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Abstract

Spiking Neural Networks (SNNs) are a promising paradigm
designed to emulate the brain’s energy efficient by incorporat-
ing the timing of spikes. Conversion is an efficient way to ob-
tain high-performance SNNs from Artificial Neural Networks
(ANNSs). Existing conversion methods often face a trade-off
between accuracy and time steps, which is largely caused by
the incomplete release of residual membrane potentials. To
minimize the conversion error, this paper proposed a har-
monious mathematical property-based neuron, called Har-
mony Multi-Threshold Neurons (H-MT Neuron), which uti-
lizes multiple spikes to minimize residual membrane poten-
tials. The proposed neuron is further enhanced with an op-
tional effective communication mechanism to achieve more
accurate conversion. In addition, we propose a threshold op-
timization method applicable to a broader range cases of spik-
ing neurons to to find the optimal neuron thresholds. Experi-
ment results demonstrate that our method achieve superior ac-
curacy on ImageNet benchmark datasets while significantly
reducing the required time steps and energy consumption.

Code and Technical Appendix —
https://github.com/faizwh/H-MT.git

1 Introduction

Spiking Neural Networks (SNNs), regarded as the third
generation of neural network models (Maass 1997), are
distinguished by their biological plausibility and dynamic
neuron behaviors (Gerstner et al. 2014), exhibiting signifi-
cant potential to rival Artificial Neural Networks (ANNs).
The two architectures differ in computational mechanisms:
ANNSs rely on continuous floating-point value transmission,
whereas SNNs propagate sparse, binary spikes across layers.
Such spike-based communication better emulates biological
neuron dynamics and enhances energy efficiency (Merolla
et al. 2014; Davies et al. 2018; DeBole et al. 2019; Pei et al.
2019).

However, the discrete nature of spikes introduces non-
differentiability, posing challenges for training. Recent ad-
vancements in direct training have made progress in address-
ing this challenge via surrogate gradient methods (Neftci,
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Mostafa, and Zenke 2019). These methods approximate gra-
dients of non-differentiable spike processes using smooth
functions, enabling practical backward propagation and gra-
dient descent, thereby improving SNN performance (Fang
et al. 2021; Duan et al. 2022; Shi, Hao, and Yu 2024,
Ding et al. 2025). Nevertheless, surrogate gradients remain
approximations and may mislead the training (Gygax and
Zenke 2025). Moreover, the temporal nature of SNNss leads
to high computational costs due to the need for backpropa-
gation through time(BPTT). Although several online train-
ing methods have been proposed to estimate gradients more
efficient(Xiao et al. 2022; Bohnstingl et al. 2022; Meng et al.
2023; Zhu et al. 2024), they often results in sub-optimal ac-
curacy. Consequently, direct training of SNNs remains a per-
sistent challenge.

Meanwhile, another prominent spiking deep learning
methodology is ANN-to-SNN conversion (Cao, Chen, and
Khosla 2015; Han, Srinivasan, and Roy 2020; Li et al. 2021;
Deng and Gu 2021; Bu et al. 2022a; Bu, Li, and Yu 2025;
Zhao et al. 2025; Ding et al. 2021). This method converts
pre-trained ANNs to SNNs by replacing nonlinear units with
spiking neurons, such as traditional Integrate-and-Fire (IF)
neuron with single threshold or its multi-threshold variants
designed for higher precision within shorter inference time-
steps. Although ANN-to-SNN conversion avoids complexi-
ties of direct training and produces high-performance SNNs
with accuracy comparable to original ANNS, it typically re-
quires more time steps for precision, resulting in higher la-
tency and energy consumption compared to surrogate gradi-
ent based direct training.

In this article, we identify key inherent defect in many de-
signs of multi-threshold neuron, due to which the output of
these neurons can’t be well-represented by specific mathe-
matical expressions as IF neuron. We then further propose
a novel neuron structure called H-MT neuron, with harmo-
nious mathematical properties and without such defect, de-
signed to minimize residual membrane potential and thereby
reduce conversion error. The proposed neuron integrate two
symmetric components to approximate the linear function
y = x, along with a communication mechanism that helps
alleviate unevenness errors(Bu et al. 2022b). By simulating
y = x, we can keep everything in the form of spike, thus
maintaining the energy efficiency of SNNs. Furthermore, we
generalize the threshold optimization method from Huang



et al. to obtain the optimal threshold, broadening its applica-
bility to a wider variety multi-threshold neuron architectures
for simulating either ReLU or y = x function.

Our main contributions are summarized as follows:

* We identify the key inherent defect in many designs
of multi-threshold neuron, and further propose a novel
multi-threshold neuron with nice mathematical proper-
ties and without the defect, capable of simulating both
ReLU and y = « functions. The design is further en-
hanced with a simple yet effective communication mech-
anism to reduce unevenness errors.

* We propose a general threshold iteration optimization
method to determine the optimal threshold, enabling its
application across a wide range of spiking neuron struc-
tures. This approach facilitates accurate threshold selec-
tion for converting both ReLU and y = z functions.

* We evaluate our method on the ImageNet dataset. Com-
pared with previous CNN-SNN conversion methods, es-
pecially with those solely based on modification of neu-
rons, the proposed method achieves higher accuracy and
decreased energy consumption.

2 Related Works
2.1 Neuron Design in SNNs

Spiking neurons serve as the fundamental computational
units in SNNs. Researchers focus on both direct training and
ANN-to-SNN conversion consistently investigate existing
spiking neuron models and propose novel neuron structures
to improve networks’ performance and efficiency. Bu et al.
conducted an in-depth analysis of the classical IF model as
well as conversion errors in ANN-to-SNN, and put forward
corresponding adjustment on neuron settings, such as ini-
tial membrane potential, inspiring following studies. Some
previous works (Lv et al. 2024; Hao et al. 2024; Wang and
Zhang 2023; Luo et al. 2024; Huang et al. 2024, 2025; Wang
et al. 2025) modified traditional single-threshold IF neu-
ron, for the sake of higher precision, to n-threshold neurons
through essentially almost identical designs, which partition
single threshold into n equal segments. With O taken into
account, such neurons can output n + 1 distinct values per
time-step.

Meanwhile, other studies (Li, Zhao, and Zeng 2022; Kim
et al. 2018) introduced periodically varying thresholds dur-
ing inference, but can cause unexpectedly long inference
time for high accuracy. Moreover, Notably, distinct from the
aforementioned efforts aiming at simulating ReLU or y = x,
researchers (Jiang et al. 2024) proposed heuristic designs for
composite neurons composite of smaller learnable-threshold
sub-neurons, to emulate complex nonlinear modules widely
used in Transformer architectures, e.g., GELU, e*, Layer-
Norm and so on.

2.2 Neuron Threshold Policy for ANN-to-SNN
conversion
Beyond neuron structure modifications, determining spike

neuron thresholds is critical. Learning thresholds as train-
able parameters is one represent that is popular in direct
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training. As for ANN-to-SNN, thresholds are traditionally
set to the 99.9% quantile of the activation value of the re-
placed ANN nonlinear units, as recommended by Rueckauer
et al.. which does show some excellence in practice despite
being empirical. Researchers have also been continuously
exploring threshold optimization policies grounded on more
reliable methods and concrete theories. For instance, Li et al.
attempted to find better thresholds via grid search, while Bu,
Li, and Yu introduced a local threshold balancing algorithm
that efficiently finds the optimal thresholds through training
and performs fine-grained adjustment of the threshold value.
Additionally, Huang et al. developed a threshold iteration
optimization method to find the threshold minimizing the
conversion error of IF neuron simulating ReLU, under the
assumption that inputs obey normal distribution. However,
the theorems have some limitations, such that they can only
support a rough optimization on the multi-threshold neurons
employed in this work. In this article, we extensively gen-
eralize these theorems by Huang et al. with rigorous proofs,
extending their applicability to a broader range of spiking
neuron designs for simulating either ReLU or y = z.

3 Preliminaries

3.1 The Integrate-and-Fire (IF) Neuron and
Designs of Multi-Threshold Spiking Neuron

Similar to many previous works. We begin by foucsing on
the Integrate-and-Fire (IF) Neuron, which is a classical spik-
ing neuron model with one threshold and is used to re-
place ReLU neuron in ANN-to-SNN conversion. We use the
’reset-by-subtraction” mechanism, and its dynamics can be
expressed as follows:

ml[t] = o't — 1] + I'[t] = v'[t — 1] + f(=' "1 [1]), (1)
s'[t] = H(m'[t] — 6"), (2)
o![t] = m![t] — s'[t]6, 3)
z![t] = s'[t]6", @)

where ! ~1[t] is the initial input received by the [-th layer as
well as the output of the [ — 1-th layer at time-step ¢, I'[t] is
the input ultimately fed into the neuron in the by [-th layer
after some operation f, which can be affine transformation,
while m![t] and v'[t] are the membrane potential before and
after firing at time-step ¢. Here €' is the threshold of the I-th
layer and H () is the Heaviside step function, therefore the
element of s'[t], which is the spike vector of I-th layer, is
either 1 if there is a spike or 0.
T l
When using ¢'(T) = M
1 S I :
the [-th layer and »* = =!=—= as the average input fed
into the spiking neuron at the [-th layer, we will have:
1 1ty st ;T —v'[0]
¢(T)*9#*z—#- &)

To estimate ¢! (T'), Bu et al. put forward a strong assump-
tion as shown in Equation (6) (here ! [] is identical to I'[t]).

as the average output of

] <ovt=1,---,T if 26 <0

ul[t] € (0,0!),vt=1,---,T if 2! € (0,0

ullt] >0l vt=1,---,T if 2! > 0! ’
vt [0] € [0,6!]

(6)



With this assumption, the range of v'[t] can be limited to
[0,0Y) forVt =1,...,T,if 2! € (0,60"), and a precise math-
ematical expression of the IF neuron’s output can be derived
to help the ANN-to-SNN conversion:

6 2T+l 0]
¢Z(T>75clzp(LTJ,o,T)_

To enhance computational accuracy, many previous
works have made effort to design novel structures of Multi-
Threshold Spiking Neuron to replace ReLU (Lv et al. 2024;
Wang and Zhang 2023; Hao et al. 2024) as well as y = z
(Huang et al. 2024, 2025) , and have achieved some wonder-
ful performance in comparison to the IF neuron.

Assuming there are n channels with different thresholds
to fire spikes inside a neuron, just as IF neuron, these neuron
can also derive an equation similar to Equation (5):

(N

T¢>l(T):Zzn:>\l Lt = 2'T 4 o![0] — o' [T]. (8)

t=14i=1

Howeyver, due to intrinsic defects of these neuron’s struc-
tures, it’s hard either to extend the strong assumption from
(Bu et al. 2022b) or further derive similar mathematical ex-
pressions for these neurons, bringing trouble for more pre-
cise optimization. In short, the main inherent defect of these
neuron designs is that they can’t properly limit the range of
neuron’s membrane potential after firing spikes at per time-
step as IF neuron does, even when under some strong as-
sumption. A detailed analysis can be found at Appendix A.

3.2 Optimization Method for Threshold of
Spiking Neuron

Besides the learning method in direct training as well as
grid search (Li et al. 2021) and the local threshold balancing
algorithm (Bu, Li, and Yu 2025) in ANN-to-SNN conver-
sion, Huang et al. present a novel optimization method for
the threshold of the IF neuron to lower the conversion error
of simulating ReLU. Assume the input x fed into the neu-
ron (here the 2 corresponds to z' mentioned ahead) obey a
normal distribution with a mean of p and a variance of o2
(de G. Matthews et al. 2018). The error of conversion from
ReLU to IF neuron can be expressed as a function of the
threshold 6:

= /_00 (f(z,0) — max(z,0))2e” (w;o‘é) dx, )
a0 = Latip( | Y2 0, ), (10)

Then it can be proved that through the iteration 6,,.,, =
kp.on(8) % Oori (here O, and 6,,; means the threshold
after and before being updated), the threshold will converge
to the unique optimal solution of the error QE(0). &k, 5., (6)
is as follows:
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Figure 1: The structure of Harmony Multi-Threshold Spik-
ing Neuron
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Figure 2: How spikes are emitted inside the Pos Neuron of
H-MT. The black dot lines here mean if a spike is fired, the
membrane potential should minus the corresponding thresh-
old. Since the communication mechanism is optional, we
mark with tangerine dashed lines.

4 Method

In this section, we propose a novel structure of multi-
threshold neuron with harmonious mathematical properties
as well as a generalized threshold optimization method, to
achieve conversion of high accuracy with low latency.

4.1 Harmony Multi-Threshold Spiking Neuron

To better simulate y = = (and ReLU) and to further optimize
neuron’s performance, it’s necessary to have a good design
of multi-threshold neuron able to overcome the defects men-
tioned in Section 3.1 and Appendix A. To properly limit the
range of its membrane potential under some strong assump-
tion, the neuron should have a better mechanism for emitting
spikes as well as a proper structure. Here we present a new
design called Harmony Multi-Threshold Spiking Neuron
(in short H-MT), as it enjoys some good properties and is
harmonious.

As shown in Figure 1, inspired by (Jiang et al. 2024),
H-MT is composed of two symmetric neurons, respectively
called Pos neuron and Neg neuron. Both are based on the
same structure Basal Neuron which can simulate ReLU, but
receive opposite inputs. When received a transformed input
u[t], H-MT will fed IL[t] = u![t] to the Pos Neuron and
fed I4[t] = —u![t] to the Neg Neuron. The spikes emitted
by the two neuron are called pos spikes (defined as x5 [t])
and neg spike (defined as xy [t]), and the output of H-MT is
2l[t] = abft] - aly[t].



To be precise, the basic dynamics of Basal Neuron are as
Equation (12) to (18). You may also referred to Figure 2,
which describes how spikes are emitted inside the Pos Neu-
ron of H-MT (since the Pos and Neg Neuron are symmetric).

Ll g ® ! 4 ! 12
Thresholds : X} = 6", 25 = . AL = 25 = AL, (12)
l _ min
v'[0] = —0, (13)
mi[t] = o[t — 1] + I'[t], (14)
: l —
= {1, if mift] >= AL 7 (15)
0, else
mi«kl[t]:mé[t}_késé[ﬂ’i:172""an_17 (16)
2l = > Alsld, (17)
=1
ol [t] = ml[t] — AL sh[t] = mi[t] — 2'[1] (18)

=o't — 1] + I'[t] — 2'[t].

At each time-step, there are 2" possible output values for
the H-MT neuron, from 0,\! to (2" — 1) A,in,. Therefore,

we extend the strong assumption from (Bu et al. 2022b) as
follows:

vi=1,...,T,
ul[t] < =27 — 1AL ifz! <—(2" —1AL ..
wllt] € (—(2" = DAL,,0), itz e (2" = 1AL, 0. (19)
ultfefo, 2" — )AL, ), ifzle[0,2n — DAL )
ullt] > (2" — DAL, ifz! > (2" - 1AL .

T wl
Let ¢y (T) = M Similar to Equation (7),
under this strong assumption, we can further derive the
mathematical expression for H-MT’s output, as given in
Equation (20). This derivation is feasible because the Basal
Neuron of H-MT is capable of restricting its membrane po-
tential within either [0, A! . ), depending on the input.
P! (T) = $p(T) — ¢y (T)
iy A (20)
N ], —@" =T, 2" - 1T).

min

= [
T Ci ’Lp( I_

Meanwhile, we are faced with another challenge called Un-
evenness Error, which is first proposed by Bu et al. and calls
for more serious consideration. It descirbes the conversion
error caused by the uneveness of input. A classical example
of the unevenness error can be found in Appendix B for a
better understanding. It can be even more complicated when
it comes to multi-threshold spiking neurons, as the input and
output become more complex, making it difficult to define
“evenness” at least.

We notice that such errors are largely caused by specific
inputs with extreme magnitude and the clustering of same-
signed inputs, which can lead to extreme membrane poten-
tials and further result in extra or missing spikes. To address
this issue, we introduce a simple yet powerful communica-
tion mechanism to reduce unevenness error by preventing
extreme membrane potentials. This mechanism, as defined
in Equation (21), operates on the membrane potentials of
the Pos Neuron and Neg Neuron (vl [¢] and vl [¢]) after spike
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firing. This mechanism is executed after the neuron dynamic
computation at each time-step.

'UﬁD/N [t] + 'UiD/N [t] + wlN/P[tL (21)
It can be easily proven that under the strong assumption
Equation (19), H-MT with communication mechanism can
still keep the mathematical expression Equation (20). More-
over, at each time-step, H-MT with communication mech-
anism will prevent the membrane potential of the two parts
from being too extreme, and as following Lemma 4.1 shows:
Lemma 4.1. H-MT with communication mechanism will
have only one of its Pos and Neg neuron to fire spikes at
every time-step, as for¥t = 1,--- [T, we have:
vp[t] + o [t] = Al (22)
Detailed analysis of H-MT’s properties can be found at
Appendix C. And the test cases demonstrating how com-
munication mechanism suppresses unevenness error can be
found at Appendix D.

4.2 Extension of the Optimization Method for
Threshold

Since the mathematical expression of H-MT (Equation (20))
differs from that of IF model (Equation (7)), the optimiza-
tion method of threshold from (Huang et al. 2025) doesn’t
apply. Therefore, we generalize the Huang et al.’s theorem
and make it applicable for more multi-threshold neuron with
proper structure that can derive similar mathematical expres-
sion.

Assumption 4.2. According to the (de G. Matthews et al.
2018), assume that the input x fed into the neuron (here the
x corresponds to z! mentioned ahead) follows a normal dis-

tribution with mean  and variance o2

By extending the error of conversion from ReLU to y =
x, the following definitions and lemmas can be proposed to
find the best threshold in such condition.

Definition 4.3. The quantization and clipping errors intro-
duced when approximating the y = z function can be for-

mulated as:
(z—p)2

QE(@,a,b):/oo (f(x,0,a,b) —x)2e” 202 da, (23)
9
f(z,0,a,b) = gclip( an;— 2 l,a,b),a,b€Z,a <b, (24)
n

where a, b are arbitrary integers not necessarily related to n,
and that the Z here is the set of integer.

We can extend the error function QF to two auxiliary
functions QF, and QF, which facilitate the calculation of
the optimal threshold. These functions are defined as fol-

lows:
oo N CE
QB0 kab) = [ (Al@ bk ab)—oe
—o00

dz, (25)

nx—i—g
0

F1(@,0,k,a,6) = koelip(| "2 |, 0, b),a,b € Z,a < b, (26)
n

e z—p)?
QEQ(Q’ k7a7b) :/ (fQ(Z',e,k,[l, b) - 1’)2 6_( 20 : dz, (27)

ko
2

fZ(x,é),k,a,b):gclip(L ol ab)abeza<h (28)
n

Then we have following lemmas.



Algorithm 1: Threshold iteration method to find the best
threshold for conversion from ReLU/y = =z to spiking neu-
ron

Input: Pre-trained ANN Model Fann, Dataset D.

Initialize: Set @ < 1 (any positive initial value)

Run the model Fann on dataset D to statically compute

the mean p and variance o2 of pre-activations of each

ReLU / y = z separately.

repeat

5:  Compute k; for current 8 based on p and o2 accord-
ing to Eq (29)

6: Update @ < k; -0

until 1 — e < k1 < 1 + ¢, where € tends to 0.

8: Output: Threshold 6

» wn e

~

Lemma 4.4. For any fixed integer a,b,n, any fixed 0 >
0,u,0 > 0, QE1(0,a,b) reaches the minimal value only
when:

k =kyi0,n,0,6(0)
2i—1
b Tkl
n [a+b—zi:a+lerf ( 2\/5(-r )}
] 2i-1,_
a? +b% — Z?:a«{»l (21— 1)erf < 2?@” M)

(25t0-)?

0

(29)

b 2
N aq1€ il

o
+ iy’ b . 2izlg_y ’
\/; a2 +b2 =370, (20— Derf (%)

Lemma 4.5. Whena <0 <b, a < b, forany > 0,u €
R, o > 0, we will always have: ky;, o q.5(0) > 0.

Lemma 4.6. For any fixed integer a,b,n, any fixed 0 >
0,u,0 >0, forall k > 0, QE2(0, a,b) reaches the minimal
value only when: k = 1.

Then for integers a < 0 < b with a < b, the following
inequality naturally holds:

QE(k10,a,b) < QEa(k10, ki,a, b) = QE1(0,k1,a,b) < QE(6,a,b). (30)
1

where ki denotes &, 5.q,5(6) for simplicty. Moreover, the
equality holds if and only if k; = 1.

Lemma 4.7. When a < 0 < b, a < b, there exists a unique
0o > 0 such that ki1 = 1. When 0 < 0 < 6y, k1 > 1. When
0 > 0y, 0 < k1 < 1. We can further derive that for fixed a, b
QE(0,a,b) reaches the minimal when 6 = 0.

It’s worth noticing that since a < 0 < b, a < b, and
since a, b are arbitrary integers not necessarily related to n,
all the generalized theorem above can be applied not only
to optimization of the threshold of both H-MT and classical
IF model, but also to the conversion from both y = = and
ReLU to spiking neuron.

Therefore, we can still optimize the threshold 6 through
iteration, as shown in Algorithm 1. The detailed proof of the
theorems in this section can be found in Appendix E.

5 Experimental Results

In this section, we first evaluate the performance of our pro-
posed method on ImageNet dataset (Deng et al. 2009) across
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different models, including ResNet18, ResNet34, and VGG-
16bn, comparing our results with some previous ANN-to-
SNN conversion methods. Then, we compute and analyze
the energy consumption of the converted SNNs. Finally, we
conduct comparative experiments to explore the influence
of the number of thresholds in H-MT, check H-MT’s per-
formance of simulating identity mapping, and validate the
effectiveness of generalized threshold optimization method
as well as the communication mechanism.

5.1 Comparison with Previous ANN-to-SNN
Conversion Methods

As shown in Table 1, we conducted CNN-to-SNN conver-
sion with our H-MT on ImageNet (Deng et al. 2009) across
ResNet18, ResNet34 and VGG-16bn, and compare the re-
sults with those of previous works. We denote the converted
model as model — n/M, meaning that the multi-threshold
neuron have n threshold and its threshold are chosen through
method M. Here method Opt means our generalized thresh-
old optimization method while method 999 means the tra-
ditional method of choosing the 99.9% quantile of ANN’s
activation value (denoted as Acgg g) as the threshold. To
be precise, when using the 999 method, we normalize the
minimum threshold of H-MT as A, = Acgg.o/(2" — 1).
The conversions are conducted basically through replacing
ReLU with the Pos Neuron part of H-MT, since there are not
many identity mappings in the 3 models involved. But we
conduct experiments as well of H-MT substituting y = «
to check the neuron’s performance with 16 inference time-
steps, corresponding to 16Y=* in Table 1. H-MT here is
equipped with communication mechanism.

From the results of experiments conducted with tradi-
tional threshold method, we can see that (Pos Neuron of)
H-MT is of high precision due to its nicely designed struc-
ture with good mathematical property. Performance further
improves with our generalized optimization method, high-
lighting the value of this approach. Moreover, the excellence
of our method isn’t fully demonstrated, even if DCGS from
(Huang et al. 2025) outperforms our method, as they intro-
duce a novel differential coding method with better precision
to replace traditional rate coding, while we focus on modifi-
cation of spiking neuron’s structure. Besides, concrete data
of experiments conducted on ImageNet (Deng et al. 2009)
from other previous ANN-to-SNN conversion works based
on design of spiking neuron structure is lacked for meaning-
ful comparison.

5.2 Energy Estimation and Result Analysis

Accroding to (Horowitz 2014), the energy consumption ratio
of the converted SNN relative to the ANN can be expressed
by the following Equation,

MACssnn % Evac + ACssaN X Eac
MACSsaANN X Enmac

Esnn

. GD

EANN

where EMAC = 4.6pJ and EAC = 0.9pJ.
Since SNNs has almost no multiplication operations, we
can regard M ACsann >> M AC ssnn. Thus, we only need



Method Type Arch. Param.(M) ANN Acc(%) T SNN Acc(%)
TS
(Deng and Gu 2021) CNN-to-SNN VGG-16 138 72.40 64 70.97
SNM CNN-to-SNN VGG-16 138 73.18 64 71.50
(Wang et al. 2022) -to- - : :
MMSE ResNet-34 21.8 75.66 64 71.12
(Li et al. 2021) CNN-to-SNN VGG-16 138 75.36 64 70.69
QCFS ResNet-34 21.8 74.32 64 72.35
(Bu et al. 2022b) CNN-to-SNN VGG-16 138 74.29 64 72.85
SRP ResNet-34 21.8 74.32 4, 64 66.71, 68.61
(Hao et al. 2023) CNN-to-SNN VGG-16 138 74.29 4, 64 66.47, 69.43
GN
(Lv et al. 2024) CNN-to-SNN ResNet-34 21.8 74.35 8,32 73.57,73.46
BSNN
(Li. Zhao, and Zeng 2022)  CNN-0-SNN ResNet-34 21.8 73.27 989 72.64
DCGS ResNet18 11.7 71.49 4,8 70.07, 71.31
® . 2025) CNN-to-SNN ResNet34 21.8 76.42 4,8 73.35, 76.04
uang et al. VGG16bn 138 73.25 4,8 72.72,73.17
ResNet18 -4/999 11.7 71.50 4,16, 16¥=*  67.66, 68.48, 66.78
ResNet34 - 4/999 21.8 76.42 4,16,16"=*  71.91,72.85,71.67
VGG-16bn -4/999 138 73.25 4,16,16=>  72.19,72.15,71.78
ResNet18 - 4/Opt 11.7 71.50 4,16, 16¥=*  69.02,70.95, 67.61
H-MT (Ours) CNN-to-SNN  ResNet34 - 4/Opt 21.8 76.42 4,16, 16"=*  73.25,75.80, 74.86
VGG-16bn - 4/0pt 138 73.25 4,16,16¥=*  71.94,72.92,72.71
ResNet18 - 8/0pt 11.7 71.50 2,4 71.39, 71.07
ResNet34 - 8/Opt 21.8 76.42 2,4 76.276, 76.168
VGG-16bn - 8/Opt 138 73.25 2,4 73.242,72.452

Table 1: Comparison between the proposed method and previous ANN-to-SNN conversion works on ImageNet dataset.

Model Config Acc/Energy M
2 4

ResNet34 - 8/0Opt, Acc 76.276  76.168
Param:21.8M, Acc:76.42%  Energy ratio  0.2986 0.4703
ResNet34 - 8/999, Acc 72.908  72.908
Param:21.8M, Acc:76.42%  Energy ratio 0.5435 1.0861
ResNet34 - 8/999,, Acc 75702 75.684
Param:21.8M, Acc:76.42%  Energy ratio 0.4622  0.9228

Table 2: Accuracy and energy ratio of H-MT(Ours) withn =
8 thresholds, of ResNet34 on ImageNet Dataset. Thresholds
here are chosen through the generalized threshold optimiza-
tion method, traditional policy and empirical modification of
the traditional policy.

to estimate %’ which in H-MT Neuron can be calcu-
lated by
ACssnN DI ety Z?:l(sé,P,j [t] + Sf;,N,j[t])Cé (32)
MACsanN S 2 d ’

where c! represents the number of outgoing connections
from the i-th neuron in layer 1 to the neurons in the next
layer. Table 2 presents partial results of energy consumption
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ratio, and the detailed supplement results can be found in
Appendix F.

As shown in Table 2, with n = 8 thresholds on ResNet34,
the generalized optimization method (Opt) achieve less than
0.15% accuracy loss with low energy ratio within very low
latency (T' = 2), while the traditional policy (999) causes
higher energy consumption and still remarkable accuracy
loss. We assume this may be because that the threshold cho-
sen by traditional policy isn’t large enough, thus firing spikes
that are of large number but insufficient to generate desired
output value.

Therefore, we attempt another empirical modification of
the traditional policy, denoted as 9995, i.e. using twice
the threshold obtained by traditional methods as the ac-
tual threshold. As the experiment results show, method 999
achieves higher accuracy and a little lower energy ratio in
comparison with traditional policy, but clearly doesn’t out-
perform the generalized optimization method on these two
metrics.

5.3 Influence of the Number of Thresholds

As Table 3 shows, the effect of number of threshold is re-
markable. There is evident accuracy gap between H-MT
with n = 3 and n = 4 thresholds, which is understand-
able, since for n = 3 and n = 4, there are respectively 23



Model Config\Acc(%) Time-step T’
2 4 8 16

Paranf?gygg{‘} -At/co$6t’42% 7173 7325 75.02 75.80
Paranli:elsi\.l%\}[is -At/co%t’SO% 67.78  69.02  70.35 70.95
pararvnﬁ‘ééﬁ’?/;jgggs% 7078 7194 73.03  72.92
Parari:ezsi\.lg\élil -A3c/co$é’42% 6433 6833 71.6 7391
Parari?lsi\.l%\f -A3c/co$1t’50% 6133 6538 67.95 6943

VGG 6bn - 3/Opt, 6797 7037 7165 72.62

Param:138M, Acc:73.25%

Table 3: Accuracy of H-MT(Ours) with n = 4 thresholds,
and Accuracy of H-MT(Ours) with n = 3 thresholds, of dif-
ferent converted models on ImageNet Dataset. Thresholds
here are chosen through the generalized threshold optimiza-
tion method

and 2# possible output values at per time-step. It’s also inter-
esting that there is still notable accuracy gap betweenn = 3
with T = 16 and n = 4 with T = 8. Anyway, such re-
sults again emphasizes the high demands of ANN-to-SNN
conversion on the precision of neurons. Besides, result from
Table 2 validates H-MT’s excellence with a bigger number
of thresholds.

5.4 Effectiveness of H-MT’s Communication
Mechanism

As the results with 16¥=* in Table 1 show, although there
are very few identity modules directly used only at the
very beginning of ResNet18/34 and VGG-16bn, replacing
them with H-MT across these models can cause some per-
formance decline. To magnify the effect of communication
mechanism, we conduct conversion with H-MT on ViT-base
framework. In order to prevent great accuracy loss, we will
not replace all the identity modules. Instead, we follow the

Vit-base Time-step 7' = 16
Method Accuracy(%)
w/ communication  74.942
H-MT - 4/0pt w/o communication  69.214
w/ communication 73.878
H-MT - 4/999 w/o communication  63.482

Table 4: Accuracy of H-MT(Ours) with n = 4 thresholds
with or without communication mechanism for simplified
conversion of ViT-base. Thresholds here are chosen through
either the generalized threshold optimization method or the
traditional policy for comparison.
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policy of (Huang et al. 2025). Before fed into convolution or
linear layer, input will first be fed into spiking neuron simu-
lating identity mapping and be turned into spiking form.

As shown in Table 4, the effect of communication is sig-
nificant. There will be a great drop of accuracy without
communication mechanism no matter what threshold pol-
icy applied. Besides, H-MT with the generalized optimiza-
tion method outperforms H-MT with traditional policy a lot
when communication mechanism is not in use. Therefore,
both communication mechanism and the generalized opti-
mization method are excellent.

5.5 Effectiveness of Generalized Threshold
Optimization Method

As shown in Table 1, 3 and 4, H-MT achieves better conver-
sion with the generalized threshold optimization method, es-
pecially when simulating ReLU or y = x across ResNet18,
ResNet34 and ViT-base. For example, ResNet34 after such
conversion can keep an accuracy of 75.80% through 16 in-
ference time-steps. Besides, results from Table 2 further
validate the effectiveness of the generalized optimization
method in enhancing accuracy and reducing energy ratio.

However, the generalized threshold optimization method
doesn’t overall outperform traditional method. When con-
ducting conversion on VGG-16bn, we find out that with less
inference time-steps, the traditional method has a little ad-
vantage, but is defeated with more inference time-steps.

From our point of view, such results are largely because
the assumptions involved (Equation (19) and Assumption
4.2) are too strong and not so universal, but the generalized
optimization method for threshold of spiking neuron is in-
deed of value and does provide a promising direction for
future research of ANN-to-SNN conversion.

6 Conclusion

This article firstly introduces a design of a novel multi-
threshold spiking neuron structure called Harmony Multi-
threshold Spiking Neuron (H-MT) that simulates y = z. H-
MT is an extend version of classical IF neuron, containing
hybrid structure of a Pos Neuron and a Neg neuron, as well
as a nova communication mechanism. It is of harmonious
mathematical property which many multi-threshold spiking
neuron don’t enjoy and its structure is of potential to simu-
late ReLLU with higher precision. To adapt to H-MT, it then
includes a generalized optimization method for threshold of
spiking neurons simulating y = x or ReLU, which does fur-
ther enhance the performance.

The methods proposed in this article of course have plenty
of room for improvement. H-MT is not so of advantage in ef-
ficiency and energy consumption in exchange for its mathe-
matical property, and its performance of simulating y = x is
in urgent need of further advancing. Meanwhile, the gener-
alized optimization method may require lots of iterations to
get an ideal threshold, and isn’t generalized enough based on
the assumptions. We do hope this article can provide guid-
ance and inspiration for future research, thereby better ad-
dressing these challenges.
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