The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

Towards Accurate Binary Spiking Neural Networks: Learning with Adaptive
Gradient Modulation Mechanism

Yu Liang', Wenjie Wei', Ammar Belatreche’,
Honglin Cao', Zijian Zhou', Shuai Wang', Malu Zhang'*, Yang Yang'

!'University of Electronic Science and Technology of China
?Northumbria University

Abstract

Binary Spiking Neural Networks (BSNNs) inherit the event-
driven paradigm of SNNs, while also adopting the reduced
storage burden of binarization techniques. These distinct ad-
vantages grant BSNNs lightweight and energy-efficient char-
acteristics, rendering them ideal for deployment on resource-
constrained edge devices. However, due to the binary synap-
tic weights and non-differentiable spike function, effectively
training BSNNs remains an open question. In this paper,
we conduct an in-depth analysis of the challenge for BSNN
learning, namely the frequent weight sign flipping problem.
To mitigate this issue, we propose an Adaptive Gradient Mod-
ulation Mechanism (AGMM), which is designed to reduce
the frequency of weight sign flipping by adaptively adjust-
ing the gradients during the learning process. The proposed
AGMM can enable BSNNs to achieve faster convergence
speed and higher accuracy, effectively narrowing the gap be-
tween BSNNSs and their full-precision equivalents. We vali-
date AGMM on both static and neuromorphic datasets, and
results indicate that it achieves state-of-the-art results among
BSNNs. This work substantially reduces storage demands
and enhances SNNs’ inherent energy efficiency, making them
highly feasible for resource-constrained environments.

Introduction

Deep Neural Networks (DNNs) have achieved significant
breakthroughs in various fields, such as computer vision (He
et al. 2016; Liu et al. 2024b), natural language process-
ing (Vaswani et al. 2017; Achiam et al. 2023), and speech
processing (Wu et al. 2018a; Pan et al. 2021). How-
ever, these successes rely on complex model architec-
tures and large model parameters, making their deployment
on resource-limited devices highly challenging (Qin et al.
2024). In contrast, brain-inspired spiking neural networks
(SNNs) emulate the spike generation mechanism of bio-
logical neurons, utilizing sparse binary spikes as the ba-
sic unit for information transmission (Ghosh-Dastidar and
Adeli 2009). Due to their sparse and spike-driven compu-
tational paradigm, SNNs have been regarded as the energy-
efficient alternative to traditional DNNs (Davies et al. 2018).
Nonetheless, despite their energy efficiency, SNNs often
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struggle to achieve satisfactory performance when dealing
with complex tasks (Guo, Huang, and Ma 2023).

To ensure the competitive performance of SNNs on com-
plex tasks, the SNN community is committed to devel-
oping effective training strategies and large-scale architec-
tures (Wu et al. 2021; Yao et al. 2024; Guo et al. 2022b), of-
ten neglecting the inherent energy efficiency trait of SNNs.
This negligence increases the difficulty of deploying SNNs
on resource-constrained edge computing environments (Liu
et al. 2023; Guo et al. 2022a). Therefore, a deeper un-
derstanding of the energy efficiency advantage of SNNs is
crucial to enable their widespread deployment, especially
in resource-limited scenarios (Wei et al. 2024b). In recent
years, some studies have conducted preliminary exploration
on compressing SNNs, including techniques such as prun-
ing (Li et al. 2024; Shi et al. 2023), neural architecture
search (Liu et al. 2024a; Yan et al. 2024), and quantiza-
tion (Hu, Zheng, and Pan 2024).

Among these compression techniques, quantization is
a promising solution, which reduces computational and
storage demands by representing weights with low bit
width (Gong et al. 2014; Li, Dong, and Wang 2019). The
most extreme method within this domain is binarization,
which compresses networks by reducing the parameter bit
width to a mere 1-bit (Rastegari et al. 2016; Qin et al.
2022; Gholami et al. 2022). Incorporating this binariza-
tion into SNNs allows computationally intensive convolu-
tional operations to be replaced with efficient bitwise oper-
ations. This transformation significantly reduces both com-
putation and storage requirements, making networks more
hardware-friendly and energy-efficient. However, despite
the significant advantages in binarizing SNNs, these ap-
proaches struggle to scale to complex tasks when compared
to full-precision SNNs (FP-SNNs) (Yin et al. 2024). There
is no extensive research on the underlying reason behind this
critical challenge.

In this paper, we reveal that due to the two possible val-
ues of their weights (-1 and +1), binary SNNs (BSNNs)
face a more severe challenge of weight sign flipping during
the learning process. This issue causes the performance of
BSNNS to lag behind that of FP-SNNs equivalents, limiting
their application in complex scenarios. To address this is-
sue, we propose an adaptive gradient modulation mechanism
(AGMM) to adaptively regulate the gradient magnitude dur-



ing the learning process. By integrating AGMM, BSNNs can
mitigate the frequent weight sign flipping problem, leading
to faster convergence and higher accuracy. We summarize
the main contributions of this paper as follows:

* We provide a comprehensive analysis of the difficulty in
BSNNSs learning, i.e., the frequent weight sign flipping
problem. Furthermore, we reveal that the frequency of
flipping is proportional to the mean and variance of gra-
dients via rigorous reasoning.

* We propose an Adaptive Gradient Modulation Mecha-
nism (AGMM), aiming to adjust the gradient magnitude
in the learning process to solve the frequent weight sign
flipping problem. This mechanism effectively narrows
the gap between BSNNs and their FP-SNN equivalents.

» Extensive experiments conducted on both static and neu-
romorphic datasets demonstrate that our method achieves
state-of-the-art performance when compared with other
existing BSNNs approaches. Moreover, we thoroughly
validate the effectiveness and efficiency of the AGMM.

Related Work
Spiking Neural Network

Brain-inspired SNNs have emerged as a new computing
paradigm (Zhang et al. 2019; Tang et al. 2024). Unlike
traditional DNNs, SNNs perform computations using bi-
nary spikes over time, making them especially suitable for
energy-efficient computing applications (Wang et al. 2024b;
Wei et al. 2023). Given the non-differentiability of the
spike generation function, the SNN research community has
devoted considerable efforts to developing effective train-
ing algorithms. These approaches can be broadly classi-
fied into two categories: conversion-based methods and di-
rect learning algorithms. Conversion methods may not fully
exploit the temporal processing capabilities of SNNs and
often require multiple steps for accurate inference (Roy,
Chakraborty, and Roy 2019; Wang et al. 2020). In con-
trast, direct learning methods can achieve high accuracy
with low-latency inference (Wu et al. 2018b, 2019; Wang
et al. 2024a). Considering activation values in SNNs are
binary, further quantizing the weights to binary would al-
low computation-intensive convolution operations to be ex-
ecuted using simple bitwise operations. This would further
enhance the inherent efficiency advantages of SNNs.

Binary Neural Network

As an extreme form of network quantization, binary neural
networks (BNNs) constrain both weights and activations to
-1 and +1, substantially reducing memory storage and com-
putational overhead. However, BNNs experience substantial
performance degradation compared to their full-precision
counterparts. Subsequent research has focused on narrowing
this performance gap between BNNss and full-precision neu-
ral networks. Several approaches have been proposed to ad-
dress this issue. XNOR-Net (Rastegari et al. 2016) employs
a deterministic binarization scheme and minimizes quantiza-
tion error by incorporating scaling factors in each layer. Bi-
Real (Liu et al. 2018) explores piecewise polynomial func-
tions and network architectures for quantization. Previous
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work has also focused on constraining the distribution of
weights or activations in BNNs (Xu et al. 2021). Building
on these advancements in the binary domain, binarization
methods in SNNs remain a promising area for exploration.

Binarization techniques in SNNs

Several researchers have combined SNNs with binarization
techniques. For example, (Qiao et al. 2021) employ the
surrogate gradient (SG) method to train BSNNs directly.
(Jang, Skatchkovsky, and Simeone 2021) propose a novel
Bayesian-based algorithm for BSNNs, which shows sig-
nificant advantages in accuracy and calibration compared
to SG methods. (Kheradpisheh, Mirsadeghi, and Masque-
lier 2022) integrate binarization into temporal-coded SNNs,
where each neuron emits at most one spike, offering sub-
stantial energy benefits. Recently, (Wei et al. 2024a) take
inspiration from information theory and propose a weight-
spike dual regulation (WS-DR) method to enhance the in-
formation capacity of BSNNs, achieving significant perfor-
mance improvements. However, current BSNNs continue to
encounter challenges when scaling to complex datasets such
as ImageNet. Therefore, it is essential to investigate the chal-
lenges inherent in the BSNN training process and to bridge
the performance gap between BSNNs and FP-SNNGs.

Preliminary

Leaky Integrate-and-Fire model. Various spiking neu-
ron models have been proposed (Hodgkin and Huxley 1952;
Zhang et al. 2021). In this paper, we select the Leaky
Integrate-and-Fire (LIF) model due to its computational effi-
ciency. Typically, the Euler method is employed to discretize
the dynamic equations of LIF models (Wu et al. 2018b), re-
sulting in the following iterative form:

U™[t) = 7U"[t = 1] + X"[t], (D)
where 7 is the constant leaky factor, U™[t] represents the
membrane potential of neurons in layer n at time ¢, and
X"[t] € RCHW) g their input current. X ™[t] integrates
inputs from all presynaptic neurons, described as:

X"[t] = BN (W"S" 1), )
where BN(+) denotes the batch normalization operation,
W™ is the weights of the n-th convolutional layer, and
S™~1[t] is the output spikes of neurons in layer n — 1 at
time ¢. When the membrane potential U™ [t] reaches the fir-
ing threshold V;;,, the neuron will generate a spike, defined

as:
mm—{

After spike emission, the hard reset function is invoked,
mathematically defined as:

U = UM - (1 - S"[t]) .

1, if U™[t] > Vin,
0, otherwise.

3)

“4)

Clearly, U™ [t] is reset to zero upon spike emission while re-
maining unchanged if no spike occurs.
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Figure 1: Weight sign flipping ratio and performance com-
parison between FP-SNN and vanilla BSNN. The darker
color represents the training accuracy, while the lighter color
indicates the test accuracy.

Weight binarization To achieve significant model com-
pression, BSNNs adopt the sign function to convert W™ in
Eq. 2 into binary representations. Typically, the scaling fac-
tor v is introduced to match the distribution of float-point
weights, thus minimizing the quantization error. Therefore,
the binarization on w € W" can be formulated as:

if w<0,
otherwise,

wp =7 - sign(w) = {;z

(&)
where wy, is a binary weight (w, € W), and y is computed
as the average of the absolute value of weights in each chan-
nel (Rastegari et al. 2016). To solve the non-differentiability
of sign(-), the straight-through estimator (STE) is employed
to approximate the gradient of binary weights (Bengio,

Léonard, and Courville 2013), i.e., BgigvvrtE')

Learning algorithm In order to train SNNs successfully,
we use the spatial-temporal backpropagation (STBP) algo-
rithm (Wu et al. 2018b), where the gradient of the loss func-
tion £ to weight W can be formulated as:

- ]_anlSl.

oL Z oL 9S™[t]
owy N - oS [t] OU™[t] ©
oL oU™[t + 1]\ oU™[t]
our[t+1] oU"[t] owp’
where ggi[[ﬂ] is the derivative of the non-differentiable

spike step function. Therefore, the surrogate gradient is em-
ployed to replace this gradient. In this paper, we use the
triangular-shaped function, which is mathematically defined
as:

aS™[t]
au[{]

where [ is a hyperparameter that controls the gradient range.

ax (076 - |Un[ﬂ - ‘/th|)7 (7)

Method

In this section, we first conduct an in-depth analysis of the
frequent weight sign flipping problem in BSNNs. Subse-
quently, we propose an AGMM method to adaptively ad-
just the gradient magnitude in the BSNN learning process,
thereby addressing the aforementioned issue.
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Figure 2: The loss landscape of FP-SNN and vanilla BSNN.

Problem analysis

Compared to FP-SNNs, BSNNs offer substantial advantages
in energy efficiency, making them highly suitable for de-
ployment on edge devices. However, scaling BSNNs to more
complex tasks or datasets is still a major challenge. This
is primarily attributed to the frequent weight sign flipping
problem in the learning process of BSNNs.

Specifically, FP-SNNs update the weight w in a contin-
uous space, allowing fine-grained adjustments. In contrast,
BSNNs update w in a discrete space, namely -1 and 1, es-
sentially flipping the sign. While an appropriate flipping
frequency can help achieve stable convergence and high-
performance networks, BSNNs suffer from more frequent
weight sign flipping compared to FP-SNNs. To measure this
difference, we adopt the metric proposed by (Helwegen et al.
2019) to calculate the weight sign flipping ratio during the
learning process. This metric is defined as:

_ 2y sum(sign(W) @ sign(W2,))
2 W ’

where W is the weight in layer n at epoch e, sum(+) is the

sum function, and |W'| is the number of entries in W".

We record the flipping ratio and performance of FP-
SNN and BSNN throughout the overall training process on
CIFAR-100 with the ResNet-19 and plot them in Fig. 1.
From Fig. 1(a), where the x-axis denotes the number of
epochs, we observe that BSNN consistently exhibits a higher
flipping ratio compared to FP-SNN throughout the training
process. Besides, we can also find that the flipping ratio is
gradually decreased as the BSNN converges. The perfor-
mance results for FP-SNN and BSNN are shown in Fig. 1(b),
revealing a significant accuracy gap between FP-SNN and
BSNN. To demonstrate the training difference between FP-
SNN and BSNN, we also analyze their loss lanscapes(Li
et al. 2018). According to Fig. 2, in contrast to FP-SNN, the
loss for BSNN increases sharply around the borders of the
loss landscape. This sharpness of the network’s loss land-
scape correlates well with its generalization error. This result
shows that FP-SNN outperforms BSNN in terms of general-
ization.

Given the frequent weight sign flipping issue occurring
during BSNNs training, it is obvious that balancing the fre-
quency of weight flipping is crucial for better convergence
and performance. Fortunately, the frequency of weight sign
flipping is positively correlated with the mean and variance
of gradients. Next, we conduct a rigorous analysis of this.
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Figure 3: (a) The network architecture of FP-SNNs, which is inherited from the work of Bi-Real Net (Liu et al. 2018). (b) The
proposed AGMM module in BSNNs, where each Bconv-BN module is followed by an AGMM module. (c) The backpropaga-

tion computation graph of the proposed AGMM.

Proposition 1. The frequency of weight sign flipping is
positively correlated with the mean and variance of gradi-
ents. Specifically, the larger the mean (1) or variance (02)
of gradients, the higher the frequency of weight sign flipping.

Proof 1. Consider a weight w for analysis. According to
gradient descent optimization, its update can be described
as:

&)

where e is the epoch, 7 is the learning rate, and V£ (w.)
is the gradient of the loss function to the weight w. Based
on Eq. 8, we define the weight sign flipping event A, as
sign(w,) # sign(wes1).

Assume w, > 0 (the case for w. < 0 is similar), then
the condition for A, to occur is w, — NV L(w,) < 0. Gener-
ally, gradients in neural networks follow a normal distribu-
tion (Glorot and Bengio 2010; He et al. 2015; Zhang et al.
2018), i.e., VL(we) ~ N(u,0?). Under this distribution,
the probability of event A, can be calculated as:

P(A.) = P(VL(w,) > %)

Wet1 = we — NV L(we),

We
—1_F(?7M70) (10)
Lo (t—p)?
=1- ———— ] dt
oV 2w [oo exp< 202 ’

where F'(-) is the cumulative distribution function of
V L(w,). From Eq. 10, it can be observed that P(A,) is pos-
itively correlated with p and 2. Therefore, in BSNNs, the
frequent weight sign flipping problem can be alleviated by
reducing u and o2 of the gradients in the backward process.

Adaptive Gradient Modulation Mechanism

Based on the above analysis, we propose an Adaptive Gra-
dient Modulation Mechanism (AGMM), which adaptively
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Figure 4: Diagram of AGMM. X [t] is computed by Bconv-
BN module, where T denotes the time step, C denotes the
channel, and H, W represents the spatial resolution.

reduces gradient magnitudes during the learning process, as
shown in Fig. 3. In the following, we analyze how AGMM
works from its forward and backward propagation.

Forward propagation In the forward propagation, the
proposed AGMM is performed on the spatial feature map
X™[t], which is calculated by the Bconv-BN module, as
shown in Fig. 4. For simplicity, we ignore the layer index
n in the following analysis. The AGMM is mathematically
defined as follows:

X'[t] = o(B(X[1))) - X,
C H W

B = 52 oSy xm Y

c=1 h=1w=1

where X'[t] denotes the output feature map calculated by
AGMM, o (-) is the sigmoid function, and «[t] is the train-
able temporal-wise factor. During the forward pass, AGMM
computes the time-scaled average E(X[t]) with the tempo-
ral factor a[t], and modulates the feature map via a sigmoid
function to generate the enhanced output X"'[¢].

AGMM preserves the network’s spike-driven character-



istics despite introducing negligible parameters. Further-
more, the sigmoid function of AGMM lowers the firing rate
of the network, which in turn lowers synaptic operations
(SOPs). The Experiments section offers comprehensive evi-
dence supporting these claims.

Backward propagation To better understand the effec-
tiveness of AGMM in training, we analyze the gradient
magnitude throughout the network and provide a thorough
explanation of AGMM’s backpropagation mechanism. In
AGMM-BSNN, the derivative of the loss function with re-
spect to the binary weight wy, is described as:

a»CAGMM B Z

Compared to that of vanilla BSNN, this derivative includes
an additional term 0X'[t]/0X[t]. In the following analysis,
we primarily focus on the additional term. By applying the
chain rule, this additional term can be expressed as follows:

OLacmm OX'[t] 0X[t]

12
oX'[] 0X[t] Ows (12)

OX'[t] _ 9(o(E(X]H]) - X[t]))

0Xt] 244 (13)
) oxl] . 0o(E(X]H)
— o) gy + X127

The first term in Eq. 13 is simplified to o(E(X|[t])), while
the second term can be expanded using the derivative of the
sigmoid function, i.e., o’(z) = o(z)(1 — o(z)). Therefore,
the derivative in the second term of Eq. 13 can be rewritten
as:

do(E(Xt])) _ OE(X]t])
where OE(X[t])/0X|[t] = % and o(E(X[t])(1 —

o(E(X[t])) € [0,0.25]. Therefore, the numerator of the
term in Eq. 14 is substantially smaller than the denomina-
tor. Building upon this, the second term of Eq. 13 can be
neglected. Consequently, it can be rewritten as a simplified

form:
0X'[t]

Building on the above analysis, the gradients of the bi-
nary weight wy, in a BSNN with AGMM can be expressed as
follows:

~o(E(

15)

V L acmm (wp) (16)

Z VLi(wp) - o(B(X

where the gradient distribution V£ (w;) at time ¢ follows a
normal distribution N (j1¢, 02), and VLagmm (ws) follows a
normal distribution N (u, 0#). As aresult, both the mean and
variance of the gradients at time ¢ are scaled by o (F(X[t])).
Given that 0 < o() < 1, this scaling reduces both the mean
and variance of the gradient. By combining with Proof 1, we
can derive:

1)),

PAGMM(AQ) < P(Ae) (17)
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Therefore, using the AGMM can effectively reduce the prob-
ability of frequent weight sign flipping. The sigmoid func-
tion o (-) reduces the original gradient values while the term
E(X|t]) determines the extent of gradient reduction based
on the time step. By combining these two characteristics in
backpropagation, AGMM can adaptively reduce the gradient
magnitude to mitigate the problem of frequent weight sign
flipping in BSNNGs.

Experiments
Implementation details

The experimental evaluation focuses on image classification
tasks across two categories of datasets: static and neuromor-
phic. The static datasets include CIFAR-10, CIFAR-100 and
ImageNet while the neuromorphic datasets comprise DVS-
Gesture and DVS-CIFAR10. These datasets are highly sig-
nificant in the fields of machine learning and neuromorphic
computing, serving as standard benchmarks for evaluating a
variety of methods. Following previous studies (Rastegari
et al. 2016), we maintain full-precision weights in the fi-
nal fully-connected layer and the first convolutional layer.
We evaluate our AGMM using ResNet-19 on CIFAR-10
and CIFAR-100 with 400 epochs, and ResNet-18 on Ima-
geNet with 300 epochs. For ResNet architecture, we use the
double skip connections (Liu et al. 2018). For neuromor-
phic datasets, we implement the structure of VGGSNN com-
monly used in SNNs (Deng et al. 2022). We employ SGD as
the optimizer, coupled with a cosine annealing schedule for
learning rate adjustment.

Comparison with related work

In this section, we evaluate the efficacy and efficiency of the
proposed AGMM by comparing its performance and model
size with existing quantized SNN approaches.

We demonstrate the efficacy of AGMM-BSNN by com-
paring it with other quantized methods. As shown in
Tab. 1, AGMM-BSNN consistently outperforms all quan-
tized methods across various datasets. On the CIFAR-10
dataset, AGMM-BSNN achieves 96.13% and 96.33% ac-
curacy with 2 and 4 timesteps respectively, outperform-
ing other existing approaches. This performance exceeds
the previous best result, Q-SNN (Wei et al. 2024a), by
0.59% under the same experimental settings. On CIFAR-
100, AGMM-BSNN also demonstrates superior perfor-
mance, achieving the accuracy of 80.25% and 80.70% with
2 and 4 timesteps. This surpasses the state-of-the-art (SOTA)
performance Q-SNN by 1.43% with the same timestep and
structure. For ImageNet, AGMM-BSNN outperforms the re-
ported best result Bit-SNN(Hu, Zheng, and Pan 2024), with
an accuracy of 64.67%. On neuromorphic datasets, AGMM-
BSNN matches the SOTA performance of Q-SNN on DVS-
Gesture and exceeds it on DVS-CIFARI10, obtaining 82.40%
accuracy on DVS-CIFARI10.

Our model achieves superior performance while main-
taining computational efficiency comparable to existing ap-
proaches. We analyze the AGMM-BSNN model size in
comparison to existing quantized SNN methods on CIFAR-
100, with the results illustrated in Fig. 5. AGMM-BSNN



Dataset Method Architecture Learning Timestep  Accuracy
(Wang et al. 2020) 6Conv3FC ANN2SNN 100 90.19%
(Yoo and Jeong 2023) VGG16 ANN2SNN 32 91.51%
(Deng et al. 2021) 7Conv3FC Direct train 8 89.01%
CIFAR-10 (Pei et al. 2023) 5Conv1FC Direct train 1 92.12%
(Wei et al. 2024a) ResNet-19 Direct train 2 95.54%
AGMM ResNet-19 Direct train 2 96.13%
4 96.33%
(Lu and Sengupta 2020) VGGI15 ANN2SNN 400 62.07%
(Wang et al. 2020) 6Conv2FC ANN2SNN 300 62.02%
CIFAR-100 (Yoo and Jeong 2023) VGG16 ANNZSNN 32 66.53%
(Deng et al. 2021) 7Conv3FC Direct train 8 55.95%
(Pei et al. 2023) 6Conv1FC Direct train 1 69.55%
(Wei et al. 2024a) ResNet-19 Direct train 2 78.82%
AGMM ResNet-19 Direct train 2 80.25%
4 80.70 %
ResNet-18 . . 54.34%
— (Yoo and Jeong 2023) ResNet.34 Direct train 4 60.10%
(Hu, Zheng, and Pan 2024) ResNet-18 Direct train 1 62.06%
AGMM ResNet-18 Direct train 4 64.67 %
(Pei et al. 2023) 5Conv1FC Direct train 20 94.63%
(Qiao et al. 2021) 2Conv2FC Direct train 150 97.57%
DVS-Gesture (Yoo and Jeong 2023) 15ConvlFC Direct train 16 97.57%
(Wei et al. 2024a) VGGSNN Direct train 16 97.92%
AGMM VGGSNN Direct train 16 97.92 %
(Qiao et al. 2021) 2Conv2FC Direct train 25 62.10%
(Pei et al. 2023) 5Conv1FC Direct train 10 68.98%
DVS-CIFARIO (Yoo and Jeong 2023) 16ConvlFC Direct train 16 74.70%
(Wei et al. 2024a) VGGSNN Direct train 10 81.60%
AGMM VGGSNN Direct train 10 82.40%
Table 1: Performance comparison on both static and neuromorphic datasets.
achieves 80.25% accuracy with only 2.46MB, outperform-
ing Q-SNN (Wei et al. 2024a) by 1.13% in accuracy with a
minimal increase in parameters. These experiments demon- 50 MW Peietal
strate that our method significantly enhances the accuracy of X 3 B Dengetal. (2021)
BSNN while maintaining BSNN’s efficiency. o B Luand Sengupta (2020)
. § Wang et al. (2020)
Ablation study § "] m : Yoo and Jeong (2023)
In this section, we conduct ablation experiments to prove :}3 65 4 @ Weietal (2024)
that t.he proposed AGMM mitigate the frequent weight sign 2 PO AGMM
flipping problem by regulating the gradient of BSNNs. And (,O
we evaluate AGMM-BSNN’s energy-efficient advantages
compared to vanilla BSNN and FP-SNN. All ablation ex- 554 [ |
periments are performed on the CIFAR-100 dataset with the

architecture of ResNet-19.

Efficacy of AGMM We first visualized the weight sign
flipping ratio and performance between AGMM-BSNN,
vanilla-BSNN, and FP-SNN to validate the efficacy of our
proposed AGMM. As shown in Fig. 6(a), where the x-
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Figure 5: Comparison of test accuracy and model size of
AGMM and other methods on CIFAR-100.
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Figure 7: The loss landscape of vanilla BSNN and AGMM-
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ization around the local minima.

axis denotes the number of epochs, the flipping ratio of
AGMM-BSNN is generally lower than that of the vanilla
BSNN during the training process. Furthermore, Fig. 6(b)
demonstrates that AGMM-BSNN significantly outperforms
the vanilla BSNN in terms of accuracy. Although AGMM-
BSNN’s training accuracy is lower than that of FP-SNN,
its test accuracy is comparable to FP-SNN, demonstrat-
ing the generalization capability of AGMM-BSNN. We
further inspect the 2D landscapes of AGMM-BSNN and
vanilla BSNN around their local minima to demonstrate why
AGMM-BSNN generalizes better than vanilla BSNN. As
shown in Fig. 7, AGMM-BSNN converges to a lower loss
compared to vanilla BSNN, with a flatter convergence re-
gion. Moreover, AGMM-BSNN exhibits lower loss in areas
distant from the convergence region. These observations in-
dicate that AGMM enhances BSNN’s convergence and im-
proves its generalization performance. Based on the afore-
mentioned results, it can be deduced that AGMM enhances
BSNN’s performance by decreasing weight sign flipping fre-
quency, hence improving convergence.

Efficiency of AGMM Although the proposed AGMM in-
troduces a small number of learnable parameters, it does
not compromise the efficiency of the BSNN. To demon-
strate this, we first compare the firing rates of AGMM-
BSNN and vanilla-BSNN. As shown in Fig. 8, since AGMM
compresses the input to the spiking neurons during the for-
ward pass via the sigmoid function, resulting in a lower fir-
ing rate for AGMM-BSNN. This phenomenon is evident in

0.45
0.40
0.351
. 0.30
£ 0251
;%ﬂo.zo—
F0.15
0.10
0.051
0.00

AGMM-BSNN
Vanilla BSNN

Figure 8: Firing rate in convolution layer of ResNet-19.

Size SOPs MACs Energy
MB) (G (&) (mJ)
AGMM-BSNN | 246 0.045 0.028  0.064

Vanilla BSNN | 231 0.056 0.027  0.066

FP-SNN 5046 0.750 0.027  0.330

Model

Table 2: Energy estimation.

the middle layers of the network. Additionally, we calcu-
late the SOPs and power consumption of AGMM, following
the methodology outlined in (Yao et al. 2024), as shown in
Tab. 2. While our method introduces additional parameters
compared to the vanilla BSNN, the reduced firing rate re-
sults in lower SOP and energy consumption for AGMM, as
compared to the vanilla BSNN.

Conclusion

In this paper, we provide a comprehensive analysis of the
weight sign flipping problem during the learning process
of BSNNs and introduce an adaptive gradient modulation
mechanism to address this challenge. Our theoretical anal-
ysis shows that the frequency of weight sign flipping is
positively correlated with the mean and variance of gradi-
ents during training. To mitigate this issue, AGMM adap-
tively modulates the gradient magnitude, thereby reducing
the mean and variance metrics in BSNNs. Extensive experi-
ments on both static and neuromorphic datasets demonstrate
that AGMM-BSNN consistently outperforms existing quan-
tized SNN methods. These results underscore the effective-
ness of the AGMM approach in enhancing the performance
of BSNNs while maintaining their inherent energy efficiency
advantages, making them more suitable for deployment in
resource-constrained environments. In our future work, we
will explore extending AGMM to complex large-scale SNN
architectures, such as large spiking language models, and in-
vestigating its applicability to more complex tasks.
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