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Abstract

Knowledge distillation from Artificial Neural Networks
(ANNs) to Spiking Neural Networks (SNNs) is a promi-
nent training paradigm. However, its efficacy is fundamen-
tally limited by a spectral mismatch: SNNs, with their intrin-
sic low-pass filtering characteristics, struggle to learn high-
frequency details from their ANN teachers, creating a bot-
tleneck in knowledge transfer at both the feature and logit
levels. To address this, we propose Bi-Spectrum Distilla-
tion (BSD), a novel framework that mitigates the mismatch
from two complementary perspectives. First, at the feature
level, our Spectral Residual Distillation (SRD) enhances the
student SNN’s features with a parameter-efficient, learnable
filter that adaptively compensates for high-frequency infor-
mation loss, which transforms the student’s output to better
match the teacher’s rich spectral target. Second, at the log-
its level, our Spectral Semantic Distillation (SSD) enhances
fine-grained classification by distilling high-frequency com-
ponents from teacher-ordered logits. Extensive experiments
on CIFAR-10/100, ImageNet, and CIFAR10-DVS demon-
strate that BSD achieves new state-of-the-art performance
across both CNN and Transformer-based SNNs, validating
its effectiveness and broad applicability.

Introduction
Spiking Neural Networks (SNNs) are brain-inspired mod-
els prized for their energy efficiency (Maass 1997). Unlike
conventional Artificial Neural Networks (ANNs) that rely
on power-intensive multiply-accumulate (MAC) operations,
SNNs communicate via sparse, binary spikes, using sim-
pler additions (Roy, Jaiswal, and Panda 2019). This event-
driven paradigm makes them ideal for neuromorphic hard-
ware (Davies et al. 2018; Deng et al. 2020), promising sig-
nificant gains in computational efficiency.

Despite their promise, Spiking Neural Networks (SNNs)
are notoriously difficult to train due to the non-differentiable
nature of their spike events (Eshraghian et al. 2023). Early
solutions followed two main paths. Conversion-based meth-
ods transferred knowledge by mapping pre-trained ANN
weights to SNNs (Hao et al. 2023; Hu et al. 2023; Bu
et al. 2023), while learning-based methods enabled direct
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Figure 1: Visualization of the ANN-SNN Spectral Mis-
match. At the feature level, the SNN output appears
smoother, with a noticeable loss of high-frequency energy
compared to the ANN. At the logit level, following the sort-
ing of logits into a meaningful order, the SNN exhibits high-
frequency “jitter” absent in the teacher’s smooth distribu-
tion. These observations highlight a distinct mismatch in
high-frequency information between the two networks.

training via surrogate gradients (SG) (Neftci, Mostafa, and
Zenke 2019; Wu et al. 2018). Building upon these foun-
dations, knowledge distillation (KD) (Hinton, Vinyals, and
Dean 2015) has emerged as a more advanced strategy. By
leveraging a powerful ANN teacher to guide an SNN stu-
dent, KD has set the current state of the art in both perfor-
mance and efficiency (Xu et al. 2023; Hong et al. 2023).

However, the effectiveness of this approach is fundamen-
tally constrained by a challenge we identify as spectral
mismatch. As illustrated in Figure 1, ANN teachers, us-
ing activations like ReLU, can represent a broad spectrum
of feature frequencies (Xu et al. 2020). In contrast, student
SNNs, commonly built with Leaky Integrate-and-Fire (LIF)
neurons, inherently function as low-pass filters (Fang et al.
2025). This discrepancy prevents the SNN student from ef-
fectively learning high-frequency details from the teacher’s
features, creating a critical bottleneck that impedes knowl-
edge transfer.

To address this spectral mismatch, we propose the Bi-
Spectrum Distillation (BSD) framework, which tackles the
problem from two complementary perspectives: At the fea-
ture level, Spectral Residual Distillation (SRD) introduces
a parameter-efficient filter that learns to selectively amplify
high-frequency components, directly compensating for the
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SNN’s intrinsic low-pass nature. At the logit level, Spec-
tral Semantic Distillation (SSD) first addresses the unstruc-
tured nature of the output by sorting the logits. This cre-
ates an ordered representation where frequency analysis be-
comes meaningful, enabling the distillation of the teacher’s
high-frequency spectral details to boost the SNN’s fine-
grained classification performance. Extensive experiments
validate the proposed BSD framework, demonstrating that it
achieves new state-of-the-art results across diverse static and
neuromorphic benchmarks for both CNN and Transformer
architectures.

Our contributions are threefold:

• We identify and formulate the spectral mismatch as a
core, predictable obstacle in ANN-to-SNN distillation,
shifting the perspective from unexplained performance
loss to a well-defined frequency-domain problem.

• We propose the Bi-Spectrum Distillation (BSD) frame-
work, a dual-pronged solution that addresses the mis-
match at both the feature and logit levels with novel,
frequency-aware modules.

• Our method achieves new state-of-the-art results on ma-
jor benchmarks, including CIFAR-10/100, ImageNet and
CIFAR10-DVS across both CNN and Transformer archi-
tectures, demonstrating its effectiveness and broad appli-
cability.

Related Work
Knowledge Distillation for SNNs. Knowledge Distilla-
tion (KD) has become a key approach for training high-
performance SNNs by transferring knowledge from pre-
trained ANN teachers (Guo et al. 2024b; Yang et al. 2025).
Early methods focused on aligning intermediate features in
the spatial domain. For instance, KDSNN (Xu et al. 2023)
employed both response-based and feature-based distilla-
tion, while LaSNN (Hong et al. 2023) introduced layer-wise
attention to bridge the representational gap between ANNs
and SNNs. Subsequent approaches, such as SAKD (Qiu
et al. 2024) and BKDSNN (Xu et al. 2024b), refined the
distillation process by incorporating feature and logit align-
ment, with BKDSNN address the discrete-continuous mis-
match by restoring blurred features from the final layer.
Other works explored temporal aspects of SNNs (Dong,
Zhao, and Zeng 2024; Yu et al. 2025), decoupling distil-
lation objectives across timesteps or implementing tempo-
ral self-distillation for knowledge sharing within the SNN.
While these methods have significantly advanced SNN train-
ing, they predominantly operate in the spatial domain and
implicitly assume that SNNs can replicate the full-spectrum
features of the teacher. Our work builds upon this foundation
but addresses the underlying spectral mismatch that is not
accounted for in existing KD methods. Specifically, we in-
troduce a frequency-aware approach within the feature- and
logits-level distillation process to resolve this spectral mis-
match.

Frequency Learning in SNNs. Recent work emphasizes
the importance of frequency-domain analysis for SNNs.
It is well-established that Leaky Integrate-and-Fire (LIF)

neurons and their variants act as low-pass filters (Gerstner
et al. 2014; Lindner 2013), preferentially propagating low-
frequency information while suppressing high-frequency
details. This bias has been identified as a significant fac-
tor in the performance gap between SNNs and ANNs. To
mitigate this, methods like Max-former (Fang et al. 2025)
have introduced high-pass operators such as Max-Pooling.
SWformer (Fang et al. 2024) and FEEL-SNN (Xu et al.
2024a) use wavelet transforms and frequency encoding to
enhance feature learning and robustness. While these meth-
ods focus on high-frequency learning at the logit level or
modify network architecture, our work directly addresses
the spectral mismatch by integrating frequency-aware dis-
tillation in both the feature and logit levels.

Preliminary: The LIF Neuron
The Leaky Integrate-and-Fire (LIF) neuron is a powerful
abstraction of its biological counterpart, widely adopted as
the fundamental computational unit in deep SNNs due to its
computational efficiency (Fang et al. 2021; Zhou et al. 2022,
2023a). The dynamics of an LIF neuron’s membrane poten-
tial, U(t), are formally described by the differential equa-
tion:

τm
dU(t)

dt
= −(U(t)− Urest) +RmI(t), (1)

where τm is the membrane time constant, Urest is the rest-
ing potential, and I(t) is the input synaptic current. When
U(t) reaches a threshold Vth, the neuron fires a spike and its
potential is reset. For computational implementation in deep
SNNs, this is typically discretized as:

U [n] = βU [n− 1] + (1− β)I[n], (2)

where n denotes the discrete time step and β = e−∆t/τm

is the decay factor over a time step ∆t. The neuron emits a
spike (S[n] = 1) when its potential U [n] exceeds a threshold
Vth, after which the potential is reset.

Method
In this section, we first formalize the spectral mismatch
problem inherent in ANN-SNN distillation. We then detail
our proposed Bi-Spectrum Distillation (BSD) framework,
which is comprised of two complementary modules: Spec-
tral Residual Distillation (SRD) for feature-level compensa-
tion and Spectral Semantic Distillation (SSD) for logit-level
guidance.

The Spectral Mismatch Problem
A core challenge in ANN-SNN distillation is the spectral
mismatch, caused by different frequency responses in their
respective activations. We now formalize this problem and
its impact on both features and logits.

The LIF Neuron as a Low-Pass Filter. The origin of the
spectral mismatch lies in the intrinsic frequency response
of the LIF neuron. The neuron’s subthreshold membrane
dynamics function as a linear filter. Its transfer function,
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Figure 2: Overview of the Bi-Spectrum Distillation (BSD) framework. (a) BSD guides an SNN student with an ANN teacher
via two complementary modules: SRD for feature-level distillation and SSD for logit-level distillation. (b) SRD operates on
features (Fs, Ft), learning a spectral residual in the frequency domain to bridge the gap between the student and teacher. (c)
SSD operates on logits (zs, zt), first structuring them via sorting and then distilling high-frequency details to enhance fine-
grained learning.

HU (ω), maps the input current spectrum I(ω) to the mem-
brane potential spectrum U(ω):

HU (ω) =
U(ω)

I(ω)
=

1− β

1− βe−jω∆t
. (3)

Since the magnitude |HU (ω)| decreases with frequency ω,
this process suppresses high-frequency components of the
input signal.

The subsequent spike generation is a non-linear operation,
S[n] = Θ(U [n] − Vth). We simplify this non-linear stage
by assuming the output spectrum is dominated by the linear
filter, which allows the output spike spectrum S(ω) to be
approximated as:

S(ω) ∼ U(ω) = |HU (ω)|2I(ω). (4)

Thus, the LIF neuron acts as a strong low-pass filter. Al-
though standard ANN activation functions like ReLU ex-
hibit some high-frequency suppression, the effect is substan-
tially stronger in LIF neuronss (Fang et al. 2025). This dif-
ference in frequency filtering is the primary source of the
spectral mismatch. We visually confirm the low-pass filter-
ing property in the supplementary material.

The Spectral Mismatch: From Feature to Logits. The
different frequency responses of ANNs and SNNs create a
major challenge for feature distillation, a process that min-
imizes the L2 distance (∥Ft − Fs∥2) between a teacher’s
features (Ft) and student’s (Fs). By Parseval’s theorem, this
spatial-domain loss can be decomposed into its frequency

components:

L = ∥Ft − Fs∥2 =

∫ ∥∥∥F̃t(ω)− F̃s(ω)
∥∥∥2 dω

=

∫
Ωlow

∥∥∥F̃t(ω)− F̃s(ω)
∥∥∥2 dω

+

∫
Ωhigh

∥∥∥F̃t(ω)− F̃s(ω)
∥∥∥2 dω,

(5)

where F̃ (ω) is the Fourier transform and the spectrum is
partitioned into low (Ωlow) and high (Ωhigh) frequencies.

As a natural low-pass filter, an SNN’s capacity to gen-
erate high-frequency signals is negligible (∥F̃s(ω)∥2 ≈ 0).
Consequently, the high-frequency loss component becomes
irreducible, determined almost entirely by the teacher’s sig-
nal:∫

Ωhigh

∥F̃t(ω)− F̃s(ω)∥2 dω ≈
∫
Ωhigh

∥F̃t(ω)∥2 dω. (6)

Misleading gradients from this irreducible term then attempt
to force an unattainable high-frequency response from the
SNN, hindering the distillation process.

This core problem at the feature level then propagates
to the final predictions. Lacking the high-frequency details
needed for fine-grained classification, the SNN’s logits can-
not match the complex structure of the teacher’s outputs,
creating a secondary, implicit mismatch at the logit level that
ultimately lowers the model’s accuracy.

Overview of Bi-Spectrum Distillation
To address the spectral mismatch at both the feature and
logit levels, we propose Bi-Spectrum Distillation (BSD), a
framework that tackles this two-level problem with comple-
mentary components (see Figure 2). For the direct feature-
level mismatch, our Spectral Residual Distillation (SRD)
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module adaptively compensates for the SNN’s lost high-
frequency details, creating a more achievable distillation tar-
get. To address the subsequent logit-level mismatch, our
Spectral Semantic Distillation (SSD) helps the SNN learn
the teacher’s fine-grained predictions by structuring the log-
its and then distilling their high-frequency semantic infor-
mation.

These components guide the training process through a
total loss function Ltotal. This objective combines the stan-
dard task loss Ltask and conventional distillation loss LKD

with our two proposed spectral alignment terms, LSRD and
LSSD:

Ltotal = Ltask + αLKD + βLSRD + γLSSD. (7)

The hyperparameters α, β, and γ balance the influence of
these terms. Typically, Ltask is the Cross-Entropy loss, while
LKD is the standard, temperature-scaled KL divergence loss.

Spectral Residual Distillation for Features
To address the feature-level mismatch, we introduce Spec-
tral Residual Distillation (SRD). The core idea is to stop
forcing the SNN student to match an unattainable high-
frequency target. Instead, as shown in Figure 2b, we insert a
lightweight, learnable module that adaptively helps the stu-
dent by compensating for its spectral deficiencies. This mod-
ule learns a spectral residual (F̃res)—a targeted compensa-
tion in the frequency domain—which, when added to the
student’s features, creates a more achievable target for dis-
tillation.

The SRD module transforms student features Fs into en-
hanced features F̂s in three steps:
1. Temporal Pooling and Spectral Projection. The stu-

dent’s features Fs are first averaged over time and pro-
jected into the frequency domain via a 1× 1 convolution
and a Fast Fourier Transform (FFT), F .

F̃ ′
s = F

(
Conv1×1

(
1

T

T∑
t=1

Fs(t)

))
. (8)

2. Hierarchical Spectral Filtering. The spectral residual
F̃res is computed from F̃ ′

s using a block of element-
wise complex-valued operations with a modReLU non-
linearity (Trabelsi et al. 2017), denoted as σ.

F̃res = W2 ⊙ σ
(
W1 ⊙ F̃ ′

s +B1

)
+B2, (9)

where ⊙ denotes the Hadamard product. The learn-
able parameters (Wk,Bk) are channel-independent. This
highly parameter-efficient design learns a single, global
spectral transformation profile. Such a constraint is es-
sential to prevent the module from overfitting and ab-
sorbing the learning signal that is intended for the SNN
student.

3. Spectral Residual Fusion and Spatial Reconstruction.
The learned residual is added to the student’s spectrum,
and an inverse FFT (F−1) returns the enhanced features
(F̂s) to the spatial domain.

F̂s = F−1
(
F̃ ′
s + F̃res

)
. (10)

The SRD loss (LSRD) combines a feature alignment term
with a regularization term:

LSRD = ∥F̂s − Ft∥2 + λ∥F̃res∥2, (11)

The two terms in the LSRD loss function work in tandem.
The first term drives the alignment between the enhanced
student features and the teacher’s target. The second term,
a critical L2 penalty on the residual itself, ensures the SRD
module remains lightweight. By encouraging the module to
learn only minimal modifications, this regularization forces
the SNN student to perform the primary learning. The hy-
perparameter λ controls the trade-off between the alignment
goal and the regularization penalty.

Spectral Semantic Distillation for Logits
While SRD addresses the feature-level mismatch, Spectral
Semantic Distillation (SSD) provides complementary high-
frequency guidance at the final output layer (Figure 2c). The
goal is to apply direct supervision to the logits, but this is
challenged by their inherent structure. The class order in a
logit vector is an arbitrary, pre-defined arrangement; for in-
stance, placing the “cat” and “dog” logits adjacent to each
other provides no meaningful local structure. Consequently,
a Fourier transform of such an unordered vector yields no
useful information.

Our core insight is to first construct a meaningful struc-
ture. By sorting the logits according to the teacher’s predic-
tions, we transform them into structured 1D signals where
proximity reflects semantic similarity. This process reveals
a clear mismatch in the high-frequency details between the
teacher and student (visualized in Figure 1), enabling us to
directly supervise the learning of these fine-grained patterns.

Let zt, zs ∈ RB,N be the teacher and student logits, re-
spectively. The SSD process is as follows.

1. Semantic Permutation. For each sample in the batch,
we find the permutation ϕ = (ϕ(1), ϕ(2), . . . , ϕ(N)) that
sorts the teacher’s logits zt in descending order, which
satisfies the condition:

zt,ϕ(1) ≥ zt,ϕ(2) ≥ · · · ≥ zt,ϕ(N). (12)

This permutation, which now encodes the teacher’s se-
mantic structure, is applied to both the teacher and stu-
dent logit vectors to create structurally aligned 1D sig-
nals, denoted as z′

t and z′
s:

z′
t = [zt,ϕ(1), zt,ϕ(2), . . . , zt,ϕ(N)],

z′
s = [zs,ϕ(1), zs,ϕ(2), . . . , zs,ϕ(N)].

(13)

2. High-Pass Filtering. To focus on fine-grained structural
details, we filter these sorted vectors. The operation in-
volves a FFT (F), the application of a binary high-pass
mask (Mhp ∈ {0, 1}N ), and an inverse FFT (F−1) to
return to the spatial domain. Empirically, the cutoff ratio
rhp is configured to preserve only the top 50% of fre-
quencies. This yields the high-frequency components of
the logits:

z′
k,hp = F−1(Mhp ⊙F(z′

k)), for k ∈ {t, s}. (14)
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Training Types Method Architecture T CIFAR-10 CIFAR-100
Top-1 Acc.(%) Top-1 Acc.(%)

ANN-to-SNN QCFS (Bu et al. 2023) ResNet-20 8 89.55 55.37

Direct Training

STBP-tdBN (Zheng et al. 2021) ResNet-19 4 92.92 -
SEW-ResNet (Fang et al. 2021) SEW-ResNet-19 4 93.24 70.84

RecDis (Guo et al. 2022a) ResNet-19 4 95.55 74.10
TET (Deng et al. 2022) ResNet-19 4 94.44 74.47
GLIF (Yao et al. 2022) ResNet-19 4 94.85 77.05
OS (Zhu et al. 2024) ResNet-19 4 95.20 77.86

Spikformer (Zhou et al. 2022) Sformer-4-384 4 95.19 77.86
+CML (Zhou et al. 2023b) Sformer-4-384 4 95.93 79.64

Sformer (Zhou et al. 2023a) Sformer-4-384 4 95.61 79.09
+CML (Zhou et al. 2023b) Sformer-4-384 4 95.81 79.98

RevSFormer (Zhang and Zhang 2024) Sformer-4-384 4 95.34 79.04
QKFormer(Zhou et al. 2024) Sformer-4-384 4 96.18 81.15

SNN-KD

KDSNN (Xu et al. 2023) SEW-ResNet-19 4 94.36 74.08
Sformer-4-384 4 95.88 80.33

LaSNN (Hong et al. 2023) SEW-ResNet-19 4 94.21 73.92
Sformer-4-384 4 95.79 79.99

SM(Deng et al. 2023) ResNet-19 4 96.82 81.70

BKDSNN (Xu et al. 2024b) SEW-ResNet-19 4 94.64 74.95
Sformer-4-384 4 96.06 81.26

TKS (Dong, Zhao, and Zeng 2024) ResNet-19 4 95.30 76.20
SEW-ResNet-19 4 96.76 80.67

SAKD (Qiu et al. 2024) ResNet-19 4 96.06 80.10
EnOF (Guo et al. 2024b) ResNet-19 2 96.19 82.43
ASNN (Yang et al. 2025) ResNet-19 2 96.66 81.57

TLD (Yu et al. 2025) ResNet-19 4 96.97 82.47

Ours
ResNet-19 4 97.38 82.36

SEW-ResNet-19 4 97.07 82.61
Sformer-4-384 4 96.89 83.51

Table 1: Top-1 accuracy (%) comparison with previous works on CIFAR-10 and CIFAR-100 datasets. T denotes timesteps.
Best results are in bold. - indicates results not available (not reported in original article or cannot reproduce). All notations are
consistent across experimental conditions for clarity.

The SSD loss (LSSD) then directly minimizes the discrep-
ancy between these high-frequency components. It is the
Mean Squared Error between the filtered logits of the teacher
and student:

LSSD = ∥z′
s,hp − z′

t,hp∥2. (15)

This objective specifically guides the SNN to replicate
the fine-grained structural details embedded in the high-
frequency spectrum of the teacher’s sorted logits.

Experiments
We empirically validate our Bi-Spectrum Distillation (BSD)
framework on a wide array of benchmarks. Our evaluation
employs both CNN and Transformer backbones on the static
datasets CIFAR-10/100 (Krizhevsky and Hinton 2009), Im-
ageNet (Deng et al. 2009), and the neuromorphic dataset
CIFAR10-DVS (Li et al. 2017), to confirm the broad appli-
cability of our method.

Experimental Setup
The key hyperparameters for our Bi-Spectrum Distillation
(BSD) framework are configured as follows. The coeffi-

cients for the logit-level distillation, α and γ, are consis-
tently set to 0.5 across all experiments. The feature-level
coefficient β is set to 7 × 10−4 for ResNet models on CI-
FAR and 7×10−5 for all other experiments. The distillation
temperature τ for LKD is 2, and the SRD regularization hy-
perparameter λ is 0.01.

To ensure fair comparisons, all other training settings
(e.g., optimizer, learning rate schedule, and batch size)
strictly follow the protocols from the BKDSNN framework
or the original papers of the baseline models. Detailed con-
figurations for each specific experiment and ablation study
are provided in the supplementary materials.

All models were implemented in PyTorch with the Spik-
ingJelly (Fang et al. 2023) library. Experiments on CIFAR-
10, CIFAR-100, and CIFAR10-DVS were conducted using
a single NVIDIA GeForce RTX 3090 GPU. For ImageNet,
we employed distributed data parallel training on 8 NVIDIA
A100 GPUs.

Benchmark Performance
Results on CIFAR-10/100. We first evaluate BSD on
the CIFAR-10/100 benchmarks using ResNet-19 (Deng

28550



Method Architecture T Top-1 Acc.(%)

QCFS(2023) VGG-16 64 72.85
FastSNN(2023) VGG-16 7 73.00
ECMT(2024) ViT-L/16 4 83.20

Spiking-ResNet(2021) ResNet-18 4 62.32
ResNet-50 4 57.66

SEW-ResNet(2021) SEW-ResNet-18 4 63.18
SEW-ResNet-50 4 67.78

Mformer(2024) Sformer-8-512 4 78.81
E-SpikeFormer(2025) Sformer-12-512 4 83.20

KDSNN(2023) SEW-ResNet-18 4 63.42
SEW-ResNet-50 4 67.72

LaSNN(2023) SEW-ResNet-18 4 63.31
SEW-ResNet-50 4 67.81

SM(2023) ResNet-18 4 64.53
EnOF(2024) ResNet-18 4 65.31
TKS(2024) SEW-ResNet-50 4 70.70

SAKD(2024) ResNet-18 4 65.37
ResNet-50 4 70.71

BKDSNN(2024b)
SEW-ResNet-18 4 65.60
SEW-ResNet-50 4 72.32
Sformer-8-512 4 80.93

ASNN(2025) ResNet-34 4 70.64
TLD(2025) ResNet-34 4 71.04

Ours
SEW-ResNet-18 4 66.92
SEW-ResNet-50 4 73.32
Sformer-12-512 4 85.33

Table 2: Top-1 accuracy (%) comparison with previous
works on ImageNet datasets.

et al. 2022), SEW-ResNet-19 (Fang et al. 2021), and Spik-
ing Transformer (Sformer)-4-384 (Zhou et al. 2024) as
student networks. The SNNs are guided by their corre-
sponding high-performing ANN teachers: a ResNet-19 with
96.91%/83.42% accuracy on CIFAR-10/100, and a ViT-S
with 96.97%/88.68% accuracy. As shown in Table 1, our
method outperforms existing SNN approaches based on
BPTT and previously established SNN distillation meth-
ods, achieving state-of-the-art performance. Especially, on
CIFAR-100, BSD boosts the Sformer accuracy to 83.51%,
a significant 2.25% gain over the strong BKDSNN base-
line. The performance improvements on these foundational
datasets indicate the potential benefits of addressing the
spectral mismatch bottleneck.

Results on ImageNet. To assess its scalability, we eval-
uate BSD on the large-scale ImageNet dataset with SEW-
ResNet-18/50 and Sformer-12-512 students. The SEW-
ResNet models are guided by their corresponding ResNet
teachers (71.5% and 80.4% accuracy, respectively), while
the Sformer student is paired with a high-performing
CAFormer teacher (85.5% accuracy) (Yu et al. 2023). The
Sformer is initialized with pre-trained weights from E-
SpikeFormer (Yao et al. 2025), which establishes a strong
baseline of 83.20% accuracy. As summarized in Table 2,
BSD establishes new state-of-the-art records for all tested
architectures. Notably, it boosts the Sformer student’s ac-

Method Architecture T Top-1 Acc.(%)

STBP-tdBN(2021) ResNet-19 10 67.80
RecDis(2022a) ResNet-19 10 72.42

Real Spike(2022b) ResNet-19 10 72.85
Ternary Spike(2024a) ResNet-19 10 78.40

Sformer(2023a) Sformer-2-256 10 79.90
Sformer+CML(2023b) Sformer-2-256 10 80.50

KDSNN(2023)∗ Sformer-2-256 10 80.60
LaSNN(2023)∗ Sformer-2-256 10 80.60

BKDSNN(2024b)∗ Sformer-2-256 10 79.80
SAKD(2024) ResNet-19 4 80.30
ASNN(2025) ResNet-19 4 80.54

Ours Sformer-2-256 10 81.20

Table 3: Top-1 accuracy (%) comparison with previous
works on CIFAR10-DVS datasets. * indicates our repro-
duced results.

curacy from a 83.20% to 85.33%. These substantial gains
on a complex dataset highlight that addressing the spectral
mismatch is critical for challenging, fine-grained recogni-
tion tasks.

Results on CIFAR10-DVS. Finally, on the neuromorphic
CIFAR10-DVS dataset, we evaluate BSD in an SNN-to-
SNN distillation setting. In this scenario, a student SNN
with a short timestep (T=10) learns from a more power-
ful teacher of the same architecture using a longer timestep
(T=16, achieving 81.50% accuracy). As shown in Table 3,
BSD enables the more efficient student to achieve a new
SOTA accuracy of 81.20%, performing nearly on par with
its less efficient teacher. This result suggests that the spec-
tral mismatch principle is generalizable, highlighting BSD’s
potential to bridge the “temporal-spectral” gap created by
differing network timesteps.

Ablation Study
Efficacy of Distillation Components. To validate the
contribution of each component, we conduct an ablation
study where we add SRD and SSD to a standard distillation
baseline (“Logits KD”). As shown in Table 4, both modules
individually improve performance. Notably, on the more
complex CIFAR-100 dataset, adding only SRD provides a
substantial accuracy gain of +3.06% over the baseline, high-
lighting the critical impact of correcting the feature-level
mismatch. The full BSD framework’s top accuracy demon-
strates that its two components, SRD and SSD, are highly
complementary. This confirms our view of spectral mis-
match as a problem with two distinct aspects, requiring solu-
tions at both the feature level and the logit level for optimal
performance.

Location of Feature Distillation. We investigated how
SRD module placement affects performance by applying it
to different network blocks. The results in Table 5 reveal two
patterns: applying SRD to a single, deeper block is more ef-
fective than a shallower one, and applying it to all blocks si-
multaneously yields the highest accuracy. This suggests that
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Method SEW-ResNet-19
CIFAR-10 CIFAR-100

w/o distillation 95.74 77.29

logits KD 96.33 79.46
+SSD 96.57 79.98
+SRD 96.53 82.52
BSD 97.07 82.61

Table 4: Ablation study on the components of BSD on
CIFAR-10/100. All results are Top-1 accuracy (%). “Log-
its KD” is a standard distillation baseline. “+SRD” and
“+SSD” denote adding each of our components to this base-
line. “BSD” is the full framework.

Block Index ResNet-19 SEW-ResNet-19

1 2 3 Top-1 Acc.(%) Top-1 Acc.(%)

✓ 95.41 96.70
✓ 95.28 96.53

✓ 95.87 96.99
✓ ✓ 95.32 96.71
✓ ✓ 95.74 96.77

✓ ✓ 95.13 96.69
✓ ✓ ✓ 97.38 97.07

Table 5: Impact of the SRD module’s application point on
Top-1 accuracy (%) on CIFAR-10. A checkmark (✓) in-
dicates that SRD is applied at the corresponding network
block.

spectral mismatch is a cumulative issue. While compensa-
tion at deeper layers—where the mismatch is greatest—is
beneficial, our findings indicate that a comprehensive, multi-
stage approach is the most effective strategy to counteract
this effect.

Analysis of the Spectral Residual Adapter. To verify
that SRD’s performance gains stem from its frequency-
domain design and not merely from added parameters,
we conducted a control experiment. We created a spatial-
only variant by removing the FFT/iFFT operations from
the SRD module. On ImageNet with ResNet-18, this vari-
ant’s accuracy dropped to 65.47%, notably lower than the
66.92% achieved by our standard SRD. A visualization of
the learned weights in Figure 3 explains this performance
gap. The standard SRD learns a structured high-pass filter,
amplifying the high-frequency components that SNNs typ-
ically struggle to represent. In contrast, the weights of the
spatial-only adapter show no apparent pattern. This compar-
ison strongly indicates that SRD’s success lies in its spe-
cialized design—which counteracts the SNN’s low-pass na-
ture—rather than in the parameter count alone.

Visualization of Learned Feature Salience. Finally, we
use Grad-CAM to qualitatively evaluate how BSD influ-
ences the SNN’s learned representations. As shown in Fig-
ure 4, SNNs trained with conventional distillation methods
like KDSNN and LaSNN often produce diffuse attention
maps that are less focused than the ANN teacher’s. In con-

Figure 3: Visualization of the final learned weights (W2) in
the feature adapter module on ImageNet (SEW-ResNet18).
Top: Our frequency-domain SRD learns a clear high-pass
filter pattern. Bottom: For comparison, the module operat-
ing in the spatial domain learns no apparent pattern.

Figure 4: Grad-CAM visualizations comparing feature
salience across different KD methods. The heatmaps (blue
for low, red for high) indicate regions most influential for
the model’s classification decision.

trast, the SNN trained with our BSD framework learns a
much sharper and more semantically precise attention map
that is visually very similar to the teacher’s. This provides
compelling visual evidence that BSD’s benefits extend be-
yond simple accuracy improvements. By correcting the fea-
ture degradation caused by spectral mismatch, our method
fundamentally enhances the SNN’s ability to identify the
most salient image regions, effectively learning where to
look in a way that mirrors the teacher’s semantic focus.

Conclusion
In this work, we identify and address the spectral mismatch
in ANN-to-SNN distillation, where an SNN’s low-pass na-
ture hinders high-frequency information transfer. Our Bi-
Spectrum Distillation (BSD) framework tackles this with
two complementary modules: SRD compensates for feature-
level frequency loss, and SSD distills fine-grained struc-
tures from sorted logits. Extensive experiments confirm that
BSD achieves state-of-the-art performance across diverse
benchmarks and architectures. By reframing distillation as
a frequency-domain problem, our work offers an effective
solution that narrows the ANN-SNN performance gap and
introduces a novel frequency perspective for SNN research.
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