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Abstract

Spiking Neural Networks (SNNs) are emerging as a
promising energy-efficient alternative to Artificial Neural
Networks (ANNs) due to their event-driven computation
paradigm. However, recent advances toward large-scale high-
performance SNNs inevitably lead to substantial memory and
computational overhead. While quantization offers a poten-
tial way, many quantization approaches fail to deliver verifi-
able efficiency gains on resource-constrained hardware plat-
forms. In this paper, we propose a lightweight and hardware-
friendly SNN, termed HardF-SNN. Specifically, we first build
a baseline model using shared-scale quantization and BN
folding to simulate integer-only inference, as this has not been
thoroughly discussed in prior SNN works. Then, through em-
pirical and theoretical analysis, we identify that the base-
line suffers from accuracy degradation and may cause train-
ing failure. To mitigate these issues, we propose proportional
shared-scale quantization for enhanced dynamic range and
integer-only BN using bit-shifting to stabilize training. Ex-
tensive experiments show that HardF-SNN achieves an op-
timal balance between performance and efficiency with ex-
cellent hardware compatibility. To demonstrate its effective-
ness on resource-limited platforms, HardF-SNN is deployed
on a dedicated FPGA-based hardware accelerator. Evaluation
results indicate that our implementation achieves significant
performance improvements over several existing hardware
accelerators.

Introduction
Spiking Neural Networks (SNNs) have emerged as a
promising approach for realizing energy-efficient computa-
tional intelligence due to their biological plausibility (Maass
1997; Yan et al. 2025; Liu et al. 2024), spike-driven commu-
nication (Zhang et al. 2025b,c), and low power consump-
tion (Sun et al. 2025; Liu et al. 2023). Unlike Artificial
Neural Networks (ANNs), spiking neurons transmit infor-
mation through sparse and binary spikes, thereby replacing
computationally intensive multiply and accumulate (MAC)
operations with low-cost accumulate (AC) operations. Ben-
efiting from their energy-efficient nature, SNNs have been
widely adopted in a variety of tasks, including image classi-
fication (Xue et al. 2024; Wang et al. 2024; Shi et al. 2024;

*Corresponding author: maluzhang@uestc.edu.cn
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Chen et al. 2023), object detection (Wang et al. 2025c,b;
Zhang et al. 2025a), and audio recognition (Shi et al. 2025;
Wang et al. 2025a). Despite their commendable perfor-
mance, these studies come at the cost of massive model pa-
rameters and high computational complexity, which hinder
their efficient deployment on resource-constrained edge de-
vices. A promising way to tackle this challenge is via model
compression.

Model quantization (Jacob et al. 2018; Krishnamoorthi
2018; Deng et al. 2021; Wei et al. 2025a; Cao et al. 2025),
as one of the most effective model compression techniques,
enables the conversion of model parameters from high-
precision floating-point to low-bit-width integer representa-
tions. It not only reduces memory footprint by storing pa-
rameters in low precision but also enhances computational
efficiency with low-precision arithmetic. Despite these ad-
vantages, existing SNN quantization methods continue to
encounter two critical challenges: (1) achieving an efficient
trade-off between efficiency and accuracy, and (2) deliver-
ing verifiable efficiency improvements on resource-limited
hardware devices.

Firstly, most existing SNN quantization methods focus
primarily on low-precision weight quantization and largely
overlook the substantial memory overhead associated with
membrane potentials (Pei et al. 2023; Wei et al. 2025b; Deng
et al. 2020b). Although prior lightweight studies have at-
tempted to quantize both weights and membrane potentials
simultaneously (Yin et al. 2024; Putra and Shafique 2021;
Hasssan et al. 2024), these methods often suffer from signif-
icant performance degradation or lack validation on large-
scale datasets. Therefore, there remains room for further per-
formance and efficiency optimizations.

Secondly, most quantization schemes for SNNs primar-
ily adopt simulated quantization, where some or even all
computations still depend on floating-point arithmetic. This
floating-point dependency not only undermines the bene-
fits of quantization but also imposes additional hardware
implementation costs for SNN deployment. In addition,
these SNN quantization methods are incompatible with neu-
romorphic hardware, such as Loihi (Davies et al. 2018),
TrueNorth (Akopyan et al. 2015), and Tianjic (Deng et al.
2020a), which are designed for integer-only processing.
Similarly, these models are not suitable for deployment on
FPGA-based SNN accelerators (Li et al. 2023; Aung et al.
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2023), as the inherent fabric of FPGAs only supports integer
computation. Although previous studies (Jacob et al. 2018;
Tan and Wu 2023; Guo, Wang, and Cui 2021; Yin et al.
2024) have proposed integer-only quantization pipelines that
fully exploit efficient integer arithmetic units, these meth-
ods commonly suffer from performance degradation and
exhibit limited applicability to SNN models. More seri-
ously, they have yet to achieve ultra-low precision (< 4-
bit) integer quantization. Thus, achieving efficient and high-
performance deployment of SNNs on resource-limited hard-
ware platforms remains challenging.

In this paper, we propose HardF-SNN for the effi-
cient deployment of high-performance SNNs in resource-
constrained scenarios. We first build a baseline model that
integrates shared-scale quantization and batch normalization
(BN) folding to enable SNNs to perform inference without
floating-point arithmetic. While the baseline facilitates effi-
cient deployment on hardware accelerators, it suffers from
performance degradation and even training failure. To ad-
dress these, we analyze the underlying causes and propose
effective solutions to enhance model performance while en-
suring hardware-friendly implementation. To demonstrate
its effectiveness on a resource-constrained platform, we de-
ploy HardF-SNN on a dedicated FPGA-based hardware ac-
celerator to validate its hardware performance. The main
contributions of this paper are outlined as follows:
• We first develop a hardware-friendly and lightweight

HardF-SNN baseline by integrating shared-scale quanti-
zation and BN folding to simulate integer-only inference
during training. This baseline effectively minimizes stor-
age and computational needs, making it well-suited for
hardware deployment, but it suffers from performance
limitations and training failure at ultra-low precision.

• We reveal that shared-scale quantization significantly
compresses the dynamic range of membrane potentials,
causing many distinct values to collapse into the same
quantization levels and thereby constraining the effective
dynamic range. To address this issue, we propose propor-
tional shared-scale quantization, which better preserves
the distribution of membrane potentials.

• We reveal that under ultra-low quantization, BN fold-
ing causes most BN-folded weights to collapse into the
same quantization bin, leading to ineffective gradient up-
dates and severely hindering model convergence. To en-
able integer-only inference, we propose integer-only BN
to ensure stable training of the model while supporting
efficient hardware deployment.

• We conduct comprehensive experiments on various
benchmark datasets to validate the effectiveness of
our proposed method. Extensive experimental results
demonstrate that HardF-SNN achieves maximized effi-
ciency while obtaining highly competitive performance,
and offers high compatibility with hardware accelerators.

• We design an FPGA-based SNN hardware accelerator
tailored for HardF-SNN. Hardware evaluation results in-
dicate that our implementation surpasses other state-of-
the-art accelerators, highlighting the potential of HardF-
SNN for deployment on resource-limited devices.

Hardware-Friendly SNN Baseline
In this section, we build a HardF-SNN baseline by integrat-
ing shared-scale quantization and BN folding techniques,
since it has not been thoroughly discussed in previous SNN
work. In the baseline, the forward pass simulates the quan-
tization process as implemented in actual inference engines.
Backpropagation proceeds in the standard manner with all
parameters maintained in floating-point format.

Neuron Model
SNNs are inspired by biological neural networks, achieving
energy efficiency by utilizing binary spikes for computation.
It is known that the Leaky Integrate-and-Fire (LIF) model
is the most commonly used neuron model in SNN applica-
tions (Wu et al. 2018a). The membrane potential of the LIF
model is expressed as:

Ũl[t] = Ul[t− 1] +WlSl−1[t], (1)

where Ũl[t] is the membrane potential of neurons in layer l
at timestep t, Wl is the weight matrix of layer l, and Sl−1

is the input spike from layer l − 1. When Ũ exceeds the
threshold θ, the LIF neuron will fire a spike; otherwise, it
remains silent. The spike generation function is defined as:

Sl[t] =

{
1, if Ũl[t] ≥ θ,

0, otherwise.
(2)

After spike emission, we use the hard reset mechanism to
update the membrane potential. The reset mechanism can
be described as:

Ul[t] = τŨl[t] · (1− Sl[t]), (3)

where τ is the time constant. This mechanism resets the
membrane potential to zero whenever a spike occurs.

Shared-Scale Quantization
Quantization methods are generally categorized into non-
uniform and uniform schemes. Non-uniform approaches
may better capture the distribution of parameters and
achieve superior performance, but they are typically chal-
lenging to deploy on hardware. In contrast, uniform quan-
tization is a linear mapping method with constant spacing
between quantization levels, thereby simplifying hardware
implementation. In this study, we adopt uniform quantiza-
tion (Zhu et al. 2017) for both weights and membrane poten-
tials to maximize efficiency. The uniform quantization for
parameters in layer l (i.e., weights or membrane potential,
Xl) can be formulated as follows:

Xl
int =

⌊
clip(

Xl

α
, −2b−1, 2b−1 − 1)

⌉
, X̂l = αXl

int.

(4)
Here, Xl

int denotes the quantized integer values of the
weights or membrane potentials in layer l, b specifies the
quantization bit precision, and α is a scaling factor used
to reduce quantization error and restore numerical preci-
sion, i.e., by mapping Xl

int to X̂l. Omitting the dequan-
tization can lead to substantial accuracy degradation at in-
ference (Krishnamoorthi 2018). Moreover, clip(·) is a clip-
ping operator, and ⌊·⌉ denotes the rounding operator. Due to

1938



the non-differentiability of these two operators, the straight-
through estimator (STE) (Bengio, Léonard, and Courville
2013) is adopted to approximate gradient propagation. Eq. 4
is applied to all weights and membrane potentials in the
baseline model, i.e., Ûl = αuU

l
int,Ŵ

l = αwWl
int.

To avoid floating-point operations during the dequanti-
zation process, we employ a shared scaling factor for both
weights and membrane potentials (Yin et al. 2024), i.e.,
αq = αu = αw. Thus, the membrane potential update
and spike generation mechanisms in the HardF-SNN base-
line can be formulated as follows:

Hl[t] = Ul
int[t− 1] +Wl

intS
l−1[t], (5)

Ũl[t] = αqH
l[t], (6)

Sl[t] =

{
1, if Hl[t] ≥ θ/αq

0, otherwise
. (7)

Here, Hl[t] denotes the integer membrane potential. While
shared-scale uniform quantization enables integer-only in-
ference, it significantly compresses the dynamic range of
membrane potentials due to the distinct distributions be-
tween weights and membrane potentials. This restricts
the model’s representational capacity and degrades perfor-
mance. In the next section, we address this issue by effec-
tively scaling the dynamic range of the membrane potential.

Batch Normalization Folding
BN is currently the most widely used normalization tech-
nique in SNNs and has been extensively applied in spiking
VGGNet (Wu et al. 2018b), spiking ResNet (Zheng et al.
2021; Fang et al. 2022), and spiking Transformer architec-
tures (Yao et al. 2023; Zhou et al. 2022). To accurately simu-
late quantization effects in the forward pass of training, SNN
models with BN should first perform BN folding (Ioffe and
Szegedy 2015), and then apply quantization to the folded
weights (Jacob et al. 2018). The BN-folded weight Wfold

can be reformulated as follows:

Wfold =
γW√

EMA(σ2) + ϵ
. (8)

Here, γ are floating-point linear affine factors, EMA(σ2)
denotes the exponential moving average estimates of the
variance of the convolution outputs across batches, and ϵ is
a small constant for numerical stability.

Subsequently, Eq. 4 is applied to the BN-folded weights
Wfold, yielding the dequantized BN-folded weights Ŵfold.
Although simulating BN folding ensures that BN is imple-
mented as in actual inference engines, it simultaneously di-
minishes its normalization effect during training. This leads
to performance degradation and may even render the model
untrainable. In the next section, we propose an integer-
only BN to enable stable model training while supporting
hardware-friendly implementation.

Methodology
In this section, we analyze and resolve the issues in shared-
scale quantization and BN folding that lead to performance

degradation and training failure. To improve model perfor-
mance, we propose a proportional shared-scale quantization
to better preserve the distinct dynamic ranges of weights and
membrane potential for improved representation. To enable
integer-only inference, we introduce integer-only BN to en-
sure stable model training and hardware efficiency.

Proportional Shared-Scale Quantization
Problem analysis Shared-scale quantization maximizes
both computational and storage efficiency. However, using
the same scaling factor for both membrane potentials and
weights significantly compresses their dynamic range, lim-
iting representational capacity. To intuitively demonstrate
the impact of the shared scaling factor, we analyze the
data distributions of membrane potentials and weights us-
ing representative examples. Figure 1(a) shows the full-
precision distributions of weights and membrane potentials
from the 3rd layer of ResNet19 on CIFAR100 and the 5th
layer of VGG16 on TinyImageNet. It is observed that the
weights exhibit a relatively narrow and centralized distri-
bution, whereas the membrane potentials exhibit a signifi-
cantly broader distribution with a pronounced long tail, in-
dicating a much larger dynamic range. Figure 1(b) shows the
distributions of weights and membrane potentials after 4-bit
shared-scale quantization. Due to the shared scaling factor,
the membrane potentials are compressed into the same dy-
namic range as the weights. This causes substantial clipping
of their long-tailed distribution, thereby significantly reduc-
ing the dynamic range of membrane potentials.
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Figure 1: (a) Distinct distributions of full-precision weights
and membrane potentials. (b) Distributions of weights and
membrane potentials after 4-bit shared-scale quantization.

Method To address the limited dynamic range, we pro-
pose an effective proportional shared-scale quantization for
HardF-SNN, which enables more efficient quantization for
both weights and membrane potentials. Specifically, we in-
troduce a scale coefficient η to ensure that the scaling fac-
tors used for quantizing weights and membrane potentials

1939



are proportionally related rather than simply set to be equal,
i.e., αu = ηαw. We provide two options for η: (1) rounding
the maximum absolute value: ⌊Max(|Ul|)⌉; (2) the learn-
able parameter in the form of a power of two Pow2. The im-
pact of these two options on performance will be explored in
the experimental section. Therefore, we formulate the mem-
brane potential update and spike generation process as:

Hl[t] = ηUl
int[t− 1] +Wl

intS
l−1[t], (9)

Ũl[t] = αwHl[t], (10)

Sl[t] =

{
1, if Hl[t] ≥ θ/αw

0, otherwise
. (11)

η is represented as either an integer or a power of two, both
of which are favorable for hardware implementation. Benefit
from the proportional shared scaling factor, the weights and
membrane potential can better preserve the distinct dynam-
ics ranges, thereby enhancing the performance of the HardF-
SNN baseline.

Integer-only Batch Normalization
Problem analysis Simulating BN folding allows BN to be
implemented consistently with practical inference engines,
but it introduces performance degradation and even renders
models untrainable at extremely low bit-widths. Figure 2
presents the accuracy under 8-bit, 4-bit, and 2-bit quan-
tization with and without BN folding on CIFAR100 with
ResNet19 and on TinyImageNet with VGG16. Compared to
models without BN folding, those with BN folding exhibit
lower accuracy at 8-bit and 4-bit precision, and become un-
trainable at 2-bit precision due to convergence failure.
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Figure 2: Accuracy on CIFAR100 with ResNet19 and on
TinyImageNet with VGG16 under quantization.

To analyze this phenomenon, we compare the distribu-
tions of the weights W and the BN-folded weights Wfold,
as illustrated in Figure 3(a). It can be observed that the
weights W exhibit a smoother and broader distribution,
while the BN-folded weights Wfold are highly concentrated
near zero, resulting in a sharper and more peaked distribu-
tion. Figure 3(b) shows the weight distributions after 2-bit
quantization. The quantized weights Ŵ retain a reasonable
distribution across multiple quantization bins, enabling more
effective utilization of the limited quantization levels. More-
over, BN remains capable of dynamically regulating the
distributions of convolutional outputs, providing the model
with greater flexibility to ensure effective convergence and
stable training. In contrast, the distribution of quantized BN-
folded weights Wfold becomes highly concentrated, with

the majority of weights collapsing into a single quantization
bin. This results in many gradient updates becoming ineffec-
tive, thereby severely hampering model convergence (Cour-
bariaux et al. 2016). In this case, BN loses its ability to reg-
ulate the output distribution.
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Figure 3: (a) Distribution of raw weights and BN-folded
weights before quantization. (b) Distribution of raw weights
and BN-folded weights after 2-bit quantization.

Method Based on the above analysis, quantized SNN
models without BN folding facilitate effective training.
However, this inevitably introduces hardware-unfriendly
floating-point arithmetic, thereby hindering deployment on
integer-only hardware platforms. To facilitate stable model
training while ensuring hardware-friendly implementation,
we propose an integer-only BN scheme. The detailed algo-
rithm is provided in Algorithm 1. For a given mini-batch of
convolutional outputs xb,c (where b is the number of samples
in the mini-batch and c is the channel index), the channel-
wise mini-batch mean µc and variance σ2

c are first calcu-
lated. Subsequently, the BN scaling factor is first divided
by the normalization term

√
σ2
c + ϵ, and then approximated

to the nearest power-of-two value using the Pow2STE op-
eration. This allows the multiplication to be replaced with
a low-cost bit-shifting operation. Meanwhile, the BN bias
term is adjusted by subtracting γc

µc√
σ2
c+ϵ

, and then converted

to an integer using the RoundSTE operation, thereby ensur-
ing hardware-friendly implementation. In the experimental
section, we will demonstrate in the experimental section that
the proposed integer-only BN ensures stable convergence of
HardF-SNN. Furthermore, it can be efficiently implemented
on resource-constrained hardware platforms.

Experiments
In this section, we first describe the experimental setup.
Then, we perform extensive ablation studies to validate the
effectiveness of proportional shared-scale quantization and
integer-only BN. Finally, we evaluate HardF-SNN by com-
paring it against the state-of-the-art methods.

Experimental Setup
We evaluate the proposed method on image classification
tasks, including static datasets such as CIFAR (Krizhevsky,
Hinton et al. 2009), TinyImageNet, and ImageNet-1k (Deng
et al. 2009), as well as the neuromorphic dataset DVS-
CIFAR10 (Li et al. 2017). For network architectures, we
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Algorithm 1: Integer-only batch normalization.

Input: Mini-batch convolutional outputs of xb,c, trainable
parameters of BN: γc, βc. RoundSTE(x) = round(x),
Pow2STE(x) = sign(x)2round(log2|x|).
Output: yb,c = I BN(xb,c).

µc =
1
b

∑b
i=1 xi,c ▷ mini-batch mean

σ2
c = 1

b

∑b
i=1(xi,c − µc)

2 ▷ mini-batch variance
γ̂c = Pow2STE( γc√

σ2
c+ϵ

) ▷ power-of-two γ

β̂c = RoundSTE(βc − γc
µc√
σ2
c+ϵ

) ▷ integer β

yb,c = γ̂c · xb,c + β̂c ▷ integer-only BN

adopt the classical VGGNet and Spiking ResNet (Zheng
et al. 2021). We conduct comprehensive experiments under
three different bit-width configurations: 2w-2u, 4w-4u, and
8w-8u, where ”2w-2u” denotes that HardF-SNN employs 2-
bit synaptic weights and 2-bit membrane potentials. All ex-
periments employ the AdamW optimizer (Kingma and Ba
2017) with an initial learning rate of 0.01, decayed using
a cosine annealing schedule (Loshchilov and Hutter 2017).
We conducted training on eight 24GB 3090 GPUs.

Ablation Study
To thoroughly validate the effectiveness of HardF-SNN, we
perform extensive ablation studies. For clearer experimental
descriptions, we define proportional shared-scale quantiza-
tion as PSSQ, and Integer-only BN as I-BN. All ablation
studies are conducted on the CIFAR-100 dataset using the
standard ResNet19 architecture.

Analysis of two options for η We compare the perfor-
mance of HardF-SNN under different settings of η to iden-
tify the optimal option as the default experimental configu-
ration, as depicted in Figure 4. Both approaches demonstrate
comparable performance. Compared to the integer multipli-
cation used in ⌊Max(|U|)⌉, Pow2 enables lower-cost shift
operations. Therefore, we adopt the power-of-two formula-
tion as the default setting in our experiments.
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Figure 4: Analysis of two options for η.

Effectiveness of HardF-SNN As shown in Table 1, we
conduct extensive ablation experiments to verify the effec-
tiveness of PSSQ and I-BN in HardF-SNN. First, we eval-
uate the effectiveness of PSSQ. Compared with the HardF-
SNN baseline, PSSQ achieves performance gains of 0.80%

Method Bit-Width Acc.(%) Compared to Incr.(%)
baseline

8w-8u

74.82 - -
w/PSSQ 75.62 baseline 0.80 ↑
w/I-BN 75.04 baseline 0.22 ↑
w/both 75.64 baseline 0.82 ↑
baseline

4w-4u

73.15 - -
w/PSSQ 74.93 baseline 1.78 ↑
w/I-BN 74.61 baseline 1.46 ↑
w/both 75.35 baseline 2.20 ↑
baseline

2w-2u

- - -
w/PSSQ - - -
w/I-BN 73.93 - -
w/both 74.22 I-BN 0.29 ↑

Table 1: Ablation study on the effectiveness of two proposed
methods.’w/’ denotes ’with’.

and 1.78% under the 8w-8u and 4w-4u settings, respec-
tively. Due to the impact of BN folding, neither PSSQ nor
the baseline can be trained successfully under the 2w-2u
configuration. Second, we evaluate the effectiveness of I-
BN. Compared to the baseline model, I-BN also yields a
slight performance improvement under both 8w-8u and 4w-
4u configurations. Notably, I-BN enables stable model train-
ing at the 2w-2u configuration and achieves 73.93% accu-
racy. By integrating both methods into the baseline, we ob-
serve performance improvements of 0.82% and 2.20% under
the 8w-8u and 4w-4u configurations, respectively. Addition-
ally, under the 2w-2u configuration, the performance reaches
74.22%, achieving a 0.29% improvement compared to the
I-BN method. These findings further highlight the critical
importance of these techniques in enabling effective train-
ing and maintaining high performance for HardF-SNN un-
der various quantization settings.
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Figure 5: (a) Distributions of weights and membrane poten-
tials after 4-bit shared-scale quantization using the PSSQ.
(b) Test accuracy curves across three runs with different ran-
dom seeds using I-BN.

Visualization analysis To demonstrate that the proposed
PSSQ and I-BN effectively address the aforementioned is-
sues, we visualize the membrane potential distributions be-
fore and after quantization, as well as test accuracy curves
of HardF-SNN. Figure 5(a) shows that the PSSQ method
results in a broader distribution of membrane potentials,
indicating an improved dynamic range. Furthermore, Fig-
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Datasets Methods Model Bits-Width Q-BN INT T Accuracy(%) Memory(MB)

CIFAR10

(Hasssan et al. 2024) ResNet19 2w-2u ✗ ✗ 2 92.89 68.28
(Yin et al. 2024) ResNet19 4w-4u ✓ ✓ 4 90.79 116.07

(Wei et al. 2025b) ResNet20
8w-32u ✗ ✗ 2 94.56 341.84
4w-32u ✗ ✗ 2 94.65 339.90
2w-32u ✗ ✗ 2 94.44 338.94

Proposed HardF-SNN ResNet19
8w-8u ✓ ✓ 4 95.47 209.11
4w-4u ✓ ✓ 4 95.53 110.80
2w-2u ✓ ✓ 4 94.49 68.28

CIFAR100

(Yoo and Jeong 2023) VGG16 2w-32u ✗ ✗ 32 66.53 139.52
(Hasssan et al. 2024) ResNet19 4w-2u ✗ ✗ 2 71.87 71.3

(Wei et al. 2025b) ResNet20
8w-32u ✗ ✗ 2 74.78 365.06
4w-32u ✗ ✗ 2 74.73 363.13
2w-32u ✗ ✗ 2 73.89 362.16

Proposed HardF-SNN ResNet19
8w-8u ✓ ✓ 4 75.64 210.43
4w-4u ✓ ✓ 4 75.35 114.82
2w-2u ✓ ✓ 4 74.22 68.29

Tiny-ImageNet

(Yin et al. 2024) VGG16 8w-8u ✓ ✓ 4 50.18 166.45
4w-4u ✓ ✓ 4 49.36 91.55

(Wei et al. 2025b) VGG16
8w-32u ✗ ✗ 4 51.99 300.35
4w-32u ✗ ✗ 4 51.78 298.85
2w-32u ✗ ✗ 4 51.67 298.09

Proposed HardF-SNN VGG16
8w-8u ✓ ✓ 4 52.38 166.45
4w-4u ✓ ✓ 4 52.07 91.55
2w-2u ✓ ✓ 4 51.87 54.73

ImageNet

(Yoo and Jeong 2023) ResNet18 2w-32u ✗ ✗ 4 54.34 1165.03

(Wei et al. 2025b) ResNet18 8w-32u ✗ ✗ 4 61.36 1175.52
4w-32u ✗ ✗ 4 58.06 1169.95

Proposed HardF-SNN ResNet18
8w-8u ✓ ✓ 4 59.52 327.31
4w-4u ✓ ✓ 4 58.97 182.21
2w-2u ✓ ✓ 4 57.71 107.75

DVS-CIFAR10

(Yoo and Jeong 2023) VGG16 2w-32u ✗ ✗ 16 74.70 317.11
(Hasssan et al. 2024) VGG9 2w-2u ✗ ✗ 10 77.94 26.52

(Wei et al. 2025b) VGG9
8w-32u ✗ ✗ 10 75.90 40.08
4w-32u ✗ ✗ 10 75.40 39.97
2w-32u ✗ ✗ 10 74.90 39.92

Proposed HardF-SNN VGG9
8w-8u ✓ ✓ 10 79.53 80.48
4w-4u ✓ ✓ 10 78.74 44.08
2w-2u ✓ ✓ 10 78.35 26.52

Table 2: Performance comparison on static and neuromorphic datasets. ‘Q-BN’ refers to BN quantization, and ‘INT’ denotes
integer-only quantization. Memory footprints are calculated using a batch size of 128.

ure 5(b) illustrates the test accuracy curves of I-BN method,
demonstrating its capability to achieve stable training and
model convergence.

Performance Comparison
As shown in Table 2, we compare HardF-SNN against ex-
isting approaches in terms of accuracy and memory foot-
print to validate its effectiveness and efficiency. Compared
to existing integer-only quantization methods, HardF-SNN
successfully enables inference at extremely low bit-widths
(e.g., 2w-2u) while consistently achieving superior perfor-
mance under identical model configurations.

Moreover, it also exhibits superior performance relative
to quantization approaches that rely on floating-point arith-
metic. Specifically, on CIFAR10 and CIFAR100, HardF-
SNN surpasses prior state-of-the-art methods (Wei et al.
2025b; Hasssan et al. 2024), significantly reducing both
memory footprint (e.g., CIFAR10: 2w-2u configuration,

Acc = 94.49%, Memory footprint = 68.28MB; CIFAR100:
4w-4u configuration, Acc = 75.35%, Memory footprint =
114.82MB). On TinyImageNet, HardF-SNN demonstrates
consistently superior accuracy and reduced memory foot-
print across all configurations when compared to (Wei et al.
2025b) under identical network architecture and timesteps.
On the ImageNet dataset, HardF-SNN demonstrates su-
perior performance over weight-only quantization meth-
ods (Yoo and Jeong 2023) and achieves competitive accu-
racy with (Wei et al. 2025b), while simultaneously reducing
memory footprint by 10.9×. On the DVS-CIFAR10 dataset,
HardF-SNN similarly achieves state-of-the-art performance
while delivering substantial efficiency improvements. These
extensive results show that HardF-SNN achieves a supe-
rior balance between efficiency and accuracy, while offer-
ing high compatibility with hardware accelerators, thereby
paving the way for practical deployment of SNNs on
resource-constrained hardware platforms.
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Dataset Work Device Network Bits Accuracy(%) Latency(ms) Throughput(GOPS) Efficiency(GOPS/W)

CIFAR10

SyncNN xczu9eg VGG13 4bit 90.37 16.13 28.5 71.2
FireFly xczu3eg VGG7 8bit 91.36 4.16 273.1 107.1
SiBrain xc7v2000t VGG11 8bit 90.25 18.90 130.8 84.2

Ours xc7z035 VGG7
8bit 91.91 3.99 284.74 72.64
4bit 91.83 2.22 511.75 129.23
2bit 90.68 1.23 923.66 224.19

CIFAR100

E3NE xcvu13p VGG11 6bit 65.00 163.90 3.58 0.72
FireFly xczu3eg VGG11 8bit 64.28 8.52 275.1 107.9
SiBrain xc7v2000t VGG11 8bit 66.97 19.00 130.1 83.4

Ours xc7z035 VGG11
8bit 67.26 7.88 297.44 79.74
4bit 66.55 4.23 554.10 139.92
2bit 65.49 2.36 993.16 241.06

Table 3: Comparison with representative hardware accelerator.

Practical Hardware Deployment
In this section, we deploy HardF-SNN on a dedicated
SNN hardware accelerator to validate its effectiveness on
resource-constrained hardware platforms.

Hardware Architecture
The overall architecture and main components are shown
in Figure 6. The processing system (PS) acts as the con-
troller for system state control and external memory access.
The programmable logic (PL) accelerates the SNN infer-
ence. The execution of the accelerator is managed by the
global controller. Input feature map (IFmap), weight, and
output feature map (OFmap) are transferred through AXI-
DataMover between the off-chip memory and the global
buffers. The row stationary (RS) systolic array consists of
multiple processing elements (PEs) and is specifically de-
signed to handle the arithmetic operations of SNNs. Synap-
tic input integration is achieved through the static and dy-
namic configuration of DSPs (Li et al. 2023). According to
feature size and systolic array dimension, weight data and
IFmap data are dynamically reconfigured by the configu-
ration unit and mapped into the RS systolic array with RS
dataflow (Chen et al. 2016). The multi-functional unit is re-
sponsible for integer-only BN, membrane potential update,
and spike generation. Finally, the generated output spikes are
transferred to the off-chip memory, where they are stored for
use in subsequent computations.

Performance Evaluation
As shown in Table 3, we compare our implementation in
terms of accuracy, latency, throughput, and energy efficiency
under different bit-width settings with representative FPGA-
based SNN accelerators, including SyncNN (Panchapake-
san, Fang, and Li 2021), E3NE (Gerlinghoff et al. 2022),
FireFly (Li et al. 2023), and SiBrain (Chen et al. 2024).
Across both CIFAR10 and CIFAR100 datasets, our 8-bit
implementation achieves the highest accuracy compared to
FireFly and SiBrain, while also delivering competitive la-
tency, throughput, and energy efficiency. In contrast, our 2-
bit implementation achieves significant improvements in la-
tency, throughput, and energy efficiency. For example, in
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Figure 6: Overall architecture of dedicated SNN accelerator.

terms of inference latency, our method achieves a 15× re-
duction compared to SiBrain on the CIFAR10 dataset. Re-
garding throughput and energy efficiency, we achieve 3.6×
and 2.2× improvements, respectively, over FireFly on the
CIFAR100 dataset. In summary, the 4-bit implementation
offers an optimal balance between accuracy and hardware
performance. These results further indicate that HardF-SNN
lays a solid foundation for the efficient deployment of SNNs
on resource-constrained hardware platforms.

Conclusion
In this paper, we first propose a hardware-friendly baseline
model—HardF-SNN, which maximizes efficiency while en-
abling integer-only inference. Through extensive experi-
ments and analysis, we identify that the HardF-SNN base-
line suffers from performance degradation and even training
failure. To enhance performance, we propose a proportional
shared-scale quantization. To enable integer-only inference,
we introduce an Integer-only BN. By integrating the above
two methods, HardF-SNN achieves both high efficiency and
superior performance. Finally, HardF-SNN is deployed on
a dedicated FPGA-based hardware accelerator, demonstrat-
ing the state-of-the-art performance, thereby highlighting its
strong potential for energy-efficient edge applications.
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