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Abstract

Conversion represents an effective approach for obtain-
ing low-power models by transforming Artificial Neural
Networks (ANNSs) into event-driven Spiking Neural Net-
works (SNNs) without additional training. However, exist-
ing training-free conversion methods often incur substantial
conversion errors. Here, we first reveal that these conver-
sion errors primarily arise from a distributional mismatch,
as the activation distributions of ANNs exhibit channel-wise
shifts and scaling, whereas spike rates lack corresponding
channel-specific characteristics. To address this limitation,
we propose Adaptive Integrate-and-Fire (AIF) neurons with
channel-specific thresholds and membrane-potential offsets
that dynamically adjust spike rates. These parameters are
optimized to jointly minimize conversion errors and max-
imize information entropy, enabling AIF neurons to cap-
ture the activation distribution characteristics of the origi-
nal ANN. Moreover, AIF neurons can be seamlessly inte-
grated into Transformer architectures with only negligible ad-
ditional computational cost. Our method achieves state-of-
the-art results on multiple vision and natural language pro-
cessing benchmarks, in particular attaining a notable top-1
accuracy of 85.52% on ImageNet-1K.

Introduction

Spiking Neural Networks (SNNs), which simulate biologi-
cal neuronal mechanisms, are recognized as third-generation
neural networks (Maass 1997) due to their biological plausi-
bility and computational efficiency (Zenke et al. 2021; Kher-
adpisheh et al. 2019). In contrast to Artificial Neural Net-
works (ANNSs), SNNs emit binary spikes exclusively when
membrane potentials exceed specific thresholds. This sparse
spiking behavior results in substantially enhanced compu-
tational efficiency compared to ANNs (Zhang et al. 2021;
Li et al. 2023; Liu et al. 2023; Xu et al. 2024), particularly
when implemented on neuromorphic hardware, including
TrueNorth (Akopyan et al. 2015), Loihi (Davies et al. 2018)
and Tianjic (Pei et al. 2019). Nevertheless, compared with
rapid advances in ANNSs, the development of large-scale and
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high-precision SNNs remains largely underexplored (Zhang
et al. 2025b).

To address this limitation, two primary training method-
ologies for SNNs have emerged. The first approach employs
surrogate gradients to circumvent spike non-differentiability
issues, enabling direct network training through backpropa-
gation (Wu et al. 2018; Neftci, Mostafa, and Zenke 2019; Hu
et al. 2024; Zhang et al. 2025a; Wang et al. 2025b; Xiao et al.
2025; Liang et al. 2025; Sun et al. 2025). However, these di-
rect training methods are constrained by imprecise gradient
approximations and substantial computational resource re-
quirements, impeding the development of large-scale, high-
performance models. The second approach is ANN-to-SNN
conversion (Cao, Chen, and Khosla 2015; Wang et al.
2023; You et al. 2024; Bu et al. 2022b; Wang et al. 2024,
2025a; Bu, Li, and Yu 2025; Zhao et al. 2025). This con-
version methodology exploits the mathematical equivalence
between ANN activation functions and SNN neuronal dy-
namics, facilitating direct pre-trained weight transfer for
inference. However, the practical effectiveness of existing
training-free conversion methods is often limited by non-
negligible conversion loss.

To mitigate conversion loss, two representative optimiza-
tion approaches have been proposed: pre-conversion ANN
structure optimization (Wang et al. 2022; You et al. 2024)
and spiking neuron optimization (Zhang et al. 2023; Bu et al.
2022a; Hao et al. 2023a). While pre-conversion ANN struc-
ture optimization has been theoretically proven to reduce
conversion error to zero (Bu et al. 2022b), it typically re-
quires additional training of an ANN and cannot directly
leverage pre-existing weights from the ANN community. In
contrast, spiking neuron optimization calibrates neuron pa-
rameters according to ANN activation distributions, making
it more resource-efficient. However, this strategy inevitably
introduces conversion errors, and effectively reducing these
errors remains a key challenge.

Therefore, we first analyze the primary causes of con-
version loss and attribute them to discrepancies between
ANN activation distributions and SNN spike-rate ranges.
Our analysis reveals that ANN activations exhibit channel-
wise shifts and scaling, whereas spike rates typically lack
such channel-specific configurations, resulting in substantial



conversion loss. To address this issue, we propose an Adap-
tive Integrate-and-Fire (AIF) neuron model with channel-
wise thresholds and membrane-potential offsets. AIF effec-
tively captures the channel-wise characteristics of ANN ac-
tivation distributions and dynamically adjusts spike rates,
thereby minimizing conversion and information loss. Our
main contributions are summarized as follows:

* We identify the mismatch between ANN activation dis-
tributions and SNN spike-rate ranges, which leads to sub-
stantial conversion loss. This mismatch primarily arises
because SNN spike-rate ranges lack the channel-specific
shifts and scaling present in ANN activations.

e We propose an AIF neuron incorporating channel-wise
thresholds and membrane-potential offsets to reduce the
mismatch between ANN activations and spike rates. Fur-
thermore, we demonstrate that AIF can be seamlessly in-
tegrated into mainstream Transformer architectures.

* We conduct extensive experiments across visual and nat-
ural language processing benchmarks. Experimental re-
sults demonstrate that our approach achieves state-of-
the-art performance with a notable top-1 accuracy of
85.52% on ImageNet-1K.

Related Works
CNN-based Conversion

Early conversion efforts primarily focus on CNN archi-
tectures. Cao et al. (Cao, Chen, and Khosla 2015) pro-
pose a conversion framework that involves training ANNs
with ReLU activation functions and subsequently replacing
them with Integrate-and-Fire (IF) neurons. Subsequently,
weight scaling techniques (Diehl et al. 2015), soft reset
mechanisms (Rueckauer et al. 2017; Han, Srinivasan, and
Roy 2020) and membrane potential optimization (Bu et al.
2022a; Hao et al. 2023a) are introduced to reduce the per-
formance gap. Works (Bu et al. 2022b; Hu et al. 2023) the-
oretically prove that conversion loss can be reduced to zero,
though these approaches typically require additional training
of pre-conversion ANNs. Zhang et al. (Zhang et al. 2023)
develop pioneering dynamic threshold methodologies that
adapt during conversion. Hao et al. (Hao et al. 2023b) intro-
duce a novel approach that calibrates “offset spikes” by op-
timizing initial membrane potential shifts, effectively bridg-
ing the performance gap between ANNs and SNNs. Build-
ing upon these foundational works, our approach goes be-
yond considering the discrepancies of ANN activations and
SNN spike rates, which further reduces performance gap.

Transformer-based Conversion

With the impressive performance of Transformer architec-
tures across various domains, significant research attention
has focused on the conversion of Transformer-like models.
Jiang et al. (Jiang et al. 2024) introduce the first training-
free method for converting pretrained Transformer models
by approximating complex operations such as self-attention
in both temporal and spatial dimensions, though notable
accuracy discrepancies. Huang et al. (Huang et al. 2024)
propose an Expectation Compensation Module to preserve

conversion accuracy for non-linear and self-attention, while
introducing a Multi-Threshold Neuron to reduce network
latency. You et al. (You et al. 2024) establish an exact
equivalence between quantized Transformers and converted
SNNs, thereby eliminating accuracy degradation. However,
this method requires additional training of a quantized pre-
conversion ANN Transformer. Building upon these pioneer-
ing works, our paper aims to develop a high-accuracy SNN
Transformer without pretraining an ANN.

Preliminaries
Neurons in ANNs

The update process of neurons in ANNs can be represented
as:

a'=f(Wha'™), 1<i<n, (1)
where W' denotes the weight matrix of the I-th layer, a’
represents the activations propagated through the network,
and f(-) signifies the activation function. A bias term b' may
optionally be incorporated into the pre-activation.

Neurons in SNNs

Specifically, the neuronal dynamics of the IF neuron at layer
[ during time step ¢ can be mathematically expressed as:

Viemp(t +1) = vi(t) + Wis! 71 ()0, )
sl(t + 1) = H(Vtemp( + 1) 0 ) (3)
VIt +1) = Vi, (t+1) —s'(t+ 1§, (4)

where viemp(t + 1) represents the membrane potential pre-

ceding spike generation, v!(¢) is the membrane potential,
s!(t) denotes the spike activation value at time step ¢, 6" is
the threshold for layer [, and H (-) is the Heaviside step func-
tion, defined as:

HWLWO+Dﬁ5—{ 5)

Following established methodologies, soft-reset mecha-
nism is employed to update the membrane potential, wherein
6 is subtracted when a neuron triggers a spike. The neuronal
dynamics in Transformer architectures exhibit slight varia-
tions from this approach, as detailed in the Appendix A.

L, if vl (t+1) > 6"
0, otherwise.

ANN-to-SNN Conversion

To represent the rich floating-point activations of ANNs us-
ing binary spike values in SNNs, we accumulate neuronal
activity over 71" time steps. By iterating through Equation (2)-
(4) for T iterations, we obtain'

_01 1WlZSl 1

T ol-1W! T _1-1
Zsl( Z (el)
t (7

l
~ clip (BIJ 0 T)

where |- | represents the floor function, and clip(-) constrains
values to the interval [0, T']. This approach enables SNNs to
approximate ANN behaviors.
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vi(T) + v1(0)
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Figure 1: Distribution of ANN activation values and SNN spike rates in ViT-B/16 conversion. (a) Activations across different
channels exhibit distinct shifts and scalings. (b) Spike rate ranges lack such channel-specific characteristics and are configured
in a layer-wise manner. (c) AIF aligns spike rates with ANN activations.

Method

Challenge Analysis

The aforementioned conversion method often fails to accu-
rately approximate ANN activations. We attribute this fail-
ure to neglecting the role of normalization layers in Trans-
former architectures. By sampling activation values from Vi-
sion Transformer models, as illustrated in Figure 1(a), we
identify two critical phenomena:

Intra-channel normality: Activation values within in-
dividual channels consistently approximate normal distri-
butions, enabling efficient statistical characterization via
Gaussian parameters. Inter-channel distributional diver-
sity: Distribution parameters across different channels ex-
hibit significant variations in both means and variances, re-
flecting distinct offsets and ranges. Outliers are predomi-
nantly concentrated within a subset of channels.

However, the parameters of the IF neurons are configured
in a layer-wise manner. This leads to a mismatch between
the SNN spike-rate ranges and the ANN activation distri-
butions, as shown in Figure 1(b). This mismatch results in
significant conversion and information loss. To quantify the
conversion loss caused by this distributional discrepancy, we
define the following loss function:

o' . (laL-T .
Tchp({ ol J,—T,T)—aC

where al, represents the activations of channel c in layer /.
The conversion loss results are presented in Figure 1. This
conversion method, which neglects inter-channel activation
differences, leads to substantial discrepancies between spike
representations and ANN activation distributions, resulting
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in considerable conversion loss. Additionally, we employ in-
formation entropy (Guo et al. 2024), which enables the as-
sessment of information capacity, to quantify the informa-
tion loss.

Proposition 1. For a continuous random variable X with
probability density function p(z), the information entropy
H(X) is defined as:

HX) = = [ plo) ogp(a)d, ©
When X follows a normal distribution with mean p and
variance o2, i.e., X ~ N(u, 02), and X is quantized into T
intervals of width 6, the discrete information entropy of X
equals:

H(X) = %log(%reaz) —log(9), (10)

where e is the base of the natural logarithm. The detailed
proof can be found in Appendix B.

We leverage Proposition 1 to analytically determine the
theoretical entropy of ANN activation distributions. Con-
versely, the information entropy of the converted SNN is
computed through direct numerical integration, as the con-
verted distributions cannot be adequately approximated by
normal distributions. The results shown in Figure 1 reveal
substantial information degradation during conversion. Neu-
rons in channels with small p generate insufficient spikes,
resulting in wasted spike rate ranges at both extremes, while
neurons with large p produce excessive spikes, creating ho-
mogeneous representations. These findings underscore the
importance of developing an activation-aware methodology
that appropriately matches spike rate ranges with activation
distributions.



Adaptive Integrate-and-Fire Neuron

Neuronal dynamics We introduce the Adaptive Integrate-
and-Fire (AIF) neuron as an activation-aware redistribution
approach to address this challenge, specifically aimed at re-
ducing information loss and conversion loss. The AIF in-
corporates channel-specific parameters: a pre-membrane po-
tential offset Z! = (2!, 24,...,2!) € R° and an activation
threshold ©' = (6},6%,...,60)) € RS. The neuronal dy-
namics can be described as:

Viemp(t +1) =V () + Wis"" () o @7 —Z!, (1)
s'(t+1) = H(V,,,(t +1),00, (12)
Vit +1) = Vi, (t+1) —s't+1) e,  13)

where ©® represents the Hadamard product. As illustrated in
Figure 1(c), our approach first shifts pre-membrane poten-
tial of each channel to the middle of the spike rate ranges,
then performs channel-wise scaling (which can also be con-
sidered as scaling the threshold), ensuring that the spike rate
ranges optimally match the activation distributions, thereby
reducing conversion loss and enhancing information repre-
sentation capacity.

Theoretical analysis of AIF neuron’s parameters Due
to the channel-wise diversity in ANN activations, AIF in-
troduces channel-wise offset Z! and channel-wise threshold
©!. Directly optimizing Z' and ®' to simultaneously max-
imize information entropy and minimize conversion loss is
impractical. Therefore, we present below how to search for
optimal z! and 6’ on a per-channel basis to maximize infor-
mation entropy while minimizing conversion loss.

Proposition 2. The information entropy of AIF spikes is
maximized when the offset . is set to the mean . of the ANN
activation distribution and the threshold 0., is set to half of
the truncation range for each channel c.

Proof 2. When the ANN distribution and SNN spike
rate ranges are optimally matched, and the conversion in-
terval 6 — 0, we can formulate that the random variable
X (cumulative sum of spikes) distributed within the inter-
val [, & + A] converges to a truncated Gaussian measure

Xs ~ ps, where pg(dz) = @dm, and we define:

a+A
U(a, A p,0) = / p(z)dx (14)

(22 o(222)

where p(z) denotes the probability density function of the
ANN random variable X ~ N (u,0?), ® represents the cu-
mulative distribution function of standard normal distribu-
tion, and ¥ denotes the normalization coefficient. Conse-
quently, the information entropy of the truncated Gaussian
measure X g ~ pg can be expressed as:

> dx

Hxs) = - [ TP (p;)

\IJ
_7/ p(@))dz + log()

E:ve[oz a+A] [1Og( ( ))} + IOg(\Il)'

at+A—pu
o

(16)

x) log(

v
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To maximize the information entropy of Xg, we first opti-
mize log(V). Applying the Leibniz integral rule, we estab-
lish the following variational equality:
2
R ) ) dr =0

b /a—l-A 1 B (
o oV 2w P 202
(17)

O

Since the exponential function is strictly monotonically in-
creasing, this equality holds if and only if the arguments of
the exponential terms are equal: (o + A — )% = (a — p)?,
which yields oo = p1 — % and consequently o + A = pu+ %.
At this stationary point, the normalization constant ¥ at-
tains its maximum, thereby optimizing the logarithmic term
log(¥) in the entropy functional. For the expectation term
in the entropy expression, we demonstrate that it reaches its
maximum when the integration domain exhlblts symmetry
with respect to g1 (ie., [, a + A] = [u— 5,0+ 5], as
proven in the Appendix C. This confirms that the offset 2
should be set to the mean of the ANN activations, and the
threshold 6. should be set to % to maximize information
entropy.

Furthermore, we consider the impact of conversion loss
and formulate a constrained optimization problem to search

for optimal parameters:
l
Ze )J =T, T) z —a

T(a; —
p 0l‘ C

where N represents the number of elements in a’. It is note-
worthy that this optimization formulation incorporates non-
differentiable operators | -] and clip(-) within an £3-norm ob-
jective, precluding the direct application of gradient-based
methods for locating extremal points. Therefore, guided by
Proposition 2, we employ a grid search approach, selecting
candidate points near the mean for the offset z'. To address
the presence of extreme values, we apply the “3¢0” princi-
ple and evaluate candidate points near 30 for the thresh-
old Qé. Grid search only needs a few minutes, and the de-
tailed runtime of grid search is discussed later. Through this
approach, we endeavor to minimize conversion loss while
maximizing information entropy, thereby deriving optimal
activation-aware redistribution parameters.

oV _
da

min —

)

2
1

Conversion Framework with AIF Neuron

Given that AIF introduces additional channel-wise offsets
and thresholds, it is essential to demonstrate that our method
produces results equivalent to the original calculations while
preserving spike-driven characteristics. As illustrated in Fig-
ure 2, mainstream network architectures incorporate three
fundamental types of operation: Weight-Activation (WA)
multiplication, Activation-Activation (AA) multiplication,
and Non-linear operations.

WA -multiplication For WA multiplication, such as the
convolutional layers and FC layers in the MLP of Trans-
formers, we have the following correspondence:

2o

el +7!,
R )OO +

19)
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Figure 2: Training-free conversion framework with AIF neu-
ron. (a) Training-free conversion framework on ViT-like ar-
chitecture. (b) Transformer encoder blocks incorporate WA,
AA operations and diverse non-linear functions. Each atten-
tion and MLP block is preceded by a normalization layer. (c)
The expanded schematic of the Attention block.

T
1
l I l l l l l
W!® a Nf% (W'oeYes'(t) + W Z, (20)

where W! @ Z! can be pre-computed and incorporated into
the bias term, while the weights are scaled using ©".

AA-multiplication AA multiplication primarily exists in
the attention calculations within Transformer blocks. For
ANN activation values q’, k' and their corresponding SNN
spike values g, k', the following correspondence exists:

1 & 1 &
a'm Y at) =5 ) (d(t) 00y +Zy). @D
t t
1 1 &
K~ k) =75 (K16, +Z). @2
t t

Therefore, when calculating attention, we ensure equiva-
lence of values through the following method:

@m:Z%mx%:Zﬁw% (23)

K2

1 & . )
l I~ = Al 1 1 .
q ok ~ zt:( a(t) @Kk (t) + Q) @ KL(t) o

+a.(t) 9 K'(t)),
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where Q'(t), K!(t) represent the cumulative sum of spikes
over the first ¢ time steps. The first term in Equation (24) can
be calculated using the following formula:

d ok =d.®klo@© 0ol +d oz, 06

(25)
+Z okl 00, + 2 2 Z,

where ©}, © O} and Z! ® Zj can be pre-computed, and the
Hadamard product of the scaling factors does not participate
in matrix operations, rendering its computational overhead
negligible. Beyond these factors, the remaining operations
d, ®kl,dq, ® Z,,Z! @ k. are all spike-driven operations.
The second term Q' (¢) ® kL (¢) and third term &, (£) © K'(t)
follow computational patterns similar to the first term, as
demonstrated in the Appendix E.

Non-linear operations To implement traditional GELU,
Softmax, and LayerNorm operations within the SNN
paradigm, we have developed Spike-GELU (S-GELU),
Spike-Softmax (S-Softmax), and Spike-LayerNorm (S-
LayerNorm) operators similar to methodologies employed
in (You et al. 2024; Huang et al. 2024). The procedural
mechanism for these spiking operators can be represented
as follows:

&ﬁ%u—nw%>

In this formulation, o denotes the GELU, Softmax or Layer-
Norm function. The variables s; represent the respective in-
put of the operator at each discrete time step. The term S; in-
dicates the temporal summation of inputs across ¢ time steps.
O; represents the functional output. Functional equivalence
between spike-based non-linear operations and the standard
counterpart is achieved by performing temporal summation
of the spike outputs across all time-steps.

Experiment

In this section, we validate the efficacy of our proposed
methodology. The detailed experimental setup and extended
experimental results can be found in Appendix F.

Comparative Analysis of Vision Datasets

ImageNet Our experimental results on ImageNet demon-
strate significant advancements in performance across di-
verse architectures as shown in Table 1. When applied to Vi-
sion Transformers, our approach delivers 82.83% accuracy
with ViT-B and 85.52% with ViT-L at 64 time steps, outper-
forming conversion methods like ECMT (84.6% with 8 time
steps) and Spike-ZIP (83.82% with 64 time steps). These re-
sults demonstrate the efficacy of our approach when applied
to large-scale Transformer architectures and complex image
datasets.

CIFAR Table 2 presents a comprehensive comparison of
various SNN approaches on the CIFAR10 and CIFAR100
datasets. Our proposed method on ViT-B/16 achieves supe-
rior performance with accuracy rates of 98.7% and 91.8%
on CIFAR10 and CIFAR100, respectively, at a time step of



Method Architecture Type Training-free Param(M) T Acc(%)
VIiT-S ANN - 22.05 - 81.14
(Dosovitskiy et al. 2020) ViT-B ANN - 86.57 - 84.51
ViT-L ANN - 304.33 - 85.82
(Hao et al. 2023a) VGG-16 ANN-to-SNN X 138.42 64 69.43
(Bu et al. 2022b) VGG-16 ANN-to-SNN X 138.42 64 72.85
(Oh and Lee 2024) VGG-16 ANN-to-SNN v 138.42 64 67.04
ResMLP-S24  ANN-to-SNN 4 30.00 128 77.99
Direct-Training X 52.0 4 80.6
(Yao et al. 2025) E-SpikeFormer  Direct-Training X 83.0 8 84.0
Direct-Training X 173.0 8 85.1
VIiT-S ANN-to-SNN v 22.05 8(10) 76.03(77.07)
(Huang et al. 2024) ViT-B ANN-to-SNN v 86.57 8(10) 79.40(80.12)
ViT-L ANN-to-SNN v 304.33 4(8)  83.20(84.60)
SViT-S-32Level ANN-to-SNN X 22.05 64 81.45
(You et al. 2024) SViT-B-32Level ANN-to-SNN X 86.57 64 82.71
SViT-L-32Level ~ ANN-to-SNN X 304.33 64 83.82
ViT-S ANN-to-SNN v 22.05 64 78.74
Ours ViT-B ANN-to-SNN v 86.57 64 82.83
ViT-L ANN-to-SNN v 304.33 64 85.52

Table 1: Comparative experimental results on the ImageNet dataset. All inference was conducted with an image size of 224 x
224. Training-free indicates whether the method requires direct training or training a pre-conversion ANN.

Acc.(%)

Method Type T GIFART0 CIFART00
(Zhou etal. 2023a) DT 4 958 792
(Yao et al. 2024) DT 4 956 78.4
(Zhouetal.2023b) TL 4  97.0 83.8
(Shi, Hao, and Yu2024) TL 4 97.4 86.0
(Huang et al. 2024) A2S 8 98.6 91.5
(Wang etal. 2023)  A2S 64  96.3 85.4
(Jiang etal. 2024)  A2S 32 955 84.2
(Youetal. 2024)  A2S 32 987 89.7
32 987 91.8
Ours A2 4 989 92.0

Table 2: Comparative results on CIFAR datasets. DT, TL and
A2S indicate direct training, transfer learning and ANN-to-
SNN conversion methodologies, respectively.

32, surpassing previous approaches. Increasing the time step
to 64 further enhances performance to 98.9% and 92.0%,
respectively, without requiring any additional training. The
superior performance demonstrates the robust generalization
capability of our method across smaller datasets.

Comparative Analysis of NLP Tasks

Table 3 presents a comprehensive evaluation of our method
against BERT and directly trained methods on the GLUE
dataset. A significant advantage of our approach lies in the
direct conversion of fine-tuned ANN BERT weights without
training a pre-conversion BERT. In comparison to state-of-
the-art directly trained SNNs, our method achieves a sub-
stantial performance improvement of 6.2% in average ac-

1708

curacy. When configured with 64 time steps, our ANN-to-
SNN conversion demonstrates remarkable fidelity, experi-
encing only a negligible 0.2% accuracy reduction compared
to the original ANN BERT model (82.7% versus 82.9%).
These empirical findings highlight the potential for deploy-
ing energy-efficient SNNs in sophisticated natural language
processing tasks and large language models.

Ablation Study

Table 4 presents a systematic evaluation of channel-wise
threshold and channel-wise offset strategies across varying
time steps. The baseline model exhibits substantial accu-
racy degradation across all time steps. Employing either
CW-threshold or CW-offset individually fails to simultane-
ously maximize information entropy and minimize conver-
sion loss, resulting in significant performance degradation at
lower time steps (T=4, T=8). The proposed AIF approach,
which integrates both strategies, consistently outperforms all
other methods across all time steps. Most remarkably, AIF
maintains substantial performance even at extremely com-
pressed temporal windows (T=4 and T=8).

Analysis of Grid Search Runtime

The complexity of grid search is O(L x B x C' x N x M),
which is related to network depth L, batch size B, number
of channels C, sequence length N, and number of candidate
points M. Since both the number of network parameters and
input dimensions are fixed, the actual runtime of the search
remains essentially constant across multiple experiments, as
shown in Table 5. Grid search performs calibration using
only a tiny portion of the training set, and the calibrated



Model Type Time | MNLL ymm QQPr QNLI SST-2 CoLA STS-B MRPCpr; RTE | Avg.
BERTsase ANN - 84.3/84.7 88.4 914 929 57.0 88.7 89.2 69.0 | 82.9
LIF-BERT* Direct Training 4 56.8/55.2 70.0 60.6 80.6 14.6 20.0 82.3 53.8 | 54.9
SpikingFormer® | Direct Training 4 70.2/70.6 80.9 79.5 83.9 12.8 77.0 83.0 62.1 | 68.9
SpikeBERT Direct Training 4 71.4/71.0 68.2 66.4 85.4 16.9 18.7 82.0 57.5 | 59.7
SpikeL M1, Direct Training 4 75.1/75.3 83.5 84.6 87.4 33.7 84.5 86.5 64.3 | 75.0
SpikeLM Direct Training 4 77.1/77.2 83.9 85.3 87.0 38.8 84.9 85.7 69.0 | 76.5

ANN-to-SNN 8 79.3/78.3 84.7 85.2 89.1 46.0 86.0 87.0 58.1 | 771
Ours ANN-to-SNN 16 83.7/83.9 88.0 89.8 92.1 56.1 87.9 90.3 63.2 | 81.6

ANN-to-SNN 64 84.8/85.1 88.6 91.1 92.4 56.5 88.7 89.6 679 | 82.7

Table 3: Comparative results on the GLUE dataset. The results of BERT, SpikeBERT and SpikeLM are obtained from (Devlin
etal. 2019; Lv et al. 2023; Xing et al. 2024), respectively. * Results are obtained from SpikeLM.

Method T=4 T=8 T=16 T=32 T=64
Baseline 009 042 2749 6345 73.17
Loss (%) -85.73 -85.40 -58.33 -22.37 -12.65
+CW-threshold 1.73 53.15 74.69 81.60 84.27
Loss (%) -84.90 -32.67 -11.13 -422 -1.55
+CW-offset  0.17 66.34 81.12 83.69 84.49
Loss (%) -85.65 -19.48 -4.70 -2.13 -1.33
AIF 58.18 82.36 84.96 85.33 85.52
Loss (%) -27.64 -3.46 -0.86 -0.49 -0.30

Table 4: Ablation study on channel-wise threshold (CW-
threshold) and channel-wise offset (CW-offset). Loss de-
notes the accuracy gap relative to ViT-Large, which achieves
85.82% top-1 accuracy on ImageNet. The baseline imple-
ments layer-wise thresholds without offset adjustments.

Model Dataset Param(M) Runtime(s)
VIT-S ImageNet 22.1 27.2
ViT-B ImageNet 86.6 54.1
ViT-L ImageNet 304.3 150.5
BERT GLUE-RTE 110.0 80.1

Table 5: Empirical runtime of grid search across different
model architectures. All reported runtimes are averaged over
three independent runs.

neuron thresholds and offset data can be stored for reuse,
eliminating the need for calibration during each inference.
Consequently, this time overhead is negligible compared to
training and inference.

Analysis of Grid Search Approach

We plot conversion loss and information entropy distribu-
tions within the ranges z € [ — 60, u+ 60] and 6 € [0, 60],
as shown in Figure 3. The conversion loss exhibits a valley-
like structure centered at the mean, indicating that using
the mean as an offset minimizes conversion loss when the
threshold is low. As the threshold increases, the relative im-
pact of the offset diminishes, though offsets near the mean
still significantly reduce conversion loss. Regarding infor-
mation entropy, it displays a peak-like structure centered at
the mean, demonstrating that using the mean as an offset
substantially enhances information representation. The in-
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Figure 3: Conversion loss plane and information entropy
plane of grid search. Left: Channel-67, ;1 = 5.89, 0 = 0.55;
Right: Channel-322, y = —5.78,0 = 0.38.

fluence of offsets decreases with increasing threshold val-
ues. Notably, we observe that the optimal offset values are
very close to the mean, with optimal threshold values ap-
proximating 3o, thus validating the effectiveness of our grid
search approach.

Conclusion

This work identifies a critical mismatch between ANN ac-
tivation distributions and SNN spike-rate ranges that leads
to a substantial performance degradation during conversion.
To address this problem, we develop an Adaptive Integrate-
and-Fire (AIF) neuron with channel-wise thresholds and
membrane-potential offsets. We optimize these parameters
by jointly maximizing information entropy and minimiz-
ing conversion loss. AIF can be seamlessly integrated into
Transformer architectures, substantially improving conver-
sion performance without requiring the training of a sepa-
rate pre-conversion ANN. Our work lays the foundation for
future high-performance, large-scale SNN conversion.
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