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Abstract

Spiking Neural Networks (SNNs) are promising for low-
power computation due to their event-driven mechanism but
often suffer from lower accuracy compared to Artificial Neu-
ral Networks (ANNs). ANN-to-SNN knowledge distillation
can improve SNN performance, but previous methods either
focus solely on label information, missing valuable interme-
diate layer features, or use a layer-wise approach that neglects
spatial and temporal semantic inconsistencies, leading to per-
formance degradation. To address these limitations, we pro-
pose a novel method called self-attentive spatio-temporal cal-
ibration (SASTC). SASTC uses self-attention to identify se-
mantically aligned layer pairs between ANN and SNN, both
spatially and temporally. This enables the autonomous trans-
fer of relevant semantic information. Extensive experiments
show that SASTC outperforms existing methods, effectively
solving the mismatching problem. Superior accuracy results
include 95.12% on CIFAR-10, 79.40% on CIFAR-100 with
2 time steps, and 68.69% on ImageNet with 4 time steps for
static datasets, and 97.92% on DVS-Gesture and 83.60% on
DVS-CIFAR10 for neuromorphic datasets. This marks the
first time SNNs have outperformed ANNs on both CIFAR-
10 and CIFAR-100, shedding the new light on the potential
applications of SNNs.

Code — https://github.com/ieveresthd/SASTC.git

Introduction
Spiking Neural Networks (SNNs), considered the third gen-
eration of neural networks (Maass 1997), offer a promis-
ing advancement in low-power computing. Unlike artificial
neural networks (ANNs), which use continuous-valued acti-
vations, SNNs emulate the brain’s discrete, spike-based in-
formation transmission, making them ideal for event-driven
and energy-efficient neuromorphic hardware (Akopyan et al.
2015). Two main approaches have emerged for developing
supervised deep SNNs: 1) direct training from scratch using
surrogate gradients to approximate the discontinuous deriva-
tives of spiking neurons, and 2) ANN-to-SNN conversion,
which aligns ANN neuron functions with spiking neurons.
Despite progress, a performance gap persists between ANNs

*corresponding author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

and SNNs. To address this, ANN-to-SNN knowledge dis-
tillation has been employed to transfer relevant knowledge
from ANNs to SNNs.

However, previous distillation methods have either failed
to transfer sufficient knowledge or have faced spatial and
temporal disparities in semantic information, resulting in de-
graded performance. This paper introduces a Self-Attentive
mechanism to address the semantic mismatch problem by
autonomously identifying the most relevant semantic layer
patterns across spatial and temporal dimensions and allocat-
ing attention based on semantic relevance. The key contri-
butions of this work are summarized as follows:
1. We propose a self-attention mechanism to address se-

mantic mismatching during ANN-to-SNN knowledge
distillation by autonomously aligning the most relevant
layer patterns between ANN and SNN both spatially and
temporally.

2. Through extensive experiments across various settings
and prevalent network architectures, our method signif-
icantly boosts SNN performance in ANN-to-SNN dis-
tillation, surpassing current benchmarks across various
datasets, including both static and neuromorphic ones.

3. Our analysis demonstrates that SASTC successfully
achieves semantic matching in ANN-to-SNN distillation,
advancing its applications in robust representation.

Related Work
Direct Training from Scratch
We briefly summarize some significant achievements in di-
rect training. Lee et al. directly train SNNs in terms of spikes
by regarding the membrane potential as the combination
of differentiable signals and discontinuous noisy (Lee, Del-
bruck, and Pfeiffer 2016). Wu et al. use an approximate
derivative to construct an iterative LIF neuron model and
propose a spatio-temporal backpropagation (STBP) method
to train SNNs from scratch (Wu et al. 2018). Zheng et al.
propose a threshold-dependent batch normalization (tdBN)
method for tuning the loss function (Zheng et al. 2021).
Rathi et al. propose to optimize the leakage and threshold
in the LIF neuron model. Furthermore, many direct training
method have been proposed based on designing various sur-
rogate gradients and coding schemes to achieve SNNs with
low latency and high performance (Wu et al. 2019).
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ANN-to-SNN Conversion
Pérez-Carrasco et al. first map sigmoid neuron model of
ANNs into LIF neuron model by utilizing scaling factor,
which is determined according to neuron parameters and
modified manually (Pérez-Carrasco et al. 2013). Diehl et
al. propose to regulate firing rates of SNNs through weight
normalization (Diehl et al. 2015). Cao et al. adopt only one
hyperparamter, which is the firing threshold of spiking neu-
rons, to approximate the rectified linear unit (ReLU) func-
tion of ANNs (Cao, Chen, and Khosla 2015). Based on
the great success achieved in previous conversion schemes,
many subsequent studies are devoted to minimizing various
errors in conversion process (Sengupta et al. 2019).

ANN-to-SNN Distillation
Typically, SNNs employ the spike frequency of the output
layer or the average membrane potential increment as infer-
ence indicators. Analogous to ANN distillation, the conven-
tional ANN-to-SNN knowledge distillation minimizes the
Kullback-Leibler (KL) divergence between these SNN in-
ference indicators and the predictive class probability distri-
butions of ANNs (Lee et al. 2021). Recent efforts explore
the transfer of enriched information from feature maps to
enhance performance (Hong et al. 2023).

Self-Attentive Spatio-Temporal Calibration
Notations and Background
In this section, we provide a concise overview of fundamen-
tal concepts and establish necessary notations for subsequent
illustration or clarity, the term ”teacher model” denotes the
ANN model, while the ”student model” refers to the SNN
model unless explicitly specified. Let X = {𝑥𝑖 , 𝑦𝑖}𝑛𝑖 repre-
sent the training dataset consisting of 𝑛 instances and 𝑁 cat-
egories, with 𝑥𝑖 as the input vector and 𝑦𝑖 as the correspond-
ing target in the form of a one-hot encoding vector. The num-
ber of output channels and spatial dimensions represented
as 𝑐, ℎ and 𝑤, respectively. For a mini-batch data of size 𝑏,
the output of each SNN layer 𝑠𝑙 at time step 𝑡 is denoted as
𝑓 𝑡𝑠𝑙 ∈ R𝑏×𝑐𝑠𝑙 ×ℎ𝑠𝑙 ×𝑤𝑠𝑙 , where the superscript 𝑡 signifies the
index of the current time step, and 𝑇 represents the total
number of time steps. Simultaneously, the output of each
ANN (teacher) layer 𝑎𝑙 is denoted as 𝑓𝑎𝑙 ∈ R𝑏×𝑐𝑎𝑙 ×ℎ𝑎𝑙 ×𝑤𝑎𝑙 .
The layer indices 𝑠𝑙 and 𝑎𝑙 traverse from 1 to 𝑠𝐿 and 𝑎𝐿 ,
respectively. Notably, 𝑠𝐿 and 𝑎𝐿 typically differ due to the
intrinsic heterogeneity inherent in the teacher and student
models. The output representations at the penultimate layer
of the teacher and student models are labeled as 𝑓𝑎𝐿 and
𝑓𝑠𝐿 . Furthermore, we define the feature pattern 𝐹 as the
set of outputs from intermediate feature layers. 𝐹𝑡𝑠 repre-
sents the feature pattern of the student model at time step
𝑡, 𝐹𝑡𝑠 = { 𝑓 𝑡𝑠𝑙 | ∀ 𝑙 ∈ [1, . . . , 𝐿]}, while 𝐹𝑎 denotes the feature
pattern of the teacher model, 𝐹𝑎 = { 𝑓𝑎𝑙 | ∀ 𝑙 ∈ [1, . . . , 𝐿]}.
It is crucial to note that this collection is a permutation
rather than a combination. In other words, multiple collec-
tions with the same intermediate layers but in different or-
ders signify distinct feature patterns.

Concerning the student model, the outputs of the final
layer 𝑓𝑒𝑛𝑑 (·) are represented as the averaged membrane po-

Figure 1: An overview of the proposed Self-Attentive
Spatio-Temporal Calibration.

tentials over all time steps, 𝑂𝑖𝑠 = 1
𝑇

𝑇∑
𝑡=1

𝑓𝑒𝑛𝑑 ( 𝑓 𝑡𝑠𝐿 [𝑖]) ∈ R𝑁 ,

where the notation 𝑖 refers to the 𝑖-th input instance. We
have added this clarification in the revised version. Predicted
probabilities are derived through a softmax layer built on
these outputs 𝑂𝑖𝑠 , denoted as 𝑃𝑖𝑠 = 𝜎(𝑂𝑖𝑠/𝛼). Similarly,
the logits of the teacher model are designated as 𝑂𝑖𝑎 =

𝑓𝑒𝑛𝑑 ( 𝑓𝑎𝐿 [𝑖]) ∈ R𝑁 , and the corresponding predicted prob-
abilities are denoted as 𝑃𝑖𝑎 = 𝜎(𝑂𝑖𝑎/𝛼), commonly referred
to as soft targets. In both the student and teacher models, the
hyperparameter 𝛼 is typically set to 1.

Spatio-Temporal Mismatch Problem on Existing
ANN-to-SNN Knowledge Distillation
Prior studies have assumed that: 1) the distributions of se-
mantic information embedded in ANNs and SNNs are simi-
lar (spatially matched), and 2) this distribution within SNNs
remains constant across different time steps (temporally
matched). We introduce a metric named Spatio-Temporal
Mismatch Score (STM score) to assess the extent of seman-
tic disparity between associated ANN-SNN layer pairs over
time steps. STM score is computed as the Average Euclidean
Distance between the generated similarity matrices of each
corresponding ANN-SNN feature map pair, as expressed in
Equation (1):

𝑆𝑇𝑀𝑠𝑐𝑜𝑟𝑒 =
1
𝑇

1
|C𝑡 |

𝑇∑︁
𝑡=1

∑︁
C𝑡

𝑀𝑆𝐸 (𝐴𝑡𝑠𝑙 , 𝐴𝑎𝑙 ). (1)

where 𝑇 represents the number of time steps, |C𝑡 | denotes
the number of candidate layer pairs, and 𝐴𝑡𝑠𝑙 and 𝐴𝑎𝑙 are
the similarity matrices of ANN layer 𝑎𝑙 and SNN layer 𝑠𝑙 ,
respectively. MSE measures the extent of semantic mis-
matches between the student SNN and the teacher ANN.
A lower 𝑆𝑇𝑀𝑠𝑐𝑜𝑟𝑒 signifies fewer mismatched association
semantics, equating to superior model performance. Practi-
cally, we calculate the 𝑆𝑇𝑀𝑠𝑐𝑜𝑟𝑒 (log-scale) values for each
approach across training epochs and average them over the
last 10 epochs, where they remain nearly unchanged.

Contrary to previous assumption, we find that existing
ANN-to-SNN knowledge distillation methods either achieve
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very small improvements or result in degradation effects on
STM scores, as shown in Table 1. In other words, spatio-
temporal mismatch of semantic information results in the
loss of valuable knowledge during the knowledge distilla-
tion process. Our proposed approach diverges from the tra-
ditional paradigm by introducing self-attentive calibration.
This innovative method aims to effectively transfer spatio-
temporal semantic information by dynamically selecting
suitable layer associations at each time step, departing from
dependence on fixed teacher-student feature patterns.

SNN Dataset Time Step
STM score (↓)

Baseline KD FT

VGG-11 CIFAR-100 3 16.58 16.49 16.46

ResNet-18 CIFAR-100 3 16.97 16.85 16.73

ResNet-18 ImageNet 4 22.81 22.97 22.68

Note: teacher ANNs for CIFAR-100 and ImageNet are
ResNet-32x4 and ResNet-34, respectively. The symbol (↓) in-
dicates the smaller the better.

Table 1: Evaluation of Spatio-Temporal Mismatch Score on
CIFAR-100 and ImageNet

Formulation of Self-Attentive Calibration
In our methodology, each student layer at every time step
seamlessly aligns itself with semantically matched target
layers through attention allocation, as depicted in Figure.
1 (a) and (b). The training process, guided by calibrated
associations, prompts the student model to adeptly gather
and integrate information from multiple layers at each time
step, fostering a more tailored regularization. Furthermore,
SASTC is versatile and can be applied in scenarios where the
number of candidate layers differs between the teacher and
student models. The ensemble of acquired feature patterns at
time step 𝑡 in SASTC is denoted as C𝑡 = {( 𝑓 𝑡𝑠𝑙 , 𝑓𝑎𝑙 ) | ∀ 𝑓 𝑡𝑠𝑙 ∈
𝐹𝑡𝑠 , 𝑓𝑎𝑙 ∈ 𝐹𝑎}, with the corresponding weight satisfying∑𝑎𝐿
𝑎𝑙=1 𝜂

𝑡

( 𝑓 𝑡𝑠𝑙 , 𝑓𝑎𝑙 )
= 1,∀ 𝑓 𝑡𝑠𝑙 ∈ 𝐹𝑡𝑠 at each time step. This

weight 𝜂𝑡( 𝑓 𝑡𝑠𝑙 , 𝑓𝑎𝑙 )
∈ R𝑏×𝑇 signifies the degree to which the

target layer 𝑓𝑎𝑙 is considered in the calibration of spatio-
temporal semantic differences during ANN-to-SNN distil-
lation. A more detailed exploration of these self-attentive
weights will be provided subsequently. The feature maps
from each time step of the student model are transformed
into 𝑎𝐿 distinct forms, aligning with the spatial dimensions
of each target layer for subsequent distance calculations, as
indicated by

𝑓 𝑡𝑠𝑙 ,𝑎𝑙 = 𝑃𝑟𝑜 𝑗 ( 𝑓
𝑡
𝑠𝑙
∈ R𝑏×𝑐𝑠𝑙 ×ℎ𝑠𝑙 ×𝑤𝑠𝑙 , 𝑎𝑙),

𝑓 𝑡𝑠𝑙 ∈ 𝐹
𝑡
𝑠 , 𝑎𝑙 ∈ [1, . . . , 𝑎𝐿],

(2)

with 𝑓 𝑡𝑠𝑙 ,𝑎𝑙 ∈ R𝑏×𝑐𝑎𝑙 ×ℎ𝑎𝑙 ×𝑤𝑎𝑙 . Each function 𝑃𝑟𝑜 𝑗 (·, ·) com-
prises a stack of two convolution layers with 3 × 3 and 1 × 1
to fulfill the requirement for an efficient transformation. This
design choice is guided by previous research, which has il-
lustrated the remarkable effectiveness of a 3 × 3 convolu-
tion layer and the pyramid architecture (Han, Kim, and Kim
2017).

Allocation with Self-attention Previous research sug-
gests that the abstraction of feature representations is closely
associated with the layer depth (Bengio, Courville, and Vin-
cent 2013). The semantic levels of these intermediates can
vary between teacher and student architectures with differ-
ing capacities. Furthermore, we observe variations in the se-
mantic level among the feature patterns of SNNs at different
time steps, resulting in spatio-temporal information loss dur-
ing distillation. To address these spatio-temporal differences
in the student model and enhance the performance of feature
transfer during distillation, each layer of the student model
should be associated with the most semantically relevant tar-
get layer to derive its own regularization. Simple approaches
such as random selection or forcing feature maps from the
same layer depths to align may be inadequate due to the ad-
verse effects resulting from semantic mismatched pairs.

Inspired by the layer associations facilitated by atten-
tion mechanisms in ANNs (Vaswani et al. 2017), we ex-
pand the self-attentive scheme from spatial calibration to
spatio-temporal calibration. This extension presents a poten-
tially viable solution for addressing the semantic mismatch
problem and enhancing the overall distillation performance.
Given that feature maps in SNNs, generated by similar in-
stances, tend to cluster at distinct granularities across dif-
ferent time steps and layers, and similarly, in ANNs, these
feature maps cluster based on their depth, the proximity of
pairwise similarity matrices serves as a meaningful measure
of inherent semantic similarity. These similarity matrices are
computed as follows

𝐴𝑡𝑠𝑙 = 𝑅( 𝑓
𝑡
𝑠𝑙
) · 𝑅( 𝑓 𝑡𝑠𝑙 )

′, 𝑓 𝑡𝑠𝑙 ∈ 𝐹
𝑡
𝑠 ,

𝐴𝑎𝑙 = 𝑅( 𝑓𝑎𝑙 ) · 𝑅( 𝑓𝑎𝑙 )′, 𝑓𝑎𝑙 ∈ 𝐹𝑎,
(3)

where 𝑅(·) : R𝑏×𝑐×ℎ×𝑤 → R𝑏×𝑐ℎ𝑤 represents a reshaping
operation, and the symbol ′ denotes the 𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒 opera-
tion. Consequently, 𝐴𝑡𝑠𝑙 and 𝐴𝑎𝑙 yield 𝑏 × 𝑏 matrices. More
importantly, incorporating similarity matrices significantly
mitigates the memory cost associated with large spatio-
temporal dimensions (𝑇 · 𝑐𝑠𝑙/𝑎𝑙 · ℎ𝑠𝑙/𝑎𝑙 · 𝑤𝑠𝑙/𝑎𝑙 ≫ 𝑏).

Building upon the self-attention framework (Vaswani
et al. 2017), we independently project the pairwise similarity
matrices of each student layer, originating from individual
time steps, and each target layer, into two subspaces using
a Multi-Layer Perceptron (MLP). This procedure endeavors
to alleviate the influence of noise and sparsity, with the re-
sulting vectors identified as 𝑞𝑢𝑒𝑟𝑦 and 𝑘𝑒𝑦. To expound fur-
ther, for the 𝑖-th instance, the formulation can be articulated
as follows:
𝑄𝑡𝑠𝑙 [𝑖] = 𝑀𝐿𝑃𝑄 (𝐴

𝑡
𝑠𝑙
[𝑖]), 𝐾𝑎𝑙 [𝑖] = 𝑀𝐿𝑃𝐾 (𝐴𝑎𝑙 [𝑖]). (4)

The parameters in 𝑀𝐿𝑃𝑄 (·) and 𝑀𝐿𝑃𝐾 (·) are acquired
through training to produce 𝑞𝑢𝑒𝑟𝑦 and 𝑘𝑒𝑦 vectors, shared
across all instances. Subsequently, the calibrated weight
𝜂
𝑡 ,𝑖

( 𝑓 𝑡𝑠𝑙 , 𝑓𝑎𝑙 )
for the 𝑖-th instance is computed as follows:

𝜂
𝑡 ,𝑖

( 𝑓 𝑡𝑠𝑙 , 𝑓𝑎𝑙 )
=

𝑒
𝑄𝑡

𝑠𝑙
[𝑖 ]′𝐾𝑎𝑙

[𝑖 ]∑𝑎𝐿
𝑗=1 𝑒

𝑄𝑡
𝑠𝑙
[𝑖 ]′𝐾 𝑗 [𝑖 ]

. (5)

The allocation based on attention offers a viable ap-
proach to alleviate the adverse effects stemming from spatio-
temporal differences (mismatch in student-teacher layer
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pairs) and amalgamate beneficial guidance from multiple
target layers. The complete training procedure, incorporat-
ing the proposed semantic calibration formulation, is suc-
cinctly outlined in Algorithm 1.

Loss Function In a mini-batch of size 𝑏, the student model
generates multiple feature patterns spanning various time
steps (𝐹𝑡𝑠 , . . . , 𝐹

𝑇
𝑠 ). Following dimensional projections and

self-attentive calibration, we employ Mean-Square-Error
(MSE) to align the raw pairwise similarity matrices of the
teacher and student (referred to as the loss of SASTC),

L𝑆𝐴𝑆𝑇𝐶 =
∑︁
𝑡

∑︁
𝑙

𝜂𝑡( 𝑓 𝑡𝑠𝑙 , 𝑓𝑎𝑙 )
𝐷𝑖𝑠𝑡 ( 𝑓𝑎𝑙 , 𝑃𝑟𝑜 𝑗 ( 𝑓 𝑡𝑠𝑙 , 𝑎𝑙))

=

𝑏∑︁
𝑖=1

𝑇∑︁
𝑡=1

𝑎𝐿∑︁
𝑎𝑙=1

𝑠𝐿∑︁
𝑠𝑙=1

𝜂
𝑡 ,𝑖

( 𝑓 𝑡𝑠𝑙 , 𝑓𝑎𝑙 )
𝑀𝑆𝐸 ( 𝑓𝑎𝑙 [𝑖], 𝑓 𝑡𝑠𝑙 ,𝑎𝑙 [𝑖]),

(6)

as it demonstrated superior empirical performance. In this
process, each feature map from the student model 𝑓 𝑡𝑠𝑙 un-
dergoes transformation via a projection function 𝑇𝑟𝑎𝑛𝑠𝑠 =

𝑃𝑟𝑜 𝑗 (·, ·), while the target layers remain unchanged through
identity transformation 𝑇𝑟𝑎𝑛𝑠𝑎 (·) = 𝐼 (·). Multiplying the
outcomes by the learned self-attentive distributions, the total
loss is computed through a weighted summation of individ-
ual distances among feature maps from candidate teacher-
student layer pairs at each time step. Consequently, the total
loss of SASTC is expressed as:

L𝑡𝑜𝑡𝑎𝑙 = L𝐾𝐷 + 𝛽L𝑆𝐴𝑆𝑇𝐶 . (7)

L𝐾𝐷 = L𝐶𝐸 (𝑦𝑖 , 𝜎(𝑂𝑖𝑠)) + 𝛼2L𝐾𝐿 (
𝜎(𝑂𝑖𝑎)
𝛼

,
𝜎(𝑂𝑖𝑠)
𝛼

). (8)

where L𝐶𝐸 represents the standard cross-entropy loss (CE)
between the predicted probabilities of the student model and
the one-hot target, and L𝐾𝐿 denotes the KL divergence be-
tween 𝑃𝑖𝑠 and the soft targets of the teacher model 𝑃𝑖𝑎.

Neuron Model and Surrogate Gradient
LIF Neuron We employ the LIF neuron model, which in
discrete time, is described by:

𝑢𝑡 = 𝜆𝑢𝑡−1 + 𝐼 𝑡 , 𝑜𝑡 = Θ(𝑢𝑡 −𝑉𝑡ℎ), (9)

where 𝑢 signifies the membrane potential, 𝐼 𝑡 denotes pre-
synaptic inputs, 𝜆(< 1) represents the constant leaky factor
in the membrane potential, 𝑉𝑡ℎ signifies the threshold mem-
brane potential, Θ stands for the Heaviside step function, 𝑜
denotes the spike output propagating to the next layer, and
the superscript 𝑡 indicates the time step. Following the emis-
sion of the spike output, the reset operation is delineated in

𝑢𝑡 = 𝑢𝑡 · (1 − 𝑜𝑡 ). (10)

To minimize trainable parameters, all neurons share identi-
cal leak values 𝜆 and threshold potentials 𝑉𝑡ℎ. For consis-
tency across experiments, we set the initial membrane po-
tential 𝑢0 to 0, the threshold 𝑉𝑡ℎ to 1, and the leaky factor 𝜆
to 0.5.

Algorithm 1: Self-Attentive Spatio-Temporal Calibration for
ANN-to-SNN Knowledge Distillation
Input: Training dataset X = (𝑥𝑖 , 𝑦𝑖)𝑛𝑖=1; A pre-
trained ANN (teacher model) with parameter W𝑎; An
SNN (student model) with randomly initialized parameter
W𝑠;

1: while W𝑠 is not converged do
2: Sample a mini-batch 𝑏 size samples from X named

B.
3: Obtain intermediate layers’ presentations F𝑡𝑠 across

time steps and F𝑎 by propagating B into W𝑎 and
W𝑠 .

4: Construct pairwise similarity matrices 𝐴𝑡𝑠𝑙 and 𝐴𝑎𝑙 as
Equation (3).

5: Perform self-attention based spatio-temporal calibra-
tion as Equation (4-5).

6: Spatially align feature patterns across time steps as
Equation (2).

7: Update parameters W𝑠 by propagating backward the
surrogate gradients as defined in Equation (11) of the
loss in Equation (7) and Equation (6).

8: end while

Triangle Shape Surrogate Gradient In this study, prior-
itizing a balance between accuracy and computational effi-
ciency, we choose the triangular surrogate gradient, as estab-
lished in prior research (Deng et al. 2022). The mathematical
expression for the triangular surrogate gradient is as follows:

𝜕𝑜

𝜕𝑢
=

1
𝛾2𝑚𝑎𝑥(0, 𝛾 − |𝑢 −𝑉𝑡ℎ |), (11)

with 𝛾 set to 0.3 based on previous works (Deng et al. 2022).

Experiments
To demonstrate the effectiveness of our proposed self-
attentive spatio-temporal calibration in ANN-to-SNN
knowledge distillation, we conduct comprehensive experi-
ments. We evaluate various ANN-SNN combinations using
popular network architectures like VGG (Simonyan and Zis-
serman 2014), ResNet (He et al. 2016), PyramidNet (Han,
Kim, and Kim 2017), and WRN (Zagoruyko and Komodakis
2016) on static datasets. Meticulously designed experiments
and ablation studies validate the effectiveness of SASTC in
providing proper regularization for student models. We ap-
ply SASTC to neuromorphic datasets like DVS-Gesture and
DVS-CIFAR10, demonstrating its robust generalization in
noisy-label learning. Additionally, we offer a visual analysis
of SASTC’s success.

Further analyses of temporal information dynamics are
provided in Appendix 1, with demonstrations of robust
generalization of few-shot learning in Appendix 2. Details
on batch size, sensitivity, computational efficiency, running
time, and memory consumption are summarized in Ap-
pendix 3. The experimental setup details are available in Ap-
pendix 4.
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SNN Baseline ANN KD Feature KD SASTC

(student) T=2 T=3 T=7 (teacher) T=2 T=3 T=7 T=2 T=3 T=7 T=2 T=3 T=7

CIFAR-10

VGG-11 92.48 92.80 93.16

ResNet-19 93.01 92.92 93.22 93.28 93.48 93.60 93.55 93.73 93.92

Pyramidnet-20 92.98 93.07 93.52 93.04 93.28 93.36 93.52 93.70 93.64

WRN-28-4 92.14 92.83 93.22 92.64 92.80 93.48 93.07 93.10 93.70

ResNet-18 94.04 94.12 94.72
WRN-28-4 94.24 94.44 94.68 94.92 95.44 95.76 95.12 95.24 95.48

Pyramidnet-20 94.16 94.24 94.48 94.60 95.16 95.48 94.92 95.00 95.16

WRN-16-2 89.40 89.48 90.80

ResNet-19 92.36 92.52 93.36 92.16 93.13 93.26 94.12 94.16 94.12

Pyramidnet-20 92.04 92.60 93.28 92.86 93.18 93.51 93.16 93.76 93.96

WRN-28-4 91.72 92.20 92.92 92.16 93.08 93.44 93.16 93.28 93.72

CIFAR-100

VGG-11 68.70 69.76 70.00

VGG-13 73.44 74.52 75.24 74.01 74.43 75.11 74.60 74.88 76.36

ResNet-32x4 73.28 74.32 75.16 73.76 73.88 75.07 75.40 76.80 77.08

WRN-40-2 74.24 75.16 75.48 74.31 75.07 75.48 74.48 75.60 75.72

ResNet-18 70.56 75.72 76.40
ResNet-32x4 77.68 78.00 78.64 77.01 77.96 78.09 80.28 80.24 80.68

WRN-40-2 77.56 78.00 79.12 77.14 77.68 78.24 77.76 78.36 78.84

Note: baseline SNNs are trained from scratch using the same surrogate gradient as our distilled student models.

Table 2: Top-1 Test Accuracy(%) of Different ANN-to-SNN Distillation Approaches on CIFAR-10 and CIFAR-100 datasets

Comparison to Conventional ANN-to-SNN
Distillation Methods
Top-1 test accuracy (%) on CIFAR-10 and CIFAR-100
across seventeen distinct ANN-SNN combinations is illus-
trated in Table 2. Four of these combinations share sim-
ilar architectures (WRN-16-2/28-4, VGG-11/13, ResNet-
18/32x4), while the remaining nine are heterogeneous. Since
the large memory consumption of traditional feature ANN-
to-SNN KD method , we train the student SNN with dif-
ferent single layer combination settings and calculate their
average value as the final result (i.e., Feature KD in Table
2).

Table 2 illustrates that SASTC demonstrates significant
relative improvement across all compared methods on both
CIFAR-10 and CIFAR-100 datasets, indicating its ability
to effectively leverage intermediate information across time
steps for superior distillation results. The most notable en-
hancements occur in the ”WRN-16-2 & ResNet-19” (T=2)
and the ”ResNet-18 & ResNet-32x4” (T=2), with a 4.72%
improvement over baseline on CIFAR-10 and a 8.84% im-
provement over baseline on CIFAR-100. Notably, when
compared to the competitive distillation method feature
KD, results with combinations of WRN-16-2/ResNet-19 on
CIFAR-10 and all combinations on CIFAR-100 meet per-
formance degradation phenomenon compared to the vanilla
ANN-to-SNN KD method (the detailed explanation of these
negative regularization effects is illustrated in the section of
mechanism analysis).

Moreover, we achieve significant improvements on Ima-
geNet, which is illustrated in Table 3. Despite training for
only 90 epochs, SASTC improves ResNet-18 performance
by 2.02% over the baseline SNN. Additionally, SASTC
achieves 1.15% and 1.51% improvements over vanilla and
feature-based ANN-to-SNN KD on ResNet-18, respectively.
Notably, feature-based method shows significant negative

Method Architecture Time Steps Accuracy

Baseline ResNet-18 4 60.50

KD ResNet-18 4 61.37

Feature KD ResNet-18 4 61.01

SASTC
ResNet-18 4 62.52

ResNet-34 4 68.69

Teacher (ANN) ResNet-34 1 73.48

Table 3: Top-1 Test Accuracy(%) of ANN-to-SNN Distilla-
tion Approaches on ImageNet dataset

regularization effects during the ANN-to-SNN distillation
process on ImageNet.

Comparison to Existing SNN Training Methods

In this section, we present a comparison of our experimental
results with previous conventional training methods, sum-
marized in Table 4.

On the CIFAR-10 and CIFAR-100 datasets, our SASTC
outperforms all existing approaches, achieving the high-
est accuracy and the lowest inference latency. Notably, our
method first outperforms the ANN counterpart with the
spatio-temporal calibration on both CIFAR-10 and CIFAR-
100, the relatively maximum increments are 0.51% and
5.33%, respectively.

On the ImageNet dataset, the SASTC algorithm achieves
a 1.91% increment compared to SSCL-SNN (Zhang et al.
2024) with 4 time steps. Although SEW-ResNet34 deviates
from a typical SNN as it adopts the IF model and modi-
fies the Residual structure, SASTC achieves 1.65% improve-
ment than SEW-ResNet (Fang et al. 2021)
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Method Architecture Time Steps Accuracy
CIFAR-10

Norm (Sengupta et al. 2019) VGG-16 2500 91.55
Norm (Han, Srinivasan, and Roy 2020) VGG-16 2048 93.63

Norm (Deng and Gu 2021) VGG-16 16 92.29
STBP (Wu et al. 2018) CIFARNet 12 89.83

STBP NeuNorm (Wu et al. 2019) CIFARNet 12 90.53
Hybrid (Rathi et al. 2020) ResNet-20 250 92.22

DIET-SNN (Rathi and Roy 2021) ResNet-20 10 92.54
TET (Deng et al. 2022) ResNet-19 6 94.50

TSSL-BP (Zhang and Li 2020) CIFARNet 5 91.41

STBP-tdBN (Zheng et al. 2021) ResNet-19
6 93.16
4 92.92
2 92.34

GLIF (Yao et al. 2022) ResNet-19 2 94.44
KDSNN (Xu et al. 2023) VGG-16 4 91.05

Norm (Bu et al. 2023) VGG-16 4 93.96
TKS (Dong, Zhao, and Zeng 2024) ResNet-19 4 95.30

SSCL-SNN (Zhang et al. 2024) ResNet-20 4 94.27

Ours ResNet-18
7 95.48
3 95.24
2 95.12

ANN (Deng et al. 2022) ResNet-19 1 94.97
CIFAR-100

Hybrid (Rathi et al. 2020) VGG-11 125 67.87
DIET-SNN (Rathi and Roy 2021) VGG-16 5 69.67

TET (Deng et al. 2022) ResNet-19 6 74.72

STBP-tdBN (Zheng et al. 2021) ResNet-19
6 71.12
4 70.86
2 69.41

GLIF (Yao et al. 2022) ResNet-19 2 75.48
Norm (Bu et al. 2023) VGG-16 4 69.62

TKS (Dong, Zhao, and Zeng 2024) ResNet-19 4 76.20
SSCL-SNN (Zhang et al. 2024) ResNet-19 2 78.79

Ours ResNet-18
7 80.68
3 80.24
2 80.28

ANN (Deng et al. 2022) ResNet-19 1 75.35
ImageNet

Hybrid (Rathi et al. 2020) ResNet-34 250 61.48
SPIKE-NORM (Sengupta et al. 2019) ResNet-34 2500 69.96

STBP-tdBN (Zheng et al. 2021) Spiking-ResNet-34 6 63.72
SEW ResNet (Fang et al. 2021) SEW-ResNet-34 4 67.04

TET (Deng et al. 2022) Spiking-ResNet-34 6 64.79
SSCL-SNN (Zhang et al. 2024) ResNet-34 4 66.78

MS-ResNet (Hu et al. 2024) ResNet-18 6 63.10

Ours ResNet-18 4 62.52
ResNet-34 4 68.69

Table 4: Top-1 Test Accuracy(%) of Different SNN Methods
on Static Datasets

Mechanism Analysis and Ablation Study
In this section, we delve into an experimental exploration of
the negative regularization effect induced by manually spec-
ified layer associations across time steps. Furthermore, we
provide evidence of the success of SASTC, supported by the
proposed criterion and visual evidence.

SASTC Improves Negative Regularization Effects We
conduct experiments on the CIFAR-10 dataset by train-
ing the student model exclusively with a specified teacher-
student layer pair in various settings, and observe negative
regularization effects that feature-pattern-based distillation
with specific layer associations across time steps performs
worse than vanilla ANN-to-SNN KD. The network archi-
tectures involved ”VGG-11& ResNet-19”, ”ResNet-18 &
Pyramidnet-20”, and ”WRN-16-2 & WRN-28-4”. The num-
bers of candidate target layers and student layers for each
case are (4, 5), (3, 4), and (4, 4), respectively.

The outcomes of student models with 20, 12 and 16 ANN-
SNN layer combinations under the three settings on CIFAR-

Figure 2: Illustration of negative regularization on CIFAR-
10 with three model combinations. Each tick label of x-axis
denotes an SNN (student) layer number. Different color bars
indicate the results of different specified ANN-SNN layer
combinations.

10 are illustrated in Fig. 2. Notably, all layer associations
of SNN layer-2 and layer-3 in Fig. 2 (a) obtain extremely
poor performance, likely due to highly sparse semantic in-
formation contained in layer-2 of VGG-11 student model. In
addition, the performance of a student model significantly
diminishes for certain layer associations across time steps
(i.e., negative regularization effect), including SNN layer-1
to layer-4 in Fig. 2 (a) and (c), most like due to the substan-
tial semantic mismatch. Notably, it is observed that the one-
to-one layer matching scheme is non-optimal because bet-
ter results can be obtained by leveraging information from
a target layer with different depth, such as ”SNN layer-5 &
ANN-layer3” in Fig. 2 (a), ”SNN layer-4 & ANN-layer3” in
Fig. 2 (b) and ”SNN layer-2 & ANN-layer3” in Fig. 2 (c).

Although training with specific hand-crafted layer associ-
ations may outperform SASTC in isolated cases like ”SNN
layer-5 & ANN-layer3” in Fig. 2 (a) and ”SNN layer-4 &
ANN-layer3” in Fig. 2 (b), SASTC consistently performs
well across a large number of associations. It is particu-
larly noteworthy considering that the knowledge of the best
layer association for each network combination is not avail-
able in advance. Furthermore, instances where training with
SASTC is inferior to the best layer association suggest po-
tential refinements in our association strategy.

SASTC Achieves Semantic Matching during Knowledge
Distillation The results in Table 5 indicate that SASTC
consistently attains the lowest spatio-temporal mismatch
score throughout the training process compared to other ap-
proaches owing to our spatio-temporal calibration mecha-
nism on both CIFAR-100 and ImageNet datasets.

Moreover, we provide evidence in Appendix 1 that
SASTC optimizes the temporal information dynamics of
SNNs, further illustrating the success and mechanism of our
proposed method.

Extension, Application and Visual Analysis
Extension to Neuromorphic Datasets Previous works
focus on utilizing complex architectures to tackle the
challenging DVS-CIFAR10 task. However, these sophis-
ticated models have failed to achieve satisfied perfor-
mance and are susceptible to overfitting. Recently, a tem-
poral efficient training approach has achieved the state-of-
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SNN Dataset Time Step
STM score (↓)

Baseline KD FT SASTC

VGG-11 CIFAR-100 3 16.58 16.49 16.46 16.30

ResNet-18 CIFAR-100 3 16.97 16.85 16.73 16.11

ResNet-18 ImageNet 4 22.81 22.97 22.68 22.09

Note: teacher ANNs for CIFAR-100 and ImageNet are
ResNet-32x4 and ResNet-34, respectively. The symbol (↓) in-
dicates the smaller the better.

Table 5: Evaluation of Spatio-Temporal Mismatch Score on
CIFAR-100 and ImageNet

the-art accuracy with the streamlined VGGSNN architec-
ture. In this paper, we conduct experiments on the DVS-
Gesture and DVS-CIFAR10 datasets. As shown in Table
6, our proposed method outperform the contemporary best-
performing methods, the accuracy of SASTC increase to
97.92% on DVS-Gesture and 83.60% on DVS-CIFAR10
through the calibration of spatio-temporal semantic mis-
matches during ANN-to-SNN distillation. Consequently,
our SASTC method significantly improves the processing
temporal information ability of SNNs on neuromorphic
tasks.

Method Architecture Time Step Accuracy
DVS-Gesture

PLIF (Fang et al. 2021)

c128k3s1-BN-PLIF-
MPk2s2*5-DPFC512-

PLIF-DP-FC110-
PLIF-APk10s10

20 97.57

STBP-tdBN (Zheng et al. 2021) CIFARNet 40 96.87
SLAYER (Shrestha and Orchard 2018) 8 layers 25 93.64

Ours ResNet-18 16 97.92
DVS-CIFAR10

STBP-tdBN (Zheng et al. 2021) ResNet-19 10 67.80
Streaming Rollout (Kugele et al. 2020) DenseNet 10 66.80

Conv3D (Wu et al. 2021) LIAF-Net 10 71.70
LIAF (Wu et al. 2021) LIAF-Net 10 70.40
TET (Deng et al. 2022) VGGSNN 10 83.17

SSCL-SNN (Zhang et al. 2024) ResNet-19 10 80.00
Ours VGGSNN 10 83.60

Table 6: Top-1 Test Accuracy(%) of Different SNN Methods
on Neuromorphic Datasets

Application to Robust Representation In addition to
evaluating the clean test set performance, we introduce
noisy-label learning datasets by randomly perturbing 10%,
20%, 30%, 40%, and 50% of labels in training images. As
shown in Table 7, training the lightweight SNN with SASTC
extremely enhances its robustness compared to other ANN-
to-SNN knowledge distillation approaches and the teacher
ANN counterpart.

Visualization Analysis of SASTC To visually elucidate
the advantages of SASTC, we randomly selected several im-
ages from ImageNet, and highlight regions deemed crucial
for predicting the respective labels by utilizing Spike Activa-
tion Map (SAM) (Kim and Panda 2021). As depicted in Fig-

Percentage of

Noisy Labels
0% 10% 20% 30% 40% 50%

Teacher

(ResNet-32x4)
79.42% 76.51% 73.63% 70.57% 68.08% 64.27%

Baseline 69.76% 66.84% 64.00% 61.40% 59.84% 54.48%

KD 74.32% 73.64% 72.64% 72.36% 71.36% 70.80%

Feature KD 73.96% 63.68% 63.36% 63.24% 62.96% 61.84%

SASTC 77.08% 75.49% 74.77% 74.62% 74.32% 73.87%

Note: SNNs adopt three time steps.

Table 7: Noisy-Label Learning: Top-1 Test Accuracy(%) of
”VGG-11 & ResNet-32x4” Combination on CIFAR-100

ure 3, SASTC consistently centralizes class-discriminative
regions and excels in capturing more semantically related
information, resembling the teacher model, while the com-
pared methods scatter them in the surroundings.

Figure 3: Spike Activation Map (SAM) visualization of
ANN-to-SNN distillation approaches on ImageNet. The red
regions highlight areas deemed important for model infer-
ence.

Conclusion

This study focuses on mitigating performance degrada-
tion due to spatio-temporal semantic mismatches and neg-
ative regularization in conventional ANN-to-SNN knowl-
edge distillation methods. We propose a self-attentive mech-
anism to learn layer association weights across different
time steps, enabling semantically aligned knowledge trans-
fer. Qualitative and quantitative evidence validate SASTC’s
spatio-temporal calibration capability. Extensive experi-
ments demonstrate that SASTC consistently outperforms
various SNN training approaches and distillation schemes.
SASTC also shows strong generalization across tasks and
network architectures, excelling in robust representation.
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