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Abstract

A Spiking Neural Network (SNN) is a kind of brain-inspired and event-driven network,
which is becoming a promising energy-efficient alternative to Artificial Neural Networks
(ANNs). In recent years, SNN methods have been successfully applied in the fields of
electromagnetic signal processing and image signal processing, particularly in application
scenarios that require low energy consumption. However, the performance of SNNs by
direct training is far from satisfactory. In this paper, we study a novel learning method
named SAD-SNN (Spatial-Activation Distillation for Spiking Neural Networks), which
utilizes the ANN model to guide the SNN model learning. Unlike prior works that rely
on element-wise feature alignment approaches, SAD-SNN aligns spatial-activation maps
at different resolutions of the teacher and student networks. Specifically, we introduce
a direct alignment approach, which defines a spatial-activation loss and normalizes the
representation vectors of ANN and SNN, to alleviate the unexpected precision loss. This
enables the knowledge of teacher ANNs to be effectively transferred to train student
SNNs. On three image classification datasets, our proposed SAD-SNN outperforms other
SNN training methods no matter whether homogeneous or heterogeneous teacher ANNs
are used. Furthermore, we apply SAD-SNN to the electromagnetic signal detection task,
demonstrating strong generalization ability and superior performance. In conclusion, the
experimental results on various tasks and SNN architectures demonstrate that our method
is a general and effective solution that significantly improves the learning of student SNNs
with only two time steps.

Keywords: spiking neural networks; knowledge distillation; image classification;
electromagnetic signal detection

1. Introduction
A Spiking Neural Network (SNN) is a kind of biologically plausible neural network

based on dynamic characteristics of biological neurons [1,2]. Previous research has demon-
strated the potential of SNNs in achieving energy savings while enabling fast inference [3].
Recently, many SNN methods [4–6] have exhibited significant low-power advantages in
tasks of image signal processing and electromagnetic signal processing. However, the ac-
curacy performance of those direct-trained SNNs is not comparable to that of ANNs.
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Although surrogate gradient methods [7,8] are proposed to improve SNN training, the re-
sults are often accompanied by lower accuracy and slower convergence rates than those
of ANNs.

Knowledge distillation (KD) [9] has recently gained attention as an effective strategy
for improving SNN training. By treating pre-trained high-performance ANNs as teachers
and target SNNs as students, KD methods guide SNN learning by transferring seman-
tic knowledge from ANNs. Typically, most existing feature-based approaches focus on
element-wise alignment [10,11] of intermediate features between teacher ANNs and student
SNNs. However, these methods often overlook the representation gap: ANNs generate
continuous floating-point features with dense information distribution, whereas SNNs
produce discrete binary spikes characterized by sparsity and temporal dynamics. This fun-
damental distributional mismatch restricts knowledge transfer and results in unexpected
precision loss during distillation.

Considering the above challenges, in this paper, we propose a novel learning method
named SAD-SNN (Spatial-Activation Distillation for Spiking Neural Networks), as illus-
trated in Figure 1, which leverages feature-based knowledge distillation to transfer com-
prehensive supervisory information from a pre-trained ANN teacher to an SNN student.
To address the limitations of prior element-wise feature alignment methods, SAD-SNN
aligns spatial-activation maps across different spatial resolutions between the teacher and
student networks. Specifically, we introduce a spatial-activation loss with a normalization
operation to align the representation vectors of ANN and SNN at each corresponding
layer, enabling effective knowledge transfer across heterogeneous networks. Unlike prior
methods that rely on high-dimensional feature transfer or stochastic perturbation, our
approach is simple, parameter-free, and enables effective cross-architecture knowledge
transfer with only two time steps.

Figure 1. Overview of training SNN with Spatial-Activation Distillation method. The snow symbol
indicates that the parameters of the teacher ANN are frozen.

To summarize, our contributions are threefold:

• We propose SAD-SNN, a feature-based distillation framework that transfers knowl-
edge from ANNs to SNNs via spatial-activation alignment across different resolutions.

• We introduce a spatial-activation loss with normalization to bridge the distribution
gap between continuous ANN features and sparse SNN spikes, without introducing
additional trainable parameters.
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• We benchmark our method on image classification and electromagnetic signal de-
tection tasks. Experimental results show that the proposed SAD-SNN outperforms
other SNN training methods with only two time steps, demonstrating its reliability
and validity.

2. Related Work
2.1. SNN Training and Applications

Current deep SNN training methods can be broadly divided into two main cate-
gories: indirect supervised learning, typified by ANN-to-SNN conversion [12], and direct
supervised learning, typified by spatio-temporal backpropagation [7,8].

ANN-to-SNN conversion pre-trains a source ANN and then converts it into an SNN
by replacing the rectified linear unit (ReLU) activation function in artificial neurons with a
spiking neuron model [13], while sharing the trained weights and without further training
of the SNN. Despite its effectiveness in generating deep SNNs, this approach often over-
looks the rich temporal dynamic characteristics inherent to SNNs. Moreover, it requires
longer time steps to match the accuracy of pre-trained ANNs [14], which increases SNN
latency and limits practical applicability.

Directly trained SNNs address the non-differentiability of spikes by introducing
surrogate gradient methods. These methods implement spatio-temporal backpropagation
by approximating the gradient with smooth functions [15,16]. The vanishing gradient
problem is also unavoidable in SNN training, and some research has proposed novel
normalization techniques to alleviate this issue [17]. It is worth noting that direct supervised
learning requires substantially fewer time steps compared to ANN-to-SNN conversion.

The advancement of these training methods has facilitated the deployment of SNNs in
various application scenarios [18]. In image signal processing, SNNs have achieved promis-
ing performance on public benchmarks [19] with significantly lower energy consumption
compared to ANNs [20]. For electromagnetic signal processing, SNNs have shown promis-
ing results in automatic modulation recognition [5] and radar emitter recognition [21],
leveraging their temporal dynamics and event-driven computation to achieve robust per-
formance even under low signal-to-noise ratio conditions. These application-driven studies
motivate the development of efficient training methods to further bridge the performance
gap between ANNs and SNNs in practical scenarios.

2.2. Knowledge Distillation for SNNs

Knowledge distillation (KD) [22] is a model compression technique that transfers
knowledge from a large teacher model (or an ensemble of models) to a smaller student
model, providing richer supervisory signals for the student’s training.

Recently, many works have applied knowledge distillation to the Spiking Neural
Network (SNN) domain [23,24]. For instance, ref. [10] leverages the output responses
of teacher ANNs to enhance student SNNs by aligning output logits and intermediate
features. Subsequently, ref. [25] proposes a temporal separation strategy with entropy
regularization, which performs distillation on logits at individual time steps rather than
merely on aggregated outputs, thereby better exploiting the spatio-temporal properties
of SNNs. To address the precision gap between continuous ANN features and discrete
SNN spikes, ref. [11] introduces blurred knowledge distillation, which applies random
blurring masks to SNN features before mimicking ANN features. However, this stochastic
operation may obscure fine-grained spatial information. Additionally, ref. [26] proposes
a biologically inspired reverse knowledge distillation approach that transfers structural
pattern learning from ANNs to SNNs through reversed distillation pathways, though it
requires a multi-stage training pipeline.
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In this work, we propose SAD-SNN, a feature-based distillation approach for ANN-
SNN training. Prior methods mainly focus on how to align, using element-wise feature
matching, stochastic perturbation, or reversed distillation pathways. We focus on what
to align: spatial-activation maps across different resolutions, bridging the representation
gap between continuous ANN features and discrete SNN spikes, without introducing any
trainable parameters.

3. Preliminary
Leaky Intergrate-and-Fire Model. Unlike traditional ANNs, SNNs use binary spike

trains to transmit information. In this paper, we use the Leaky Integrate-and-Fire (LIF)
neuron [7] as the basic neuron model of student SNNs. When the membrane potential
exceeds a specific threshold, the neuron fires a spike and then the membrane potential is
reset to zero. The LIF model is defined as

ut,l+1 = τut−1,l+1(1 − ot−1,l+1) + xt,l (1)

ot,l+1 =

1 if ut,l+1 > θl+1

0 otherwise
(2)

where ut,l, xt,l and ot,l are the membrane potential, input current and spike output of the neuron
in the l-th layer at time t. τ represents the membrane time constant, describing how fast the
membrane decays. θl is the threshold in the l-th layer. This LIF model enables forward and
backward propagation to be implemented on both spatial and temporal dimensions.

Integer Leaky Integrate-and-Fire Model. The I-LIF neuron [27] shares the same
membrane potential dynamics as the standard LIF, but differs in the output generation.
Instead of emitting binary spikes, I-LIF produces integer-valued outputs:

ot,l+1 = Clip
(

round
(

ut,l+1
)

, 0, D
)

(3)

where D is a hyperparameter controlling the maximum integer value. When D = 4,
the per-time step capacity expands from 1 bit to approximately 2.32 bits, enabling strong
performance even at T = 1. This observation highlights that the performance gap between
ANNs and SNNs is fundamentally rooted in representational capacity.

Notations. ANNs are effective at learning hierarchical feature representations with
increasing levels of abstraction [28]. Therefore, not only the last layer [22] but also the
intermediate layers [29] can be utilized as the knowledge sources to supervise the training
of student SNNs. Such layer outputs are so called feature maps [30]. Denote a teacher ANN
as T and a student SNN as S . For an input mini-batch, the feature map of T at layer l is
Al
T , and that of S at layer l′ is Al′

S (with an additional temporal dimension T). We use I
to denote the set of aligned layer pairs (l, l′). For ease of reference, we summarize the key
notations in Table 1.

Table 1. Summary of notations in this study.

Notation Description

α Balancing coefficient for distillation loss
T Number of time steps
I Set of aligned layer pairs (l, l′)

Al
T ∈ RB×C×H×W Feature map of teacher ANN at layer l

https://doi.org/10.3390/s26154877
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Table 1. Cont.

Notation Description

Al′
S ∈ RB×T×C′×H′×W ′

Feature map of student SNN at layer l′

Al′
S ′ ∈ RB×C′×H′×W ′

SNN feature map after average pooling over time dimension at layer l′

Sl
T , Sl′

S ′ ∈ RB×H×W Spatial-activation maps of teacher ANN and student SNN
Ltask Task-specific loss

Ldistill_SAD Spatial-Activation Distillation loss
Llogits Logits-based distillation loss
Ltotal Task loss with Spatial-Activation Distillation
Lall Task loss with both spatial-activation and logits distillation

4. Methodology
In this section, we first give an introduction to the spatial-activation knowledge. Then,

based on the knowledge definition, a spatial-activation loss function is proposed. Finally,
the overall training process is fully described.

4.1. Spatial-Activation Knowledge

In this paper, we adopt the spatial-activation maps inspired by [31] to align the
feature representations of the teacher ANN and the student SNN by measuring their
spatial similarity. As SNNs have an additional dimension of time, for generality, we
take the strategy of average pooling [10] to get rid of the time dimension. After the
step of average pooling over the time dimension, SNN’s feature map will transfer from
Al′

S ∈ RB×T×C′×H′×W ′
to Al′

S ′ ∈ RB×C′×H′×W ′
, which has the same dimension as ANN’s

feature map Al
T ∈ RB×C×H×W .

As shown in Figure 2, for the ease of transfer learning, we derive spatial-activation
maps from feature maps to represent the knowledge of network layers. The student SNN
is encouraged to produce similar spatial-activation maps as the teacher ANN, which can be
formulated as follows

Sl
T =

1
C

C

∑
i=1

|Al
T [:,i,:,:]|

2; Sl′
S ′ =

1
C′

C′

∑
i=1

|Al′
S ′ [:,i,:,:]|

2 (4)

where Sl
T ∈ RB×H×W and Sl′

S ′ ∈ RB×H×W denote the (l, l′) layer pair of teacher and
student spatial-activation maps, respectively. The notation [:, i, :, :] denotes the ith channel
in the matrix.

Mini-Batch

Teacher ANN

Student SNN

T

Head

Feature Map

ℝ�×�×�×ℎ×�

ℝ�×�×ℎ×�

Intermediate layers

Head

Intermediate layers

ℝ�×�×ℎ×� ℝ�×ℎ×�

ℝ�×ℎ×�

KD

Figure 2. Illustration of feature-based distillation for SNNs and use of average pooling to get rid of the
time dimension of SNN’s feature maps and calculating the spatial-activation maps of ANN and SNN.
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4.2. Spatial-Activation Distillation

According to the definition of spatial-activation maps above, there exists a potential
problem when computing the similarities in SNNs. In the feature maps of SNNs, as the
values of most features are often 0, the similarity vectors computed in SNNs may be very
sparse, making it hard to match those dense vectors of ANNs.

Considering this matching problem, we define the spatial-activation loss as

Ldistill_SAD(ST , SS ′) =
1
B

B

∑
i=1

∑
(l,l′)∈I

|| norm(Sl′
S ′ [i,:,:])− norm(Sl

T [i,:,:])||2. (5)

where the notation [i, :, :] denotes the ith data sample, the set I contains the layer pairs
(l, l′) that are aligned (e.g., end of each stage or each block). The function norm(·) denotes
instance-wise L2 normalization, i.e., norm(v) = v/||v||2, applied to each sample’s spatial-
activation vector independently. This normalization unifies the value scales of ANN and
SNN similarity vectors to the range [0, 1], alleviating the precision gap caused by their
different activation distributions.

By combining the Spatial-Activation Distillation loss with the original task loss, the to-
tal loss Ltotal is given as follows.

Ltotal = Ltask + α ∗ Ldistill_SAD (6)

where Ltask denotes the task-specific loss between the predictions and the ground truth,
and α is a coefficient used to balance the two losses.

4.3. Training

In this section, we provide a comprehensive description of our proposed SAD-SNN
for training SNNs.

Training teacher ANNs. We begin by training ANNs as pre-trained teacher models.
From these teacher networks, we extract the outputs from their intermediate layers as
feature maps and calculate the spatial-activation maps that serve as guiding signals during
the distillation process for training SNNs.

Training student SNNs. SAD-SNN guides the training of a student SNN by incorpo-
rating an additional distillation loss. In the forward propagation, the same set of samples
are both input to the teacher ANN and the student SNN. The student SNN encodes its
outputs into spike firing rates, which serve as its feature representations. The pre-trained
teacher ANN provides its final outputs or intermediate feature maps as the target knowl-
edge representation. The total loss is then formulated based on the hidden knowledge
representation, as defined in (5). In the error backpropagation, the classical backpropa-
gation algorithm cannot be directly applied due to the non-differentiable nature of the
spike activity function in (2). To address this issue, most previous works exploit surrogate
gradients for the spatio-temporal backpropagation algorithms [7,32]. In this study, we em-
ploy a threshold-dependent batch normalization method [33] to train SNNs. This method
uses a rectangular function [7] to approximate the derivative of spiking activity, enabling
direct training of SNNs from shallow to deep architectures. The pseudocode for the overall
training process of SAD-SNN is summarized in Algorithm 1.

https://doi.org/10.3390/s26154877
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Algorithm 1 Training Algorithm of SAD-SNN
Input: Dataset D.
Model: Teacher ANN model MANN(x; WANN) with pretrained weights WANN; Student
SNN model MSNN(x; WSNN) with initial weights WSNN.
Parameter: Time steps T; Layer alignment set I ; Distillation loss weight α; Learning rate η;
Training epoch E.
Output: Trained student SNN model MSNN(x; WSNN).

1: for epoch = 1 to E do
2: for x, y in D do
3: AT = MANN(x); ▷ forward propagation
4: AS , ŷ = MSNN(x);
5: AS ′ = AvgPoolT(AS ); ▷ calculate spatial-activation maps
6: calculate ST and SS ′ based on AT and AS ′ using (4);
7: calculate Ldistill_SAD based on ST and SS ′

8: using layer pairs (l, l′) ∈ I via (5); ▷ calculate Ldistill_SAD
9: calculate task-specific loss based on y and ŷ; ▷ calculate Ltask

10: calculate Ltotal based on Ltask and Ldistill_SAD using (6); ▷ calculate Ltotal

11: calculate the gradients ∂Ltotal
∂WSNN

; ▷ backward propagation
12: update WSNN ; ▷ update weights
13: end for
14: end for

5. Experiment
5.1. Experiment Overview

In this section, we systematically present our experimental approach, which thor-
oughly evaluates the proposed SAD-SNN framework across different tasks, datasets,
and architectures. We first focus on the widely adopted image classification task, ver-
ifying the effectiveness of our method on multiple datasets, including CIFAR10, CIFAR100,
and Tiny ImageNet, using ResNet and PyramidNet architectures. Subsequently, we extend
our framework to tackle the challenging electromagnetic signal detection task in com-
munication reconnaissance, where we adopt YOLOv5 Medium and YOLOv8 Medium as
teacher ANNs and SpikeYOLO as the student, evaluated on the signal detection dataset.
This comprehensive experimentation demonstrates the strong generalization ability of
SAD-SNN, which can be effectively applied to both classification and detection tasks across
fundamentally different data modalities.

5.2. Classification
5.2.1. Implementation Details for Classification

Datasets. We evaluated our proposed methods on three datasets: CIFAR10 [34],
CIFAR100 [35], and Tiny ImageNet. CIFAR10 and CIFAR100 contain 60 k RGB images
of size 32 × 32 × 3, with 10 and 100 categories, respectively. Each dataset is split into
50,000 training samples and 10,000 testing samples. Tiny ImageNet contains 110 k RGB
images of size 64 × 64 × 3 across 200 classes, and is a subset of ILSVRC-2012. For this
dataset, each class contains 500 training samples and 50 testing samples.

Backbone Architectures. We employed five representative architectures as teacher
ANNs to evaluate the transfer performance of SAD-SNN: ResNet19 [36], ResNet34, Pyra-
midNet110 (PyrNet110) [37], PyramidNet50 (PyrNet50), and WideResNet28 (WRN28) [38];
and we employed ResNet19 [17] and PyramidNet50 (PyrNet50) as student SNNs.

Feature Alignment. For SAD-SNN, we align the last three feature layers of the teacher
ANN and the student SNN, respectively. Specifically, for each network, we identify the
outputs of its final three feature extraction stages (or convolutional blocks) before the

https://doi.org/10.3390/s26154877
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classification head. These corresponding layer pairs are directly aligned regardless of
architectural differences or channel dimensions.

All experiments were conducted on a single NVIDIA A100 GPU with 80 GB memory
using a fixed random seed of 42. For teacher ANNs, the number of epochs was set to 100,
200, and 200 for CIFAR10, CIFAR100, and Tiny ImageNet, respectively. The batch sizes
were 64 for CIFAR10/100 and 128 for Tiny ImageNet. We adopted the SGD optimizer with
an initial learning rate of 0.025, which decayed to 0.0025 at the halfway point of training.
For PyrNet110 and PyrNet50, the widening factor αw and the output feature dimension
were set to 270 and 286, respectively. During SNN training, the number of epochs was
set to 100, 200, and 200 for CIFAR10, CIFAR100, and Tiny ImageNet, respectively, and the
batch size was set to 64. The hyperparameter α of our proposed method was set to 1000
for all datasets. The time step was set to 2. We adopted the Adam optimizer with an
initial learning rate of 0.001, which decayed to 0.0001 at the halfway point of training.
For PyrNet50, the widening factor αw and the output feature dimension were set to 270
and 286.

5.2.2. Performance Comparison on Benchmarks

Learning from the homogeneous ANNs. We selected ResNet19 and PyrNet50 as
student SNNs to evaluate the performance of SAD-SNN when transferring knowledge
from homogeneous ANNs. This includes scenarios where the student and teacher net-
works share the same depth or have the same block structure but different depths. We
compared our student SNNs with current leading SNN training methods. Experimental
results on two benchmarks are summarized in Table 2. It is observed that our proposed
method consistently improves the performance of student SNNs, enabling them to achieve
significantly higher accuracy compared to existing training methods. Furthermore, we
analyzed the test accuracy curves of directly trained SNNs and student SNNs guided by
homogeneous teacher ANNs. As shown in Figure 3, learning from teacher ANNs enables
student SNNs to increase their accuracy rapidly during training, especially on CIFAR100.

Table 2. Top-1 accuracy (%) of SAD-SNN with existing methods on CIFAR10/CIFAR100. The best
results are shown in boldface. Accuracy (%) of teacher ANNs: ResNet34/ResNet19: 95.32/94.56 on
CIFAR10, 80.34/74.75 on CIFAR100; PyrNet110/PyrNet50: 95.74/95.61 on CIFAR10, 80.59/78.58 on
CIFAR100. Accuracy (%) of student SNNs: ResNet19: 92.15/70.51 on CIFAR10/CIFAR100, PyrNet50:
92.60/71.41 on CIFAR10/CIFAR100.

Method Training
Categories SNN CIFAR10 CIFAR100 Time Step

Hybrid training [39] Hybrid training VGG11 92.22 67.87 125
Diet-SNN [40] Hybrid training ResNet-20 92.54 64.07 10/5
SNN_Calibration [41] ANN-to-SNN VGG16 93.71 77.68 32
Optimal_ANN-SNN [42] ANN-to-SNN VGG16 93.96 69.62 4
STBP [7] Direct-training CIFARNet 89.83 - 12
TSSL-BP [43] Direct-training CIFARNet 91.41 - 5
STBP-tdBN [33] Direct-training ResNet-19 92.92 70.86 4
TET [44] Direct-training ResNet-19 94.44 74.72 6

KDSNN [10] KD training ResNet-18 94.36 74.36 4
Reverse-KD [26] KD training ResNet-18 - 72.10 4
BKDSNN [11] KD training ResNet-19 94.52 74.76 4

SAD-SNN (ours) KD training

ResNet34_ResNet19 94.55 74.94 2
ResNet19_ResNet19 94.40 75.55 2
PyrNet110_PyrNet50 93.45 77.51 2
PyrNet50_PyrNet50 93.60 76.44 2
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(a) CIFAR10 (b) CIFAR10

(c) CIFAR100 (d) CIFAR100

Figure 3. Test accuracy curves of directly trained SNNs and student SNNs on CIFAR datasets.

Learning from the heterogeneous ANNs. To demonstrate the effectiveness of knowl-
edge transfer between heterogeneous teacher ANNs and student SNNs, we selected
ResNet34, PyrNet110/50, and WRN28 as ANN teachers, aiming to improve the image
classification performance of PyrNet50 and ResNet19 on CIFAR100 and Tiny ImageNet.
The experimental results are shown in Table 3. The results show that student SNNs
consistently achieve significant improvement when learning from heterogeneous ANNs,
and in some cases even approach the teacher ANN’s performance. Specifically, on CI-
FAR100, the student PyrNet50 improves from a baseline SNN accuracy of 71.41% to 76.55%
when taught by WRN28, which is very close to the teacher’s 76.60%. On Tiny ImageNet,
the ResNet19 student achieves 55.35% accuracy when learning from PyrNet110, a substan-
tial improvement over its baseline SNN accuracy of 51.51%. These results demonstrate that
SAD-SNN enables effective cross-architecture knowledge transfer with only 2 time steps.

Table 3. Top-1 accuracy (%) and theoretical energy consumption (%) of SAD-SNN with 2 time steps
on CIFAR100 and Tiny ImageNet. The down arrow (↓) indicates a reduction in energy consumption
compared to the teacher ANN baseline.

ANN-Model SNN-Model ANN SNN SOPs (G) E (mJ) SAD-SNN
Acc

CIFAR100

PyrNet50 - 78.58 - - 9.89 -

ResNet34 PyrNet50 80.34 71.41 1.33 1.20 (87.87% ↓) 77.64
WRN28 76.60 1.36 1.23 (87.56% ↓) 76.55

PyrNet110 ResNet19 80.59 70.51 0.69 0.63 (93.63% ↓) 75.15
WRN28 76.60 0.69 0.63 (93.63% ↓) 74.04

Tiny ImageNet
VGG16 - 56.10 - - 5.77 -

PyrNet110 ResNet19 65.96 51.51 2.63 2.40 (58.41% ↓) 55.35
PyrNet50 63.73 2.65 2.42 (58.06% ↓) 55.85

https://doi.org/10.3390/s26154877
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Sensitivity Analysis of Hyperparameter α. The balancing coefficient α in (6) controls
the relative importance of the distillation loss versus the task loss. To evaluate the sensitivity
of SAD-SNN to this hyperparameter, we conducted experiments on CIFAR100 using
PyrNet110 and WRN28 as teachers and ResNet19 as the student, with α varying from 100
to 2000.

As shown in Figure 4, SAD-SNN achieves stable performance when α is in the range
of 100 to 2000. When α is too small, the distillation signal is insufficient to guide the student
SNN, resulting in performance close to the baseline without distillation (70.51%). When
α is too large, the distillation loss dominates, potentially interfering with the task-specific
learning and causing performance degradation. These results demonstrate that SAD-SNN
is robust to α variations within a reasonable range.

(a) PyrNet110 → ResNet19 (b) WRN28 → ResNet19

Figure 4. Hyperparameter sensitivity analysis of α in SAD-SNN on CIFAR100.

5.2.3. Theoretical Energy Consumption Calculation

We estimated the theoretical energy consumption of SNN-based image classification
models following the methodology of prior works [45,46]. The computation starts from the
synaptic operations (SOPs) in each layer. For layer l, the SOPs are calculated as:

SOPs(l) = rinput × T × FLOPs(l) (7)

where rinput is the firing rate of the input spike sequence to layer l, T denotes the simula-
tion time step, and FLOPs(l) is the number of floating-point multiply-accumulate (MAC)
operations in that layer. The resulting SOPs(l) corresponds to the number of accumulate
(AC) operations on spike signals.

Following the assumptions in [46], we adopted the energy costs for MAC and AC
operations under a 45nm hardware architecture, where EMAC = 4.6 pJ and EAC = 0.9 pJ.
The total theoretical energy consumption of an SNN is then given by:

ESNN = EMAC × FLOPs(1) + EAC ×
l

∑
i=2

SOPs(i) (8)

where the first term FLOPs(1) accounts for the input layer, which encodes floating-point
inputs into spike trains; the second term sums the AC energy over all subsequent layers.
For comparison, the theoretical energy of an ANN model is simply:

EANN = EMAC × FLOPs (9)

Table 3 reports the theoretical energy consumption on CIFAR100 and Tiny ImageNet
(2 time steps), compared with the ANN baselines (PyrNet50 and VGG16).
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5.2.4. Performance Comparison of Distillation Knowledge

To investigate the effectiveness of the proposed Spatial-Activation Knowledge, we
compared it against conventional logits-based knowledge distillation. We denote the
method using logits-based distillation as Logits-based KD, and our proposed approach as
Spatial-activation KD. The detailed results on three benchmark datasets are presented in
Table 4. As shown, Spatial-activation KD consistently outperforms Logits-based KD across
all teacher--student pairs on CIFAR10 and CIFAR100. Notably, the improvement is more
obvious on the more challenging CIFAR100 dataset.

Table 4. Top-1 accuracy (%) of different distillation knowledge for SAD-SNN on three benchmarks.

ANN-Model SNN-Model Logits-Based KD Spatial-
Activation KD

CIFAR10
ResNet34 ResNet19 92.85 94.55
ResNet19 ResNet19 93.04 94.40
PyrNet50 PyrNet50 93.51 93.60

CIFAR100
ResNet19 ResNet19 73.14 75.55
PyrNet110 PyrNet50 76.60 77.51
ResNet34 PyrNet50 76.29 77.64

5.2.5. Combination with Logits-Based Distillation

We empirically observe that SAD-SNN can be further combined with logits-based
distillation to yield complementary gains. In order to better learn hidden knowledge in
the teacher ANN, we introduce the temperature τ to make the logits distribution flatter.
The output logits of both teacher ANN and student SNN are processed as follows:

qt
i =

exp(yt
i /τ)

∑j exp(yt
j/τ)

; qs
i =

exp(ys
i /τ)

∑j exp(ys
j /τ)

(10)

where yt
i and ys

i denote the logits for class i from the teacher ANN and student SNN,
respectively.

Following [22], we adopt the Kullback–Leibler divergence between the output distri-
butions of the teacher and the student as the logits-based distillation loss.

Ldistill_logits = τ2 · KL(qt ∥ qs) = τ2 ∑
i

qt
i log

qt
i

qs
i

(11)

Thus, the overall loss with the multi-level distillation loss can be expressed as follows:

Lall = γtask ∗ Ltask + γSAD ∗ Ldistill_SAD + γlogits ∗ Ldistill_logits (12)

where γtask, γSAD, and γlogits are the hyperparameters controlling the weight of differ-
ent losses.

In this study, we set the temperature τ to 4. Hyperparameters γtask, γSAD, and γlogits

were set to 0.5, 500, 0.5, respectively. Experimental results were shown in Table 5. It is
obviously that multi-level distillation (Multi-levels KD) consistently outperforms SAD-
SNN across all datasets. These results suggest that spatial-activation alignment captures
complementary information to output-level supervision; the former enforces intermediate
representation similarity, while the latter preserves semantic probability distributions.
Notably, these improvements are consistent across both homogeneous and heterogeneous
teacher settings.
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Table 5. Comparison between SAD-SNN and multi-level knowledge distillation (Multi-levels KD) on
three datasets.

ANN-Model SNN-Model SAD-SNN Multi-Levels
KD

CIFAR10 ResNet34 ResNet19 94.55 94.66
PyrNet110 PyrNet50 93.34 94.92

CIFAR100 WRN28 PyrNet50 76.55 77.44
ResNet34 ResNet19 75.55 77.52

Tiny ImageNet PyrNet110 ResNet19 55.35 61.14

5.3. Detection
5.3.1. Implementation Details for Detection

Datasets. To evaluate the proposed method on electromagnetic signal detection, we
construct a synthetic frequency-hopping signal dataset, denoted as RanFH. The generation
pipeline consists of three stages: single-signal synthesis, time-frequency transformation,
and annotation generation, all detailed in the Appendix A.

For the time-frequency transformation, signals are generated under SNR conditions
ranging from −12 dB to 20 dB with a 2 dB step. Signals under each SNR are concate-
nated and transformed via STFT (window: 512, step: 256), extracting one image every
512 windows to yield 512 × 512 spectrograms. This process produces 4220 training images
and 1028 validation images, subsequently resized to 640 × 640 × 3 with labels scaled accord-
ingly. The detailed sample distribution across SNR levels is provided in Table A2. Figure 5
presents representative samples under three SNR conditions.

(a) SNR = −12 dB (b) SNR = 0 dB (c) SNR = 20 dB

Figure 5. Example of RanFH data samples under different SNR conditions.

Backbone Architectures. In this study, we employed YOLOv5 Medium and YOLOv8
Medium [47] as the teacher ANNs to evaluate the transfer performance of SAD-SNN on
the signal detection task, with SpikeYOLO [27] (24.44M parameters) serving as the student
SNN. Detection performance is evaluated using precision , recall, and mAP@50:95 on the
validation set. The detailed architectures of YOLOv5 Medium and YOLOv8 Medium are
provided in Appendix B.4.

All experiments are conducted on a single NVIDIA A100 GPU with 80 GB memory
under identical software and hardware conditions (same CUDA version, GPU, and a fixed
random seed) to ensure fair comparison. For teacher ANNs, the number of epochs was set
to 100, and the batch size was set to 8. We adopted the Adam optimizer with a single-cycle
cosine annealing learning rate scheduler. The initial learning rate was 0.01 and decayed to
0.0001 over 100 epochs. During SNN training, the number of epochs was also set to 100,
while the batch size was set to 16. The hyperparameter α in our proposed method was
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set to 1000 for all datasets. The time step was set to either 1 or 2. We employed the SGD
optimizer with a single-cycle cosine annealing learning rate scheduler, where the learning
rate was initialized at 0.01 and decayed to 0.0001 over 100 epochs.

5.3.2. Main Results

For feature alignment, we map three feature layers of the teacher ANN to the corre-
sponding layers of the student SNN. Specifically, for YOLOv8 Medium and SpikeYOLO, we
align L6, L9, L15 from the teacher with L6, L9, L19 from the student; for YOLOv5 Medium
and SpikeYOLO, we align L6, L9, L17 with L6, L9, L19. Among these, the first two aligned
layer pairs correspond to features from the backbone, while the last pair corresponds to
features from the head.

As shown in Table 6, transferring knowledge from the YOLOv8 Medium to the SpikeY-
OLO with two time steps, SAD-SNN achieves a mAP@50:95 of 92.67%, outperforming
the directly trained SNN baseline. A similar trend is observed when using the YOLOv5
Medium, where SAD-SNN achieves 92.48% mAP@50:95, with a 1.68% improvement over
the baseline. Notably, even with only one time step, our method consistently outper-
forms the baseline, achieving improvements of 0.38% and 0.24% for YOLOv8 Medium and
YOLOv5 Medium, respectively. These results demonstrate that our SAD-SNN not only
performs well on classification tasks but also exhibits strong generalization and effective-
ness for electromagnetic signal detection, demonstrating that SAD-SNN is a general and
effective solution for training high-performance SNNs with only two time steps.

Table 6. Detection performance, inference time, and theoretical energy consumption of SpikeYOLO
with different training methods on the RanFH. T × D means that we set up T time steps, and each
time step is expanded D times.

ANN Model SNN Model Training Methods E T × D Precision Recall mAP@50:95 Inference Time
(mJ) (%) (%) (%) (ms/Sample)

YOLOv8 SpikeYOLO
STBP [7] 26.38 1 × 4 95.70 98.12 89.82 7.91

49.71 2 × 4 96.16 97.59 90.80 15.52

SAD-SNN 32.76 1 × 4 96.21 97.22 90.20 8.07
57.39 2 × 4 96.37 97.05 92.67 16.09

YOLOv5 SpikeYOLO
STBP [7] 26.38 1 × 4 95.70 98.12 89.82 7.91

49.71 2 × 4 96.16 97.59 90.80 15.52

SAD-SNN 30.96 1 × 4 96.16 98.91 90.06 7.84
56.27 2 × 4 96.24 97.58 92.48 16.11

5.3.3. Inference Time and Theoretical Energy Analysis

We evaluate the inference time of SpikeYOLO models trained with different methods
on a single NVIDIA A100 GPU with a batch size of 16, using 10 warm-up iterations followed
by 50 test iterations. Following the setup in [27], the SOPs for SpikeYOLO with I-LIF neuron
are calculated as

SOPs(l) = rinput(l)× T × D × FLOPs(l) (13)

where rinput(l) is the input spike firing rate, T is the time step, D is the I-LIF maximum
integer value. The corresponding theoretical energy consumption is then obtained by
applying the SOPs to (8).

We evaluated the inference time of SpikeYOLO models trained with different methods.
The results are summarized in Table 6. It is observed that the inference time scales approx-
imately linearly with the number of time steps. With a single time step, models trained
with SAD-SNN achieve 7.84 ms/sample with YOLOv5 Medium and 8.07 ms/sample with
YOLOv8 Medium. With two time steps, the inference time increases to 16.11 ms/sample
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and 16.09 ms/sample, respectively, approximately doubling that of the single-time step
setting. Notably, the inference time of SAD-SNN-trained models is only marginally higher
than that of the baseline, as our training strategy affects only the network weights and
introduces no architectural modifications.

Table 6 also reports the theoretical energy consumption of SpikeYOLO models trained
with different methods. It is observed that SAD-SNN-trained models consume 30.96 mJ
with a single time step and 57.39 mJ with two time steps, compared to 26.38 mJ for the STBP
baseline. The higher spike firing rate of SAD-SNN-trained models corresponds to increased
theoretical energy consumption due to additional accumulate (AC) operations, while this is
accompanied by consistent accuracy improvements. Notably, these are theoretical estimates
based on the energy model under a 45nm hardware architecture, where MAC and AC
operations consume 4.6 pJ and 0.9 pJ, respectively [48].

5.3.4. Performance Under Varying SNR Conditions

To evaluate the robustness of our method in practical scenarios, we analyzed detection
performance across signal-to-noise ratio (SNR) levels ranging from −12 dB to 20 dB using
radar plots, as shown in Figure 6. SAD-SNN consistently outperforms the STBP baseline
across most SNR levels. The improvements are most evident under low-SNR conditions,
where the performance gap between SAD-SNN and the baseline is largest. This indicates
that the distilled knowledge helps the student SNN better recognize signal patterns even
under heavy noise. As SNR increases, the gap narrows, as expected since the task becomes
easier under cleaner conditions.

(a) YOLOv5→ SpikeYOLO (T = 1) (b) YOLOv8→ SpikeYOLO (T = 1)

(c) YOLOv5→ SpikeYOLO (T = 2) (d) YOLOv8→ SpikeYOLO (T = 2)

Figure 6. mAP50:95 of SpikeYOLO for each SNR in RanFH.
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5.3.5. Performance Comparison of Distillation Layers

To investigate the impact of different feature layer selections on distillation perfor-
mance, we compare three alignment strategies: shallow-layer alignment (L2, L6, L9),
shallow-deep-layer alignment (L6, L9, L17 for YOLOv5 Medium or L6, L9, L15 for YOLOv8
Medium with L6, L9, L19 of SpikeYOLO), and deep-layer alignment (L17, L20, L23 for
YOLOv5 Medium or L15, L18, L21 for YOLOv8 Medium with L19, L22, L25 of SpikeYOLO).

As shown in Table 7, shallow-deep-layer alignment achieves superior results: 92.48%
for YOLOv5 Medium and 92.67% for YOLOv8 Medium under the same 2 × 4 setting.
It is obvious that aligning intermediate feature layers—specifically, the last two back-
bone layers and the first head layer of the student with the corresponding layers of the
teacher—provides the most effective knowledge transfer. Shallow layers lack sufficient
semantic information, while overly deep layers suffer from task-specific specialization that
may compromise generalizability.

Table 7. mAP@50.95 (%) of SAD-SNN for electromagnetic signal detection with different distillation
layers. The best results are shown in boldface.
.

ANN Layers SNN Layers
YOLOv5 → SpikeYOLO YOLOv8 → SpikeYOLO

T × D (1 × 4) T × D (2 × 4) T × D (1 × 4) T × D (2 × 4)

L2, L6, L9 L2, L6, L9 90.08 92.27 90.10 92.26
L6, L9, L17 L6, L9, L19 90.06 92.48 - -
L6, L9, L15 L6, L9, L19 - - 90.20 92.67
L17, L20, L23 L19, L22, L25 90.01 91.89 - -
L15, L18, L21 L19, L22, L25 - - 89.96 91.37

6. Conclusions
In this work, we proposed a novel teacher–student learning approach named SAD-

SNN to guide SNN training with comprehensive supervisory information from ANNs.
SAD-SNN is a feature-based knowledge distillation method that preserves and transfers the
spatial knowledge learned by ANNs to SNNs. Specifically, we introduce a spatial-activation
loss with a normalization operation to align the representation vectors of ANN and SNN,
alleviating the unexpected precision loss. To demonstrate the effectiveness of SAD-SNN,
we selected ResNet19 and PyrNet50 as student SNNs for image classification, and SpikeY-
OLO as the student for electromagnetic signal detection. We compared SAD-SNN with
existing SNN training methods on three image classification benchmarks and a signal
detection dataset. Experimental results show that, regardless of whether homogeneous or
heterogeneous teacher ANNs are used, the proposed SAD-SNN consistently outperforms
other SNN training approaches using only two time steps across both tasks.

There are several promising directions for future research that are worth exploring.
First, we see potential in applying SAD-SNN to enhance the performance of larger models,
such as Spikeformer. This extension may promote the development of more complex
and capable SNNs, pushing the boundaries of their applications. Second, we also have
an interest in exploring methods to improve the performance of SNNs on neuromorphic
datasets, such as DVS128 Gesture [49]. Furthermore, we intend to assess the reliability
of SAD-SNN in more challenging, non-ideal environments, particularly focusing on its
robustness to noise and interference in practical communication scenarios.
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Appendix A. More Details About RanFH
Appendix A.1. Single-Signal Generation

Each individual frequency-hopping signal is synthesized following a five-step pro-
cedure: (i) generation of random symbol sequences based on pseudo-random numbers;
(ii) baseband modulation of the generated symbol sequences; (iii) application of a Hamming
window to the modulated signals; (iv) frequency hopping implemented according to the
same selection mechanism as the Link16 tactical data link; (v) injection of additive white
Gaussian noise. The corresponding simulation parameters are summarized in Table A1.

Table A1. Simulation parameters of the RanFH dataset.

Parameter Value

Sampling rate fs (Hz) 500 × 106

Start frequency f0 (Hz) U (90 × 106, 180 × 106)
Symbol rate v (Hz) fs/U (200, 480)
Hop rate (Hz) v/U (24, 48)
Hop duration (s) U (2000, 4000)/ fs
Modulation type MSK, BPSK, QPSK
Hopping sequences per signal U (8, 12)
Min hop spacing (Hz) U (2 × 106, 4 × 106)
Hops per signal U (12, 24)

Appendix A.2. Annotation Generation

Bounding box labels are produced concurrently with signal synthesis, recording for
each hop the starting index, hopping frequency, and bandwidth, which is set to 1.2 times the
symbol rate. These raw annotations are synchronously updated through the concatenation,
STFT, and reshaping stages, with coordinates transformed accordingly. All annotations are
finally exported in YOLO format for each image.
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Appendix A.3. Dataset Statistics

The detailed distribution of training and validation samples across the 17 SNR levels
is summarized in Table A2. In total, the dataset comprises 4220 training images and
1028 validation images, with sample counts per SNR level ranging from 239 to 258 for
training and 53 to 68 for validation.

Table A2. Distribution of training and validation samples across SNR levels in RanFH.

SNR (dB) Train Val SNR (dB) Train Val

−12 246 63 4 250 62
−10 256 64 6 250 57
−8 242 65 8 243 64
−6 241 54 10 258 58
−4 256 53 12 239 60
−2 252 62 14 240 68
0 254 59 16 248 61
2 252 55 18 241 63

20 252 60

Appendix B. Architecture Details
In our experiments, we employed six teacher ANN architectures for all datasets.

For each classification dataset, the output dimension of the final fully connected layer was
set to the corresponding number of classes: 10 for CIFAR10, 100 for CIFAR100, and 200 for
Tiny ImageNet. For the electromagnetic signal detection task, we adopted YOLOv5n and
YOLOv8s as teacher ANNs, with SNN-YOLOv8 as the student. The specific architectures
for both tasks are detailed in the following subsections.

Appendix B.1. ResNet Architectures

The architectural specifications for ResNet-19 and ResNet-34 are detailed in Table A3.
Our implementation follows the standard ResNet [36] with the addition of a final linear
layer as specified in ResNet-19 [17].

Table A3. Structure of ResNet-19 and ResNet-34.

Layer
Output Size

ResNet-19 ResNet-34
CIFAR Tiny ImageNet

conv1 16 × 16 112 × 112 3 × 3, 64, stride 2 3 × 3, 64, stride 2

conv2_x 16 × 16 56 × 56

[
3 × 3, 64
3 × 3, 64

]
× 2

[
3 × 3, 64
3 × 3, 64

]
× 3

(4 layers) (6 layers)

conv3_x 8 × 8 28 × 28

[
3 × 3, 128
3 × 3, 128

]
× 2

[
3 × 3, 128
3 × 3, 128

]
× 4

(4 layers) (8 layers)

conv4_x 4 × 4 14 × 14

[
3 × 3, 256
3 × 3, 256

]
× 2

[
3 × 3, 256
3 × 3, 256

]
× 6

(4 layers) (12 layers)

conv5_x 2 × 2 7 × 7

[
3 × 3, 512
3 × 3, 512

]
× 2

[
3 × 3, 512
3 × 3, 512

]
× 3

(4 layers) (6 layers)

Global Avg Pool 1 × 1 AdaptiveAvgPool (1 × 1)
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Appendix B.2. PyramidNet Architectures

We adopt PyramidNet with a widening factor αw = 270. The network depth is
controlled by a parameter N (either 50 or 110), where each of the three stages contains
Ni = (N − 2)/3 layers (i.e., 16 layers for PyramidNet-50 and 36 layers for PyramidNet-
110). Note that PyramidNet maintains spatial resolution in the first stage (stride = 1)
and performs downsampling at the beginning of subsequent stages. Table A4 presents
the architectural configuration. The network utilizes additive pyramid-shaped feature
dimension expansion controlled by the widening factor αw.

Table A4. Structure of PyramidNet-50 and PyramidNet-110.

Layer CIFAR Tiny ImageNet PyramidNet-50 PyramidNet-110

conv1 32 × 32 64 × 64 3 × 3, 16, stride 1 3 × 3, 16, stride 1

conv2_x 32 × 32 64 × 64

[
3 × 3, 16 + αw(k−1)

N
3 × 3, 16 + αw(k−1)

N

]
× 8

[
3 × 3, 16 + αw(k−1)

N
3 × 3, 16 + αw(k−1)

N

]
× 18

(16 layers) (36 layers)

conv3_x 16 × 16 32 × 32

[
3 × 3, 16 + αw(k−1)

N
3 × 3, 16 + αw(k−1)

N

]
× 8

[
3 × 3, 16 + αw(k−1)

N
3 × 3, 16 + αw(k−1)

N

]
× 18

(16 layers) (36 layers)

conv4_x 8 × 8 16 × 16

[
3 × 3, 16 + αw(k−1)

N
3 × 3, 16 + αw(k−1)

N

]
× 8

[
3 × 3, 16 + αw(k−1)

N
3 × 3, 16 + αw(k−1)

N

]
× 18

(16 layers) (36 layers)

Global Avg
Pool 1 × 1 AdaptiveAvgPool (1 × 1)

The factor k denotes the block index, N is the total number of blocks, and αw is the widening factor.

The widening factor is set to αw = 270, and N denotes the total network depth (N = 50
for PyramidNet-50, N = 110 for PyramidNet-110). The layer distribution parameters
Ni (where i ∈ {2, 3, 4}) are uniformly set to (N − 2)/3 across all stages. The variable
k ∈ [1, N + 1] represents the current layer index, with channel dimensions increasing
linearly from 16 to 16 + αw throughout the network.

Appendix B.3. WideResNet Architecture

The WideResNet architecture is characterized by a width multiplier k that expands the
channel dimensions across all layers, as detailed in Table A5. For WideResNet-28, we set
N2 = N3 = N4 = n = 4, resulting in a total of 6n + 4 = 28 layers (including convolutional
and fully-connected layers).

Table A5. Structure of WideResNet-28.

Layer Output Size WideResNet-28 Layers

conv1 32 × 32 3 × 3, 16 1

block1 (conv2_x) 32 × 32
[

3 × 3, 16k
3 × 3, 16k

]
× 4 8

block2 (conv3_x) 16 × 16
[

3 × 3, 32k
3 × 3, 32k

]
× 4 8

block3 (conv4_x) 8 × 8
[

3 × 3, 64k
3 × 3, 64k

]
× 4 8

Global Avg Pool 1 × 1 AdaptiveAvgPool (1 × 1) 0
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Appendix B.4. YOLO Architectures

For the electromagnetic signal detection task, we employed YOLOv5 Medium and
YOLOv8 Medium as teacher ANNs. Both models follow the standard Ultralytics YOLO
design [47], consisting of a backbone for feature extraction and a detection head with three
output scales (P3/8, P4/16, P5/32) to handle objects of varying sizes. The key difference lies
in their building blocks: YOLOv5 Medium utilizes C3 modules, whereas YOLOv8 Medium
adopts the more efficient C2f modules, which offer better gradient flow. Additionally,
YOLOv8 Medium adopts an anchor-free design with a decoupled detection head, which
separates the classification and regression branches to improve detection accuracy. The
structural details are summarized in Table A6.

Table A6. Architectural comparison of YOLOv5 Medium and YOLOv8 Medium.

Component Module YOLOv5 Medium YOLOv8 Medium

Backbone

Stem Conv(64, 6, 2, 2) + Conv(128, 3, 2) Conv(64, 3, 2) + Conv(128, 3, 2)

Stage 1 C3(128) × 3 C2f(128, True) × 3

Stage 2 Conv(256, 3, 2) + C3(256) × 6 Conv(256, 3, 2) + C2f(256, True) × 6

Backbone
Stage 3 Conv(512, 3, 2) + C3(512) × 9 Conv(512, 3, 2) + C2f(512, True) × 6

Stage 4 Conv(1024, 3, 2) + C3(1024) × 3 + SPPF(1024, 5) Conv(1024, 3, 2) + C2f(1024, True) × 3 +
SPPF(1024, 5)

Head

Top-down Conv(512, 1, 1) → Upsample → Concat(P4) →
C3(512, False) × 3 Upsample → Concat(P4) → C2f(512) × 3

P3 branch Conv(256, 1, 1) → Upsample → Concat(P3) →
C3(256, False) × 3 Upsample → Concat(P3) → C2f(256) × 3

P4 branch Conv(256, 3, 2) → Concat(P4) →
C3(512, False) × 3 Conv(256, 3, 2) → Concat(P4) → C2f(512) × 3

P5 branch Conv(512, 3, 2) → Concat(P5) →
C3(1024, False) × 3 Conv(512, 3, 2) → Concat(P5) → C2f(1024) × 3

Detection Detect(P3, P4, P5) [nc = 1] Detect(P3, P4, P5) [nc = 1]

Output Feature Maps P3/8 (80 × 80), P4/16 (40 × 40), P5/32 (20 × 20)

Conv parameters are denoted as (channels, kernel size, stride, padding) where applicable. C3 and C2f are
bottleneck modules from YOLOv5 and YOLOv8 respectively. SPPF denotes Spatial Pyramid Pooling Fast. P3, P4,
P5 represent detection feature maps at 1/8, 1/16, and 1/32 scales.
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