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Description of the Supplementary Material

This supplementary material contains four sections:

Section A interprets the effectiveness of the AND opera-
tion from the perspective of mutual information.

Section B details the experimental setup, including the
dataset and training strategy.

Section C presents additional experimental results, in-
cluding further comparative experiments and extensions of
our method.

Section D provides an overhead analysis showing that
our method requires only negligible training overhead and
leaves inference completely unaffected.

Section E provides supplementary visualizations demon-
strating that the AND operation consistently extracts stable
pulse skeletons.
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A. Interpreting the AND Operation from the
Perspective of Mutual Information

The AND operation extracts the mutual information be-
tween adjacent timesteps. The (1,1) pair represents
the consensus feature between two consecutive timesteps,
which eliminates transient noise. According to the informa-
tion bottleneck principle, the convergence of spike maps to-
ward stable spikes maximizes mutual information in order
to identify the minimal sufficient representation. In con-
trast, the XOR and XOR operations are inferior to the AND
operation and may even exhibit degradation due to interfer-
ence from (0,0) and (0,1).

B. Experimental Details

B.1. Neuromorphic Datasets.

We conducted experiments on three neuromorphic ob-
ject recognition benchmark datasets: CIFAR10-DVS [11],
DVS-Gesture [1], and N-Caltech101 [14]. The CIFAR10-
DVS [11] dataset contains a total of 10,000 samples from
ten categories. The DVS-Gesture [1] dataset contains neu-
romorphic data for 11 hand gestures with 1176 training
samples and 288 test samples. The spatial resolution of each
sample in CIFAR10-DVS and DVS-Gesture is 128 x 128,
which we downsampled to 48 x 48 and input to SNN,
the standard input size for the community [5, 21]. The
N-Caltech101 [14] dataset contains 8,109 samples, cate-
gorized into 101 categories, with an original resolution
of 180 x 240. We also downsampled the samples in N-
Caltech101 to 48 x 48.

We conducted our experiments on an Ubuntu 20.04.5
operating system with an NVIDIA 4090 GPU. To validate
the versatility of the proposed method, we conducted ex-
periments using various architectures, including VGG-9,
ResNet-18, VGGSNN, and QKFormer. For VGG-9 and
ResNet-18, we use the same training strategy as in [5]. The
model was trained for 100 epochs using a stochastic gradi-
ent descent optimizer. The initial learning rate was set to
0.1, and it was scaled down tenfold every 30 epochs. The



Table 1. Structures of VGG-9, VGGSNN, ResNet-18, and ResNet-19, where AP, GAP, and FC denote average pooling, global average
pooling, and fully connected layers, respectively.

Stage VGG-9 VGGSNN ResNet-18 ResNet-19
1 - - Conv(3 x 3@64) Conv(3 x 3@128)
| Conv(3 x 3@64)  Conv(3 x 3@64) ( Conv(3 x 3@64) > 9 ( Conv(3 x 3@128) > <3
Conv(3 x 3@128) Conv(3 x 3@128) Conv(3 x 3@64) Conv(3 x 3@128)
AP(stride=2) AP(stride=2) -
) Conv(3 x 3@256) Conv(3 x 3@256) ( Conv(3 x 3@128 > 9 < Conv(3 x 3@256) ) "3
Conv(3 x 3@256) Conv(3 x 3@256) Conv(3 x 3@128) Conv(3 x 3@256)
AP(stride=2) AP(stride=2) -
5 Conv(3 x 3@512)  Conv(3 x 3@512) ( Conv(3 x 3@256 ) <9 < Conv(3 x 3@512) > <9
Conv(3 x 3@512) Conv(3 x 3@512) Conv(3 x 3@256) Conv(3 x 3@512)
AP(stride=2) AP(stride=2)
4 Conv(3x3@512)  Conv(3 x 3@512) ( Conv(3 x 3@512 ) v
Conv(3 x 3@512) Conv(3 x 3@512) Conv(3 x 3@512)
GAPFC APFC GAPFC GAPFCx2
Table 2. Comparative results (%) with adaptive Gaussian noise.
Method CIFAR10-DVS DVS-Gesture

Adaptive Gaussian noise

Ours (Amplitude-aware spike noise)

73.9
77.1

88.54
94.44

batch size is 64, and the weight decay is 1e-3. In particular,
for VGG-9 and ResNet-18, we do not use any data aug-
mentation during training. The firing threshold of the spik-
ing neuron was set to 1.0, and the membrane potential time
constant was set to 2.0. In the training of the SNN, the rect-
angular surrogate gradient function is employed for back-
propagation, consistent with [5]. Table 1 shows the VGG-9
and ResNet-18 architectures.

When using VGGSNN for recognizing CIFAR10-DVS,
we used random cropping and horizontal flipping as data
augmentation. When using the VGGSNN architecture on
the N-Caltech101 dataset, we incorporate the knowledge
transfer strategy [8] and employ the same training strategy
as in [8]. Similarly, when using the QKFormer architecture,
we follow the training strategy outlined in the original pa-
per [21] to ensure the fairness of the experiments. We set
the balancing coefficients 8 and v to 1.0 by default, and
the experiments in Section 4.1 demonstrate the influence of
these coefficients on performance. However, when we use
VGGSNN to recognize the N-Caltech101 dataset and incor-
porate knowledge transfer, the magnitude of our loss does
not match the original transfer loss. At this point, we set the
balancing coefficients to le-3.

B.2. Static Datasets.

For static images, we conducted experiments on the CI-
FAR10 and CIFAR100 datasets. Both the CIFAR-10 and
CIFAR-100 datasets contain 60,000 32 x 32 images, 50,000

of which are in the training set and 10,000 of which are in
the test set. We normalized the CIFAR10 and CIFAR100
samples to a zero mean and unit variance. Then, we ap-
plied the standard data augmentation strategies, AutoAug-
ment [3] and Cutout [4].

For CIFAR10 and CIFAR100, we applied the ResNet-18
and ResNet-19 architectures. We used a stochastic gradient
descent optimizer with a momentum of 0.9 to train for 300
epochs. The initial learning rate was set to 0.1, and we em-
ployed a cosine annealing learning rate strategy. The batch
size is 128, and weight deacy is Se-4. Additionally, we use
the QKFormer architecture to recognize static targets with
the same training strategy as the original [21].

On the ImageNet dataset, we train 300 epochs using
ResNet-18 with a batch size of 256. The initial learning
rate value is 0.1 and the learning rate is adjusted using a co-
sine annealing strategy. The default input size is 224 x 224,
which is consistent with other methods.

Table 1 illustrates the architectures of the VGG-9, VG-
GSNN, ResNet-18, and ResNet-19 models that were used
in the experiment. We use the same architecture and experi-
mental setup as in our method when we reproduce CLIF [9],
TAB [10], and SLT [2], but we use the officially released
core code implementation to ensure performance.



Table 3. Comparative results (%) under extended training epochs.

Dataset Method 100 Epoch 200 Epoch 300 Epoch
Baseline 72.9 74.1 74.2
CIFARI0-DVS Ours 77.1 77.2 77.5
Baseline 87.15 89.58 89.58
DVS-Gesture v 04,44 95.14 95.49

Table 4. Further comparative results under identical settings as MPS [5].

Dataset Method Architecture 7]  Accuracy (%) 1

MPSICLE'25 (5] VGG-9 5 76.77
Ours VGG-9 5 77.20

CIFAR10-DVS OIS
MPS [5] VGGSNN 4 83.20
Ours VGGSNN 4 83.70
MPS/CLE25 5] VGG-9 5 93.23

DVS-Gesture -y 1 VGG-9 5 95.14
MPSICLRE25 (5] VGG-9 5 82.71

N-Caltech101 Our§CLR . VGG-9 5 84.03
MPS °[5] VGGSNN 10 93.68
Ours VGGSNN 10 94.25

Table 5. Computing consistency loss by applying the AND operation across additional layers can further enhance performance.

Dataset Method Architecture 7]  Accuracy (%) 1
Baseline VGG-9 4 72.9
CIFARIO-DVS ¢ g VGG-9 4 77.1
Ours Dense  VGG-9 4 78.8
Baseline VGG-9 4 87.15
DVS-Gesture g VGG-9 4 94.44
Ours Dense  VGG-9 4 95.49

C. Additional Experimental Results

C.1. Comparison with Adaptive Gaussian Noise

To further demonstrate that discrete spike noise outperforms
continuous Gaussian noise in SNNs, we construct adaptive
Gaussian noise using the spike firing rate as its standard de-
viation. As shown in Table 2, our amplitude-aware spike
noise still exhibits significant performance advantages over
adaptive Gaussian noise.

C.2. Further Comparison with the Baseline

The VGG-9 architecture was trained for 100 epochs by de-
fault. To show that our method consistently outperforms the
baseline model rather than due to underfitting, we extended
the training cycle to 300 epochs. The comparative results
are presented in Table 3. These results demonstrate that our
method consistently yields significant performance gains.

C.3. Further Comparison with MPS

Due to MPS’s strong performance on neuromorphic
datasets, Table 4 provides an additional comparison be-
tween our method and MPS [5]. This comparison ensures
that all training strategies, including model architecture
and timestep settings, are identical. Our method demon-
strated superior performance across three datasets, consis-
tently outperforming MPS.

C.4. Further Extension of the Proposed Method

By default, we only apply the AND operation to the output
of the penultimate layer (before the fully connected layer)
to extract the stable pulse skeleton and compute the consis-
tency loss. Naturally, we can extend this implementation to
more layers. For now, we’ll call it Stable Spike Dense. To
accomplish this, we treat every two convolutions in VGG-9
as a stage and compute the consistency loss by performing
an AND operation on the output features of each stage. As
more layers have been optimized for consistency, the results



Table 6. Comparative results on static CIFAR10 and CIFAR100 datasets.

Dataset Method Architecture 7|  Accuracy (%) 1
QKFormerNe“TIPS'24 [21] QKFormer 4 96.18
SNN-ViT/CLR'25 []5] SNN-ViT 4 96.10
RateBPNeurlPS'24 [1g] ResNet-19 4 96.26
DeepTAGE!CLR'25 [13] ResNet-18 4 95.86
SLTAAAI'24 7] ResNet-19 4 95.18

CIFAR10 LSGIJ/CAI'23 [17] ResNet-19 4 95.17
RateBPNeurlPS'24 [1g] ResNet-18 4 95.61
KDSNNCVPR'23 [1¢] ResNet-18 4 93.41
Weak2StrongNeuIPS25 [6]  ResNet-19 4 96.66
Ours ResNet-18 4 95.70

ResNet-19 4 96.73
QKFormerNe“T”JS/24 [21] QKFormer 4 81.15
SNN-ViT/CLR'25 []5] SNN-ViT 4 80.10
RateBPNeurlPS'24 [1g] ResNet-18 4 78.26
STAA-SNNCVFPR'25 [7() ResNet-19 4 82.05
DeepTAGE!CLE'25 ]3] ResNet-19 4 81.39
RateBPNeurlPS'24 [1g] ResNet-19 4 80.71

CIFARIO0  pg gnNTCML'25 [19] ResNet-19 2 80.28
ReverB-SNN/CML'25 7] ResNet-19 2 78.46
TMCICML'25 [17] ResNet-19 4 77.52
SLTAAAI'24 7] ResNet-19 4 75.01
Weak2StrongVeurIPS'25 6] ResNet-19 4 82.02
Ours ResNet-18 4 78.83

ResNet-19 4 82.29

in Table 5 indicate further performance improvements.

C.5. Experimental Results on CIFAR

Table 6 shows the experimental results of our method using
the ResNet-18 and ResNet-19 architectures on CIFAR10
and CIFAR100. With four timesteps, we achieved accuracy
rates of 96.73% on CIFAR10 and 82.29% on CIFAR100,
significantly outperforming other methods.

C.6. Additional Hyperparameter Sensitivity Exper-
iments

To further investigate the sensitivity of the proposed
method to hyperparameters, we conducted additional ex-
periments across architectures and timesteps on neuromor-
phic datasets. Table 7 shows that our method exhibits stable
overall performance as long as the hyperparameters remain
within reasonable ranges (5 = v = 1.0 and o = 2.0). We
recommend increasing 3 and -y appropriately when tasks
exhibit significant temporal fluctuations and increasing «
appropriately when interclass differences are excessive to
smooth out variations in probability distributions.

C.7. Stable spikes can maintain temporal informa-
tion.

Stable spikes maintain 7' — 1 step temporal coherence
by eliminating transient noise rather than erasing all
temporal information. Legitimate temporal dynamics are
essentially the ordered evolution of spatial features over
time. This evolution rarely isolates the features from ad-
jacent timesteps, thus enabling their preservation by stable
spikes. Additionally, Table 8 shows that optimizing only
the first and last two timesteps results in suboptimal perfor-
mance. This further validates that applying our method to
all timesteps does not eliminate useful temporal informa-
tion, but rather enhances it.

D. Negligible Training Overhead

Our method only requires performing the AND operation
on the last layer spike maps during training. Then, forward
propagation is performed with noise added. The AND bit
operation and the cost of generating random noise are negli-
gible, and forward propagation only involves one fully con-
nected layer. Therefore, we did not observe any significant
memory or time overhead during training. During infer-



Table 7. Hyperparameter sensitivity experiments (%) across architectures and timesteps on multiple datasets.

T=4,VGG-9,a = 1 2 3 4 ‘5:0.25 05 075 1.0 125 15 ‘7:0.25 05 075 10 125 15

CIFAR10-DVS 762 77.1 769 77.1| 760 76.6 773 77.1 765 76.8| 76.1 758 762 77.1 75.6 76.4
N-Caltech101 82.39 83.92 82.49 82.82| 82.71 82.60 82.60 83.92 83.15 82.82| 83.15 83.26 82.71 83.92 82.71 82.28
DVS-Gesture 93.40 94.44 95.14 94.10| 93.75 95.04 94.10 94.44 93.75 93.40| 94.10 94.10 93.06 94.44 93.75 93.06

T=16,QKFormer,oc = 1 2 3 4 ‘ﬂ:O.25 05 075 1.0 125 15 ‘7:0.25 05 075 10 125 15

DVS-Gesture 98.26 98.61 98.26 98.26‘ 98.26 98.26 98.61 98.61 98.26 98.26‘ 98.26  98.26 98.26 98.61 98.26 98.61

Event frames

= Vanilla

Stable spike

Figure 1. Visualization of the second layer spike maps of VGG-9 on CIFAR10-DVS. The stable spike maps decoupled by the minimal
& operation precisely depict the feature skeleton, echoing the results of Fig. 1 in the main paper. To ensure the visualization effect, the
average of the spike maps of all channels is displayed.

Table 8. Optimizing consistency across all timesteps does not E. Additional Visualizations
eliminate useful temporal information.

Consistency CIFAR10-DVS DVS-Gesture In this section, we present additional spike map visualiza-
All timestep 771 04.44 tions tf) demonstrate the. consistency of “th?'vanilla spike
First two timesteps 752 91.67 map differences across timesteps and the ability of the sta-
Last two timesteps 75.9 93.06 ble spike to accurately represent the feature skeleton” across

multiple datasets and layers. Fig. 1 in the main paper shows
) ‘ the spike map of the first layer of the VGG-9 architecture on
not affect inference efficiency at all. Overall, our method CIFAR10-DVS. Fig. | shows the spike map of the second
significantly improves the inference performance of SNNs layer. Fig. 2 and Fig. 3 show the spike maps of the first two

with negligible training overhead. layers on DVS-Gesture, respectively.

ence, our method is the same as the vanilla SNN, so it does
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Figure 2. Visualization of the first layer spike maps of VGG-9 on DVS-Gesture. The stable spike maps decoupled by the minimal &
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Figure 3. Visualization of the second layer spike maps of VGG-9 on DVS-Gesture. The stable spike maps decoupled by the minimal &
operation precisely depict the feature skeleton, echoing the results of Fig.1 in the main paper. To ensure the visualization effect, the average
of the spike maps of all channels is displayed.
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