Layer We compared aligning the classifier’s feature map with aligning
extractor layers used in the main paper. Empirically, classifier-level alignment occasionally degrades
performance on several corruptions, whereas extractor-level alignment is consistently more stable. We
attribute this to: 1) classifier features being highly task-specific and high-curvature—small per-sample
TTA steps can move decision boundaries and induce catastrophic forgetting [5]; 2) lower signal-
to-noise at the classifier under pseudo-label or consistency noise, which amplifies domain-specific
biases; and 3) greater adaptation overhead when updating deeper, larger parameter blocks. In contrast,
channel-wise alignment at mid-level layers promotes augmentation-invariant structure while keeping
the classifier intact, offering a better stability—plasticity trade-off with lower compute.

Potential Information Loss in[Equation 4 We aggregate spikes over time, convert discrete spike
counts into continuous probability values via a softmax function, then calculate the similarity. This
transformation is the intentional discarding of the absolute magnitude of spike counts to focus on
the relative importance of neurons within a channel. By applying softmax, we normalize away noisy
fluctuations in absolute firing rates and create a stable spatial saliency map. Aligning these maps
forces the model to learn which spatial features are consistently most important, directly encouraging
the learning of invariant representations. In addition, while our alignment objective operates on
this spatially-focused abstraction, it simultaneously preserves and refines the inherent temporal
characteristics of the SNN. The underlying model remains a fully temporal processor, and the spike
counts are the direct result of its complex dynamics. By demanding consistency in the outcome
(the count-based saliency map), our method implicitly forces the network to stabilize the cause (the
spike generation process). This creates a powerful regularization pressure that reduces temporal jitter
and enhances the robustness of spike timing, all without the computational cost and overfitting risks
associated with direct, spike-for-spike temporal alignment.

Why not cosine or KL similarity We compute similarity as a per-channel dot product over softmax-
normalized spike counts, which is bounded, symmetric, and well-defined even when raw counts are
zero. Cosine similarity requires /2 normalization and is numerically fragile under SNN sparsity: many
channels yield zero or near-zero vectors, causing division-by-zero or unstable gradients; adding an
fixes numerics but introduces a sensitive hyperparameter and slightly degrades performance in our
trials. KL divergence, KL(P||Q), is asymmetric and becomes ill-conditioned when entries approach
zero (common with peaked softmax under corruptions), leading to exploding losses unless additional
smoothing is used—again adding tuning burden. A symmetrized variant (e.g., JSD) alleviates this but
increased compute without improving over the simple dot product. Given our per-sample TTA regime,
the dot product on per-channel probability maps offers the best robustness—efficiency trade-off,
avoiding normalization pitfalls while retaining discriminative alignment.

Feasibility of Deployment On neuromorphic platforms like SpiNNaker2 [14], the data pre-
processing unit and neural network inference module are typically separate. Batch data augmentation
can be performed in the pre-processing stage, outside the neuromorphic core, before feeding data
into the system for inference. This design allows augmentation to be handled efficiently without
impacting the neuromorphic computing core, making our method feasible on such platforms.

Limitation Proposed SPACE’s reliance on backpropagation may limit its applicability in resource-
constrained scenarios. Future work will explore alternative optimization strategies to expand its
practicality for more neuromorphic hardware and energy-efficient Al

B Kernel-Based Consistency Regularization

To investigate whether higher-dimensional feature relationships can enhance the consistency mea-

sure, we integrate kernel embeddings into the loss function. The channel-wise feature probability

distribution P can be mapped into a higher-dimensional reproducing kernel Hilbert space (RKHS) H,

using a Gaussian kernel defined as

|z — 2|}
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k(z,2") = exp(— ), (6)
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Table 7: Performance comparison of SPACE without/with kernel embedding (k.e.) on CIFAR-10-C
with SNN-VGG9 model regarding Accuracy (%). The bold number indicates the best result.

Method Noise Blur Weather Digital Average
Gauss. Shot  Impl. Defoc. Glass Motion Zoom Snow Fog  Frost Brit. Contr. Elas. Pix. JPEG Acc.

No Adapt 7238 7470 5857 63.05 6396 6444 7133 7632 4357 7572 8244 2254 7501 7025 8428  66.57

SPACE 7798 79.34 6941 7159 67.76 72.14 74.67 7843 5280 79.59 8322 2385 7549 7624 82.88 71.03

SPACE + ke. 7785 79.34 6925 7142 67.64 7221 7461 7848 5246 79.66 8325 2340 7542 76.13 8298  70.94

where o is the kernel bandwidth. The kernel function k(z,z’) implicitly defines a mapping ¢:
Z — H, such that the inner product in H can be given by the kernel function:

k(z,2') = ($(z), 6(2"))2. M
This allows us to compute relationships between feature vectors in a high-dimensional space without
explicitly constructing ¢(-). To align feature distributions from augmented samples, we use the Mean

Embedding of Distributions, which maps P (x;) into a single point yp_(x,) in RKHS. Specifically,
the mean embedding is defined as

PP (x;) = Ezinp, (x:)[0(24)]- (®)

Given samples z; ~ P.(x;), the embedding can be approximated as
1p.(x) 2 = Z O(2i,). ©)

To measure the discrepancy between distributions P.(x;) and P.(x;) in RKHS, we employ the
Maximum Mean Discrepancy (MMD):

MMD?(P.(x:), Pe(x;)) = [l1p, (i) — 1P () - (10)

Using the kernel trick, this can be computed without explicitly constructing ¢(-):

D D 2
MMDQ(PC(Xi)7PC(XJ)) Z¢(Zw Z¢ z;j,) (11
d=1 d=1 Y
Then we average the MMD values across channels:
MMD? (i, j|x) = ZMMD2 x;), Pe(x;)). (12)
Finally, we integrate the average MMD values into the original loss function L:
L*(Eg,;x) 2 L+ Avmp Z MMD? (i, j|x) (13)

1<j<i<M

We evaluated augmenting SPACE with a kernel embedding loss (MMD) on CIFAR-10-C using
SNN-VGG9 (Table 7). The average accuracy is virtually unchanged and occasionally slightly worse
than our base alignment. We hypothesize three reasons. 1) Representation sufficiency: the spike-
count feature map, coupled with our linear, channel-wise similarity, already captures the essential
distributional alignment across augmentations; mapping to an RKHS adds little signal. 2) Regime
mismatch: our augmentations are semantics-preserving and bounded in severity (e.g., AugMix [19]),
inducing small, approximately uni-modal shifts where MMD—often helpful under large or multi-
modal discrepancies—provides limited additional benefit. 3) Estimation and cost: per-sample TTA
affords only a small augmented batch, making MMD estimates (and their gradients) higher-variance
and bandwidth-sensitive, while adding nontrivial compute. These factors combined suggest that
kernel embedding is not particularly beneficial in this experimental setting.
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C Additional Experimental Information

C.1 Details on Datasets

In this paper, we conducted six static datasets and one neuromorphic dataset to evaluate the out-of-
distribution generalization ability. They are CIFAR—lO—(f], CIFAR—lOO—Cﬂ Tin —ImageNet—Cﬂ [LL8]],
ImageNet- V2| [42], ImageNet-Rf| [20], ImageNet-Al"| [21] and DVS Gesture-C*| [23].

CIFAR-10-C, CIFAR-100-C, and Tiny-ImageNet-C These three datasets are commonly used
benchmarks for evaluating the robustness of models under various types of input corruptions. They
are derived from the original CIFAR-10, CIFAR-100, and Tiny-ImageNet datasets by applying 15
corruption types (e.g., noise, blur, weather, and digital distortions) at 5 severity levels to the original
CIFAR-10, CIFAR-100 [31]], and Tiny-ImageNet [[7] datasets, respectively. CIFAR-10-C and CIFAR-
100-C consist of 10 and 100 classes, each with 50,000 training images and 10,000 testing images.
Tiny-ImageNet-C, derived from Tiny-ImageNet, includes 200 classes with 100,000 training images
and 10,000 validation images.

ImageNet-V2, ImageNet-R and ImageNet-A These three datasets are designed to evaluate model
robustness under different real-world challenges. ImageNet-V2 consists of a new set of images
collected under similar conditions as the original ImageNet [7]], serving as a test of distribution shift.
ImageNet-R focuses on image classification robustness across various artistic renditions, such as
paintings, sketches, and cartoons, covering 200 ImageNet classes. ImageNet-A, on the other hand,
is an adversarially filtered subset of natural images that models often misclassify, targeting their
inherent weaknesses. Compared to corruption-based datasets, these benchmarks provide a better
reflection of real-world scenarios and challenges.

DVS Gesture-C DVS Gesture-C is a corrupted variant of the standard DVS Gesture [[1] dataset.
This variant introduces six corruption types: DropPixel, DropEvent, RefractoryPeriod, Timelitter,
Spatiallitter, and UniformNoise. These corruptions, implemented via the Tonic API [35]], effectively
simulate real-world imperfections in event-based data, including sensor noise and timing inaccuracies.

C.2 Details on Pretrained Models

SNN-VGG with BNTT ﬂ We adopt SNN-VGG with Batch-Normalization Through Time
(BNTT) [29] as our main backbone model. BNTT decouples parameters along the time axis within
each layer, effectively capturing spikes’ temporal dynamics. The temporally evolving parameters in
BNTT enable neurons to regulate spike rates across time steps, facilitating low-latency, low-energy
training from scratch. The pre-trained model achieves accuracies of 90.61%, 69.50%, and 58.36% on
the CIFAR-10, CIFAR-100, and Tiny-ImageNet test sets, respectively.

SNN-ResNet m To explore other CNN architecture, we use SNN-ResNetl1 [32], which trains
SNNs directly via surrogate gradient. The pre-trained model used in our experiments can achieve
90.95% accuracy on the original CIFAR-10 test sets.

Spike-driven Transformer V3 [ To evaluate the effectiveness of our work on more complex
networks and datasets, we utilized a 19M parameter model in Spike-driven Transformer V3 [52],
which achieves 79.60% accuracy on the ImageNet-1K validation set. This model has a patch size
of 14 x 14, with an embedding dimension of 360 output by the final feature extractor. Instead of

“https://zenodo.org/records/2535967

*https://zenodo.org/records/3555552

*https://zenodo.org/records/2469796
https://huggingface.co/datasets/vaishaal/ImageNetV2/tree/main
https://github.com/hendrycks/imagenet-r
"https://github.com/hendrycks/natural-adv-examples

Shttp://research.ibm.com/dvsgesture/
“https://github.com/Intelligent-Computing-Lab-Yale/BNTT-Batch-Normalization-Through-Time
Uhttps://github.com/chan8972/Enabling_Spikebased_Backpropagation
https://github.com/BICLab/Spike-Driven-Transformer-V3
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Table 8: Performance comparison of SPACE with different augmentation strength on CIFAR-10-C
(Gaussian Noise) with SNN-VGG9 model regarding Accuracy (%).

Strength s 1 3 5 7 10 Larger Boundary
Accuracy 7798 77.88 77.48 7741 77.02 74.52

using the class token, the entire embedding feature map is employed as the input to the classifier.
This design naturally aligns with our method, where the channel dimension C' corresponds to the
embedding dimension, and the spatial dimension D matches the patch size.

SNN-ConvLSTM DVS Gesture is a neuromorphic dataset with a temporal dimension, making it
well-suited for evaluating RNN-based architectures. To validate the effectiveness of our work on such
networks, we employed a spike-driven 2ConvLSTM-1FC model, with hidden layer dimensions of 32
and 64. This network achieves an accuracy of 93.36% on the original DVS Gesture test set.

C.3 Details on Implementation

To better reflect real-world scenarios, we adapt our method to independently perform adaptation on
each individual test input. In the same experiment, the learning rate remains fixed across different
shifted domains, as the domain of a given test sample is typically unknown in real-world settings. For
each set of experiments, we employ the SGD optimizer and evaluate n ranging from 0.001 to 0.8,
selecting the optimal value based on performance. We trained and tested all models and datasets in 4
NVIDIA GeForce RTX 3090 GPUs.

D Additional Ablation Studies

Effect of Augmentation Strength We study the impact of AugMix [19]] strength s on SPACE.
Following MEMO, our default is s=1; we sweep s € [1, 10] while keeping all other AugMix settings
fixed (mixture width/depth, operators) and respecting AugMix’s semantic bounds (e.g., rotation
< 30°, translation < 416 px). As shown in accuracy remains stable within these bounds,
with only minor declines as s increases. When we deliberately exceed the bounds (e.g., rotation 50°,
translation +18 px), accuracy drops noticeably, indicating that overly aggressive transformations
inject harmful noise and destabilize per-sample alignment under the augmented batches. In this
regime, the alignment objective tends to match augmentation-induced artifacts (noise) rather than
invariant, class-relevant structure in the feature maps, thereby undermining TTA and diminishing
its gains. These results are consistent with AugMix’s design goal of bounded, semantics-preserving
perturbations; we therefore adopt s=1 by default and recommend staying within AugMix’s prescribed
ranges for robust adaptation.

Effect of Encoding Methods for SNNs We assess sensitivity to spike encoding by replacing
Poisson rate coding with temporal coding in SNN-VGG9 while keeping architecture, training, and
TTA hyperparameters fixed. As reported in[Table 9] the temporal-coded baseline is markedly less
robust under domain shift than its rate-coded counterpart. This aligns with intuition: temporal coding
relies on precise spike times and is therefore vulnerable to perturbation-induced timing jitter, whereas
rate coding averages over spikes, providing redundancy and noise tolerance.

shows that SPACE improves both mod-  aple 9: Performance of SNNs with different
els, with consistently larger relative gains for the encoding under domain shift. Values are Top-
temporal-coded network. The mechanism is a accuracy (%); Acc. Loss = Clean - Shifted.

temporal-boundary effect: the total spike count is

a sensitive proxy for timing stability because small ~ Encoding Method Clean Shifted ~Acc. Loss
perturbations can shift spikes across the fixed process- Temporal Coding  89.27  58.11 31.16
ing window; for spikes near the boundary, tiny jitters Rate Coding 90.61 6657 24.04
flip their contribution from 1 to 0, causing discrete
changes in the count. By enforcing consistency of total counts across augmentations, SPACE penal-
izes these boundary-crossing events and implicitly forces the model to stabilizes spike timing without
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Table 10: Performance comparison of spike encoding methods for SNN-VGG9 model on CIFAR-10-C
regarding Accuracy (%). The bold number indicates the performance improvement.

Method Noise Blur ‘Weather Digital Average
Gauss. Shot Impl. Defoc. Glass Motion Zoom Snow Fog  Frost Brit. Contr. Elas. Pix. JPEG Acc.
Temporal Coding
No Adapt  39.74 3932 6842 59.59 5443 60.19 6590 69.78 4621 66.77 78.14 2726 7029 46.00 79.59 58.11
SPACE 45.19 4400 71.82 64.16 5631 6490 68.65 7029 5690 7240 79.09 68.64 70.66 50.06 80.07 64.21 (+6.10)
Rate Coding
No Adapt  72.38 7470 5857 63.05 6396 6444 7133 7632 4357 7572 8244 2254 7501 7025 84.28 66.57

SPACE 77.98 7934 6941 7159 6776 7214 7467 7843 5280 79.59 8322 2385 7549 7624 82.88 71.03 (+4.46)

Table 11: Performance comparison of SPACE with different objectives on CIFAR-10-C with SNN-
VGGY model regarding Accuracy (%). The bold number indicates the best result. Average membrane
potential and spike through all time steps are referred as a.m.p. and s.z.7. respectively.

Method Noise Blur Weather Digital Average
ctho Gauss.  Shot Impl. Defoc. Glass Motion Zoom Snow Fog  Frost Brit. Contr. Elas. Pix. JPEG Acc.

No Adapt 7238 7470 5857 63.05 6396 6444 71.33 7632 4357 7572 8244 2254 7501 7025 84.28  66.57

SPACE 7798 79.34 6941 7159 6776 7214 74.67 7843 52.80 79.59 8322 2385 7549 7624 82.88 71.03

SPACE +a.m.p. 7487 7605 61.64 6490 6579 6588 7222 77.66 4566 76.64 8281 21.57 75.53 7091 84.74 67.79
SPACE + s.t.1. 7274 7384 5786 6291 63.66 6433 7094 7635 43.16 7477 8230 2120 7424 6935 8397  66.11

brittle spike-to-spike matching. The resulting gradients are stronger in temporal-coded models than
in rate-coded ones, yielding larger robustness gains.

Exploration of Alternative Alignment Objectives We evaluate two alternatives to SPACE’s
default count-based feature map on CIFAR-10-C with SNN-VGG9, keeping architecture, training,
and TTA hyperparameters fixed. Results are summarized in [Table T1]

1) Average Membrane Potential (SPACE + a.m.p.). Let U(x) € RT* CxD denote the LIF membrane

traces from the selected layer (see[subsection 3.2)). For spikes, the post-reset potential is used. We

form F(x) = % Zthl U, (x) € RE*P and apply the same channel-wise consistency loss as SPACE.

It improves over No Adapt but is consistently worse than count-based SPACE on most corruptions.
Membrane traces are smooth and highly correlated across augmentations, making them less sensitive
to discrete spiking changes; near-threshold, non-firing trajectories can be indistinguishable in F(x),
whereas counts capture such events directly.

2) Spikes Through Time (SPACE + s.t.t.). Instead of summing over time, we retain the temporal
dimension of the spike tensor S(x) € RT*¢*P and align per-channel activity at each time step across
augmentations (loss averaged over t); optimization is unchanged. This variant does not improve
robustness. Keeping the full temporal waveform inflates variance and forces the model to match
augmentation-specific transients: benign timing jitter (e.g., a spike at t=10 vs. t=12) is penalized
as a mismatch, producing conflicting gradients that push spike times to align across views rather
than stabilizing the underlying excitability. The model thus overfits to view-specific temporal shapes,
hurting generalization, while also incurring higher compute and memory. We further applied Gaussian
smoothing along time before alignment, S = g, * S, to reduce jitter-induced overfitting. Results
remained suboptimal. With small o, smoothing is too weak to suppress shift-induced conflicts; with
larger o, it erases informative peaks and attenuates counts. The core issue is not merely information
loss but the learning signal each representation provides: spike counts yield a shift-invariant, macro-
level target that is robust to timing jitter and directs clear adjustments to neuron excitability, whereas
smoothed sequences still demand matching temporal shapes, preserving shift-sensitivity and inducing
noisy, contradictory gradients.

Consequently, SPACE’s count-based objective offers a more stable and effective alignment signal for
our TTA setting.

Statistical Significance We assess statistical significance using the Wilcoxon signed-rank test.
Specifically, for each of the three main experiments, we run five independent trials and apply a paired
Wilcoxon test between SPACE and each baseline across the five runs; reported p-values in
confirm that SPACE’s gains are statistically significant. To further strengthen the evidence, we select
Gaussian and Shot Noise from CIFAR-10-C and conduct Wilcoxon signed-rank tests at the per-class
level (Table 13)), demonstrating that the improvements are consistent across categories rather than
driven by a few classes.
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Table 12: Wilcoxon signed-rank test on CIFAR-10-C, CIFAR-100-C, and Tiny-ImageNet-C with
CNN-based SNN models. W denotes the Wilcoxon signed-rank statistic and p is the two-sided
p-value.

Noise Blur Weather Digital Average
Gauss.  Shot Impl.  Defoc. Glass Motion Zoom  Snow Fog Frost Brit. Contr.  Elas. Pix. JPEG Acc.

CIFAR-10-C, SNN-VGG9

Compared Method ~ Metric

vs. No Adapt w 15 15 15 15 15 15 15 15 15 15 15 15 15 15 0 15
o P p 0.0312  0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 1.0000 0.0312
. ROTTA w 15 15 15 15 15 15 15 15 15 15 15 15 15 15 0 15
v Ro p 0.0312  0.0312 0.0312 0.0312 0.0312 0.0312 00312 00312 00312 00312 00312 0.0312 0.0312 0.0312 1.0000 0.0312
vs. DeYO w 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15
- p 0.0312  0.0312 0.0312 0.0312 0.0312 0.0312 00312 00312 00312 00312 00312 0.0312 0.0312 0.0312 0.0312 0.0312
vs. SITA w 15 15 15 15 15 15 15 15 15 15 15 15 15 15 0 15
o p 0.0312  0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 00312 0.0312 0.0312 0.0312 0.0312 1.0000 0.0312
vs. MEMO w 15 0 15 15 15 15 15 15 15 15 10 9 0 15 0 15

. P 1.0000  0.0312 0.0312 0.0312 0.0312 00312 0.0312 0.0312 0.0312 0.0312 04000 0.3333 0.0312 0.0312 1.0000 0.0312

CIFAR-100-C, SNN-VGG9

vs. No Adapt w 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15

. P p 0.0312  0.0312 0.0312 0.0312 0.0312 0.0312 00312 00312 00312 00312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312
’s. ROTTA w 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15
v Ro p 0.0312  0.0312 0.0312 0.0312 0.0312 0.0312 00312 00312 00312 00312 00312 0.0312 0.0312 0.0312 0.0312 0.0312
vs. DeYO w 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15
> p 0.0312  0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 00312 00312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312
vs. SITA w 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15
o P 0.0312  0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312
vs. MEMO A\ 15 15 15 15 15 15 15 15 15 15 15 15 15 15 10 15

. p 0.0312  0.0312 0.0312 0.0312 0.0312 0.0312 00312 00312 00312 00312 00312 0.0312 0.0312 0.0312 0.4000 0.0312

Tiny-ImageNet-C, SNN-VGG11

vs. No Adapt w 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15

. P p 0.0312  0.0312 0.0312 0.0312 0.0312 0.0312 00312 00312 00312 00312 00312 0.0312 0.0312 0.0312 0.0312 0.0312
vs. ROTTA w 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15
- p 0.0312  0.0312 0.0312 0.0312 0.0312 0.0312 00312 0.0312 00312 00312 00312 0.0312 0.0312 0.0312 0.0312 0.0312
vs. DeYO w 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15

- e P 0.0312  0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312  0.0312
. SITA A\ 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15
s p 0.0312  0.0312 0.0312 0.0312 0.0312 0.0312 00312 00312 00312 00312 00312 0.0312 0.0312 0.0312 0.0312 0.0312
vs. MEMO \4 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15
- p 0.0312  0.0312 0.0312 0.0312 0.0312 0.0312 00312 00312 00312 00312 00312 0.0312 0.0312 0.0312 0.0312 0.0312

Table 13: Wilcoxon signed-rank test at the per-class level on CIFAR-10-C (Gaussian/Shot Noise)
with CNN-based SNN models. W denotes the Wilcoxon signed-rank statistic and p is the two-sided
p-value.

. Class Index
Compared Method  Metric 0 1 5 3 4 5 6 7 8 9
Gaussian Noise

vs. No Adant w 15 15 15 15 15 15 15 15 15 15
. P P 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312

w 15 15 15 15 15 15 15 15 15 15

vs. RoOTTA

p 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312

vs. DeYO w 15 15 15 15 15 15 15 15 15 15
o p 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312

vs. SITA w 15 15 15 15 15 15 15 15 15 15
’ P 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312

vs. MEMO w 15 15 15 15 15 15 15 15 15 15
o p 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312

Shot Noise

vs. No Adant w 15 15 15 15 15 15 15 15 15 15
) P P 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312

vs. ROTTA w 15 15 15 15 15 15 15 15 15 15
o p 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312

DeYO w 15 15 15 15 15 15 15 15 15 15
vs. e P 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312

vs. SITA w 15 15 15 15 15 15 15 14 15 15
o p 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0312 0.0625 0.0312 0.0312

vs. MEMO w 5 0 0 5 5 0 0 0 14 0
: P 0.7812 1.0000 1.0000 0.7812 0.7812 1.0000 1.0000 1.0000 0.0625 1.0000
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