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Abstract

The spiking neuron model (SNM) mimics the processing
paradigm of synaptic and membrane potentials in the cere-
bral cortex. However, existing SNMs are limited by two is-
sues. First, they lack spike diversity. Although a spiking neu-
ron perceives temporally varying input currents, SNMs only
use identical synaptic weights for regulation. Second, they
are insensitive to weak spikes. The potential accumulation
in SNMs is solely driven by external inputs, ignoring the in-
ternal dynamics of potential. Oligodendrocytes, a recent rev-
elation in neuroscience, enhance neural signaling by form-
ing bidirectional communication. This offers the potential to
alleviate the aforementioned issues. In this paper, we first
propose the mechanism of the oligodendrocyte-spiking neu-
ron (Oli-N) model. Subsequently, using the Oli-N model, we
develop our Oli-inspired spiking neural network (Oli-SNN),
which broadens the diversity of spike representations and
enhances neurons’ firing precision through improved sparse
coding to enhance weak spikes. Experiments show that our
Oli-SNN achieves state-of-the-art performance in the classi-
fication task on both static and neuromorphic datasets.

Introduction

Spiking neural networks (SNNs) are a promising way to
achieve energy-efficient intelligence, they encode informa-
tion into spike patterns by modeling spike transmission and
nonlinear activation inherent in the neurodynamics of bio-
logical neurons (Mainen and Sejnowski 1995; Eshraghian
et al. 2023; Ghosh-Dastidar and Adeli 2009).

As the basic unit of existing SNN, the spiking neuron
model (SNM) temporally transmits information from NV pre-
neurons to a post-neuron via spikes (Fig. 1a). Given T times-
tamps and N pre-neurons, each pre-neuron generates either
a spike or not per timestamp. This outputs S with N7 el-
ements, where S = [s;+|nx7 and s;; € {0,1}. Typically,
spikes generated by all pre-neurons at a timestamp ¢ € [1, 7]
constitute an event S[t], where S[t] € IRV*! is the ¢ col-
umn of S. These 7" events are transmitted along the axon
of pre-neuron and undergo modulation by the same set of
neurotransmitters (referred to as synaptic weights in a net-
work, i.e., W = [w;]nx1), resulting in currents X, where
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Figure 1: Illustration of the spiking neuron model in ex-
isting works and ours. (a) Spiking neuron model, where
t € [1,T] denotes the t*" timestamp, V is the membrane
potential. Here, S is a matrix that records whether a neuron
has spiked at ¢. Each event S[t] is regulated by an identi-
cal set of synaptic weights, W = [w;]nx1. (b) Our Oli-
spiking neuron model, the oligodendrocyte (Oli) is a key
support element in neural function via bidirectional com-
munication with spiking neurons. The Oli assigns specific
synaptic weights, W = [w; ¢]nx 7, to spikes at each times-
tamp and correlates the V' with its previous activity, which
leads the neuron to output sparser spike sequences.

X = [STW]zy; and T is the transposed operator. Essen-
tially, the weight for a spike sequence from the same pre-
neuron remains constant at different timestamps. Then, these
currents simulate the post-neuron’s membrane potential at
various timestamps, generating output spikes with temporal
characteristics that stimulate the post-neuron.

As a simplified representation of neurodynamics between
neurons, the current SNM raised two issues. First, neu-
ronal synapses exhibit plasticity, leading to sustained func-
tional changes upon repeated stimulation by spikes at differ-



ent timestamps, which can regulate neurotransmitter types,
thereby improving the precision of temporal information
processing (Du and Dreyfus 2002). However, existing SNMs
uniformly process spikes across entire timestamps using the
same weights, limiting the representation of diverse charac-
teristics in spikes. Second, changes in neuronal membrane
potential influence the subsequent evolution of its potentials
(Fields 2015), thereby enhancing the temporal correlation
between spike sequences. In existing SNM, membrane po-
tential accumulation depends solely on input currents, with-
out accounting for the potential itself, which reduces neu-
ronal sensitivity to weak spikes.

Fortunately, oligodendrocytes (Oli) in neurodynamics
theory (Xin and Chan 2020), with their bidirectional com-
munication, promisingly enhance the biological plausibility
of current SNN functions. Oli enables a temporal response
to both neurotransmitters and membrane potentials. Conse-
quently, they regulate synaptic plasticity to encourage sparse
diversity and provide feedback on membrane potentials, en-
hancing sensitivity to weak spikes. This prompts neurons to
generate sparser spike sequences over time (Fig. 1b). There-
fore, we introduce Oli to SNN and formulate the Oli-spiking
neuron (Oli-N) model in the following aspects.

1) Synaptic plasticity. Oli, when stimulated by neuro-
transmitters, produces neurotrophins that regulate the subse-
quent release of neurotransmitters in both quantity and type
(Du and Dreyfus 2002). Oli assigns different weights, e.g.,
W = [w;¢]nxT, to spikes at timestamp ¢ — 1 based on
the weight at ¢, through bidirectional communication with
pre-neurons’ weights. This diversity in spike-weight combi-
nations enhances the representation of SNN-encoded.

2) Membrane potential feedback. The neuronal potential
activity at timestamp ¢ — 1 influences Oli’s behavior, prompt-
ing it to form myelin sheaths around the axon, which accel-
erates the conduction of action potentials (spikes) along the
axon, enhancing the synchronization of post-neuronal fir-
ing at timestamp ¢ (Fields 2015). In existing SNMs, neurons
and axons are typically modeled as a unified entity, thus Oli
plays a crucial role in regulating the precision of neuronal
firing. Based on this, Oli controls the potential activity at
timestamp ¢, e.g., V'[t], in response to changes in potential at
t — 1. This mechanism enables potential changes at times-
tamp ¢ beyond reliance solely on input currents, enabling
even weak spikes to directly influence the neuron’s firing.

3) Collaboration. Oli is typically not isolated, but groups
with multiple Olis to collectively optimize neural communi-
cation. This allows each member to focus on regulating neu-
ral functions within a specific region, improving optimiza-
tion efficiency (Simons and Trajkovic 2006). Therefore, we
extend the concept of Oli from a single entity to a group.

Additionally, we also propose a 4) connection integration
mechanism. This allows Oli to process the weights from
multiple neurons. With the formulated Oli-N model, we con-
struct our Oli-inspired spiking neural network (Oli-SNN) to
be directly trainable. Our main contributions include:

* We first introduce oligodendrocytes into the spiking neu-
ron model and then formulate the Oli-N model.

¢ We construct Oli-SNN based on the Oli-N model, achiev-
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ing accuracy improvements on the classification task
alongside sparser spike sequences.

* Compared to SOTA SNN methods, Oli-SNN achieves an
accuracy improvement of 0.6% ~ 2.3% on neuromor-
phic datasets, and 0.48% ~ 1.18% on static datasets.

Related Work

Spiking Neuron Models. Hodgkin and Huxley pioneered
the modeling of action potentials in biological neural net-
works (Hodgkin and Huxley 1952), offering extensive bio-
logical details and high computational costs (Kistler, Gerst-
ner, and Hemmen 1997). Subsequently, several neuron mod-
els have emerged, designed to receive continuous inputs and
convert them into spike sequences, such as spike response
model (SRM) (Jolivet and Gerstner 2003), Izhikevich neu-
ron model (Izhikevich 2003), Leaky Integrate-and-Fire neu-
ron (Dayan and Abbott 2005; Burkitt 2006; Wu et al. 2018),
and PLIF (Fang et al. 2021).

Spiking Neural Networks. Unlike traditional deep learning
models that convey information using continuous decimal
values, SNNs use discrete spike sequences to calculate and
transmit information (Cao, Chen, and Khosla 2015). There
are three ways to get SNN models: 1) unsupervised learn-
ing; 2) indirect supervised learning; and 3) supervised learn-
ing. The first one originated from the weight modification
of biological synapses, e.g., spike timing-dependent plastic-
ity (Querlioz et al. 2013). Due to its primary dependency on
local neuronal activities without a global supervisor, achiev-
ing high performance is quite difficult (Kheradpisheh, Gan-
jtabesh, and Masquelier 2016). The second one firstly trains
an artificial neural network (ANN), and then the pre-trained
ANN is converted to SNN by replacing ReLU activation lay-
ers with spiking neuron layers (Meng et al. 2022), which re-
quires extremely high latency to achieve satisfying accuracy
(Han, Srinivasan, and Roy 2020). The last one indicates that
gradient descent is a very popular optimization method for
this type. However, the event-triggered mechanism in spik-
ing neurons is non-differentiable, and the surrogate gradi-
ent is used for backpropagation (Yao et al. 2023a). Unlike
the existing SNN, our Oli-SNN, inspired by the Oli concept,
spikes diversity and sensitivity to weak spikes.

Neural Communication. Oligodendrocytes temporally re-
spond to synapse-released neurotransmitters and neuronal
potential activity, thereby providing continuous feedback
to optimize neural function (Du and Dreyfus 2002; Fields
2015). This suggests that changes in neural function com-
bine external diversity injections and intrinsic potential sta-
tus (Duncan, Simkins, and Emery 2021). Building on this,
we establish a more reasonable spiking neuron model with
diverse inputs and precise firing.

Methodology

Preliminaries

The spiking neuron accumulates membrane potential from
input currents, which is compared against a threshold to de-
termine spike generation. In this work, we transform the
Leaky Integrate-and-Fire (LIF) spiking neuron (Wu et al.



2018), whose dynamic model is described as follows:

X = Zs”wz Tt (1
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where N is the number of pre-neurons and ¢ € [1,7] is the
timestamp. Here, S = [s; ]nx7 denotes an N = T binary
matrix of 0 and 1. Specifically, s; + is a spike at timestamp
t produced by the *" pre-neurons. Note, W = [w;]nx1 is
the weights (modulation amplitudes) that regulate all events
from the same pre-neurons, which lacks specific consider-
ation for each event concerning the timestamps. We denote
the input currents as X € IRT*!, and X[t] € X represents
the input current at timestamp ¢. When the membrane poten-
tial H [t] exceeds the firing threshold V;;,, the neuron outputs
a spike S, [t]. Here, 7 is the membrane time constant, and
® (V) is the Heaviside step function, whichis 1 when V' > 0
and 0 otherwise. Following an event, the membrane poten-
tial V' [t] resets to reset potential V... if a spike is produced,
while it remains unchanged as H [¢] if no spike occurs.

Oligodendrocyte-Spiking Neuron Model

With the inclusion of Olis, the weights originating from
pre-neurons and the membrane potential from post-neurons
are initially transmitted to the Oli. Subsequently, the Oli,
through bidirectional communication, temporally assigns
specific weights to individual events and facilitates the ac-
cumulation of correlated membrane potential. We define the
bidirectional communication introduced by Oli from four as-
pects to formulate our Oli-N model.

First, the bidirectional communication endows neuronal
synapses with plasticity, enabling Oli to assign diverse
weights to regulate events at different timestamps (Du and
Dreyfus 2002). We take a unit ‘N; — Oli’ from Fig. 2a
as an example. The pre-neuron IN; initially releases the
weight w;; = w; to trigger the Oli, which then pro-
duces neurotrophins as feedback to regulate N;, induc-
ing the re-release of new neurotransmitters w;» = w,
which can also re-trigger the Oli. In general, upon receiv-
ing the weight w; ;—1, the Oli then produces temporal out-
put w; s = fi‘ét(wi’t,l), providing distinct regulation ampli-
tudes for each timestamp, thereby amplifying the diversity
of spatio-temporal information. Based on Eq. (1), the diver-
sity of spikes is generated due to temporal weights

(S@Wnl Tl Zs”w” Tx1? (5)

oty _ ) FY (Wnl[t_l]):[fi,t(wi,tfl)]ley 1<t<T
w [t]_{w, t=1,

where ® denotes the element-wise product, and W™ ¢
IRV T is the time-dependent weight generated by the bidi-
rectional communication between pre-neurons and the Oli.
Here, w;; € W"! denotes the weight for the it neuron at
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Figure 2: Illustrations of the bidirectional communication
between the neuron and the oligodendrocyte. (a) Synaptic
plasticity. The Oli responds to the weights from the pre-
neuron N;, assigning specific weights to regulate individ-
ual events. (b) Connection integration mechanism. The Oli
integrates the weights from /N pre-neurons. (¢) Membrane
potential feedback. The Oli correlates the membrane poten-
tial accumulation at timestamp ¢ with its intrinsic potential
activity at ¢ — 1. (d) Collaboration. Multiple Olis collabora-
tively engage in optimizing the neural function.

timestamp ¢, imparting each spike with a specific modula-
tion amplitude. We defined W™![¢] as the #** column of the
weight matrix W1, Note, fZAt() is a regulation function,
and FA() = ffily

Second, following the concept of Olis (Bergles and
Richardson 2016), the Oli integrates the weights from N
pre-neurons at each timestamp, such as W1 [t], to regulate
the weights based on global considerations (Fig. 2b). Conse-
quently, the Oli in our Oli-N model demonstrates a connec-
tion integration mechanism. Based on Eq. (5), we have

Zs”w” T><1

nory  JFMGH WM E—1]), 1<t<T
\%\% [t]{Gl(W), t:17

(S @ Wn2
(0)

where W' [t] = GY(W™L[t — 1]), G'(-) is a integration
function for timestamp ¢, W™!'[{] € IRN*! resulting in a
weight w; ; € W2 is related to weights from all N pre-
neurons at the same timestamp.

Third, Oli establishes correlations between membrane po-
tential activities at different timestamps (Madorran et al.
2022), such that the membrane potential changes at times-
tamp ¢ are influenced by both the input currents and its pre-
vious potential activity. This process enhances the neuron’s
sensitivity to weak spikes. As depicted in Fig. 2c, the Oli is
activated by the membrane potential recorded from times-
tamp ¢ — 1, i.e., V[t — 1], and then influences the potential
update at timestamp ¢. Then, the correlated membrane po-
tential, in conjunction with the input current, promotes the
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Figure 3: The schematic of Oli-SNN, in which our Oli-N model is used to construct the spiking neuron layer. Oli-SNN comprises
an Oli-Spiking patch splitting module (Oli-SPS), an Oli-SNN encoder module, and a linear classification head module. In the
zoom-in picture, the structure of each oligodendrocyte (Oli) is configured as an LSTM with L layers.

potential accumulation. As pre Eq. (2), the resultant corre-
lated membrane potential is

Hlt) = 1Y (V=14 (X[ = (8 (V= 1) = Veeser) ) D

where fY(-) is a control function of the Oli, allowing neu-
rons to fire by incorporating their historical potential activ-
ity. The output of the Oli comprises two shared-parameter
output forms, denoted as F;(-) = {F/(+), £V (-)}. This con-
figuration allows the Oli to refine the precision of neuronal
firing by updating the membrane potential while considering
external input currents.

Fourth, Oli typically does not exist in isolation; rather,
multiple Olis form a collaborative group that optimizes
neural communication through dynamic interactions among
them. Therefore, we expand the model to involve multiple
Olis, enabling each member’s function to focus on a spe-
cific region, thereby improving overall optimization capa-
bility. Moreover, the state of each Oli is derived from the
optimization results involving the other M — 1 Olis, enhanc-
ing its dynamic regulation capacity.

Considering M number of Olis, denoted as O{ MYs where
each corresponds to a subset of INj pre-neurons, e.g., the
k'™ Oli, Oy, establishes bidirectional communication with
Ny, pre-neurons along with the correlated post-neuron. For-
mally, we reformulate Eq (6) as

X=(SoW") 1y Zs”w” . ®)
M
W] — {U(Fﬁk (Gt(ek O W[t — 1]))) L 1<t<T
k=1
lex (er © W), t=1
and (7) as v
H[t) =U (FtYk (Vit - 1}))
k=1
1
42 (x00 - (RLVIE - D)L, = Vi) )
©))
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where Fy () = {Ft"}k(-), FY,.(-)} is the function of the kth
Oli to simultaneously assign weights and update membrane
potential. Here, e;, € RNV*! s a binary vector with value
one in the established connection between pre-neurons and
Olis, and Z,iw:l e, = 1, |ex| = Ny. Each e can be treated
as a mask to select pre-neurons’ weights that participate in
bidirectional communication with the k** Oli. Note, U(-) is
a joint function among multiple Olis (see Fig. 2d). Finally,
we formulate our Oli-N model incorporating Eq. (3), Eq. (4),
Eq. (8), and Eq. (9).

Framework of Oli-SNN

We construct a spiking neuron layer, denoted as Oli-L, based
on our proposed Oli-N model. By replacing the standard net-
work layer in a Transformer with Oli-L, we develop a di-
rectly trainable oligodendrocyte-inspired spiking neural net-
work (Oli-SNN). We further evaluate the advantages of the
Oli-N model over the traditional LIF model. Fig.3 provides
an overview of our Oli-SNN.

Given a 2D image sequence I € IRTXCXHXW ith
height H, width W, and channel C. The Oli-Spiking Patch
Splitting (Oli-SPS) module first splits I into spike-form
patches x. Then, the conditional position embedding gener-
ator (CPEG) (Chu et al. 2021) generates spike-form relative
position embedding and adds it to x for getting X,. After
passing the X to the P-block Oli-SNN encoder, which con-
tains an Oli-Spiking Self Attention (Oli-SSA) and an MLP
block, we get X, with p € {1,---, P}. Finally, the classi-
fication head (CH) is utilized on X, and outputs prediction

Y, whose described as follows,

Xo = Oli-SPS(T) + CPRG(OIi-SPS(I) ) ,
X, = Oli-SSA(X,—1)+ X1,
X, = MLP(X,)+X, ,

Y = CH(X,) .

10)
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Figure 4: The chain optimization for Olis, O ;. Straight ar-
rows are data flow direction, while curved arrows are the
impact of preceding Olis on subsequent ones.

With the Oli-L, Oli-SNN function, N is formulate as
Y:N(I,O(W,V,Q)), an

where optimization of weights W and membrane potentials
V is driven by the Oli function O(-), endowing neurons with
the capacity to process diverse inputs and exhibit precise fir-
ing. Here, ® is the weights of Olis, and ® = {Pp, Py, Py}
are implied in {F} 1 (-)}; k LG ) YL, and U().

Bidirectional communication enables each Oli, F} (),
to temporally optimize neural communication, endowing it
with the characteristics of processing time series data. Con-
sequently, as depicted in Fig. 3, this function is constructed
using a recursive LSTM, denoted as Fy ;. (-) = [LSTM;]%,,
where [ denotes the number of layers within the LSTM. This
structure enables the capture of temporal correlations be-
tween event features and potential changes across the en-
tire timestamp. In each layer of the LSTM, the input in-
tegrates the output from all preceding LSTM layers, i.e.,
Fp(w,l) = ﬁ;i F, 1(w,1). This amplifies the respon-
siveness of Olis to the historical optimization of events and
potentials at each timestamp.

Given that the weights W can involve a substantial num-
ber of parameters, e.g., a 101-layer ResNet has approx-
imately 44.5 million parameters (He et al. 2016). Thus,
the function G*(-) needs to compress W, while retain-
ing more key information. We use attention and ViT mod-
ules to built this function. The attention module first com-
presses the input-weight of Oli into channel descriptors via
global average pooling. Descriptors are then fused through
a lightweight fully connected layer, resulting in the global
feature for each Oli input. The input features of each Oli
are treated as a patch fed into the ViT module, incorporating
positional information to represent their associations. Due
to the compression operation, ViT can be designed as an ex-
tremely lightweight model.

The collaboration between Olis is established through the
joint function U(-), with dynamic interaction realized via
a chain optimization. As depicted in Fig. 4, bidirectional
communication is established between Olis, Oy, and N
number of neurons, N y}. During each training epoch, the
optimization progresses sequentially from O; to O, until
Oyusy is fully optimized. Hence, employing (-) involves
optimizing Oy,/y across all timestamps. The chain opti-
mization introduces temporal interactions among neurons by
propagating spikes from optimized neurons to influence oth-
ers. The joint function (-) and the integrative connection
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function G*(-) within Olis ensure a global-temporal opti-
mization of neurons by each Oli across the entire network.

Training Scheme

Building upon insights from (Simons and Nave 2016), the
dynamic interaction between neurons and Olis provides an
alternative optimization strategy for Oli-SNN. Constructing
our Oli-SNN with Oli-N, we implement a two-step opti-
mization to simulate this interaction procession (Bradl and
Lassmann 2010). Initially, we optimize the spiking neuron
module (SNM), followed by optimization of the Oli module
(OM). The optimal parameters W of SNM are determined
by minimizing the following function

W* = arg min Lyaex (N(I, O(W,V, @)),Ygt) , (12)
W

where L5 () is the task specific loss function and Y8' is
the ground-truth label.

Subsequently, utilizing the current optimal W*, we opti-
mize the OM by incorporating both a task term Lq(-) and
a regularization term L,eq(-). The task term Liaqx(+) drives
the OM to optimize the activation status of neurons in the
SNM, aiming for superior performance. Simultaneously, the
regularization term L. (-) employs KL divergence to en-
hance spike diversity, distinguishing the output distribution
of Olis at each timestamp. This is defined as

ZZFt 1.k(Wy)log

k=1t=2

Fi 1. (Wy)

Fy . (Wy)

reg

(13)
where W, = e, ® W represents the input to the k** Oli.
Taking Eq. (12) and (13), the final learning objective of OM
is formulated as

P* = arg min(ﬂtask(q)) + )\Ereg(i’))
3

14
= argmin(EOM(@)) , (19
3

where A is a balancing factor. After training, only a small
transformed vector output by Oli needs to be saved, which
is used to convert the original weights to temporal weights.
Thus, the final number of parameters in our Oli-SNN is only
slightly increased compared to the baseline.

Experiments

Implementation Details. The experimental models are de-
veloped using PyTorch and Spikinglelly. We utilize the
AdamW optimizer during training. The configuration is
specified as follows: the number of Olis is set to M = 4,
the diversity coefficient A\ = 5e-4, and LSTM layers within
each Oli is setto | = 4. All reported figures represent the av-
erages of five repeated experiments. Please refer to the sup-
plementary material for more details.

Dataset. We conduct experiments on both neuromorphic
datasets (DVS128 and CIFAR10-DVS) and static datasets
(CIFAR and ImageNet) to evaluate the performance of our
Oli-SNN. DVS128 with a 128 x 128, encompassing 11 hand
gesture categories from 29 individuals under 3 illumina-
tion conditions. CIFAR10-DVS, with a 128 x 128, provides



CIFAR10-DVS DVS128

Methods
T Acc (%) T Acc (%)

LIAF-Net 10 70.4 60 97.6
TA-SNN 10 72.0 60 98.6
DSR 10 77.3 20 98.1
Att MS PLIF 20 75.1 20 98.3
Spikformer 16 80.9 16 98.3
OIli-SNN 16 824 +15 16 98.9 +0.6
QKFormer 16 84.0 16 98.6
Oli-SNN 16 858 118 16 99.3 to0.7
SpikingResformer 10 81.2 10 91.8
Oli-SNN 10 83.5 +23 10 932 114

Table 1: Performance comparison to the SOTA SNN meth-
ods on two neuromorphic datasets. ‘Acc (%)’ denotes Top-1
accuracy, ‘T’ denotes Time Steps. The best number in bold.

9, 000 training samples and 1, 000 test samples. CIFAR pro-
vides 50, 000 training and 10, 000 test images with a 32 x 32
resolution. ImageNet with a 224 x 224 resolution, contains
around 1.25 million training images across 1,000 classes
and 50, 000 images for validation.

Baselines. We train our Oli-SNN from scratch and con-
duct comparative against the state-of-the-art (SOTA) direct-
training SNN baselines, including Att MS (Yao et al. 2023b),
Spikformer (Zhou et al. 2023), DSR (Meng et al. 2022), QK-
Former (Zhou et al. 2024) and SpikingResformer (Shi, Hao,
and Yu 2024).

Note that in the following experiments, we reconstruct
the spiking layer of baselines by replacing their LIF model
with our proposed Oli-N model, in order to evaluate the ad-
vantages of Oli-N over the traditional spiking neuron model.

Results of Neuromorphic Datasets

The comparison between our Oli-SNN and the SOTA SNN
methods is shown in Tab. 1. SNNs typically require more
timestamps to capture temporal dependencies in neuromor-
phic data. For fairness, we follow the timestamp settings
used in the SOTA baselines.

For CIFAR10-DVS, our accuracy outperforms the corre-
sponding baseline by 1.5%, 1.8%, and 2.3%, respectively.
Additionally, our method shows a substantial 8.5% increase
in accuracy compared to DSR with binary spikes (77.3%).
For DVS128, our method consistently outperforms the com-
pared SOTA SNN methods. Although TA-SNN employs
floating-point spikes during forward propagation, our best
result (99.3%) exceeds its performance (98.6%) by 0.7%.

Results of Static Datasets

CIFAR. The experimental results of our method on CI-
FAR are presented in Tab. 2, alongside the results ob-
tained from the ANN method. For CIFAR10, our Oli-
SNN achieves SOTA accuracy. By replacing the LIF model
in these baselines—Spikformer, QKFormer, SpikingRes-
Former—with our Oli-N model, their accuracy is further im-
proved by 0.53%, 0.58% and 0.92%, under the same time
step setting. For CIFAR100, the performance improvement
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Methods Architecture Params cio C100

™M) Acc (%) Acc (%)
ANN Trans-4-384 9.32 - 96.73 81.02
DSR ResNet18 11.17 20 95.40 78.50
Att MS ResNet ResNet-34 22.12 1 94.83 76.62
Spikformer S-Trans-4-384 9.32 4 95.19 77.86
Oli-SNN Oli-S-Trans-4-384 10.40 4 95.72 1053 78.78 1 0.96
QKFormer HST 6.74 4 96.18 81.15
Oli-SNN Oli-HST 10.40 4 96.76 10.58  82.21 1 1.06
SpikingResformer ~ SResformer-Ti 11.14 4 95.53 79.92
Oli-SNN Oli-SResformer-Ti 12.36 4 96.45 1 0.92 80.86 1 0.94

Table 2: Performance comparison with existing SOTA mod-
els on CIFAR. ‘Oli-SNN-L-D’ denotes L encoder blocks
and D feature embedding dimensions. ‘S-Trans’ denotes
Spiking Transformer. ‘HST’ denotes Hierarchical Spiking
Transformer. ‘SResformer’ denotes SpikingResformer. C10
and C100 denote results on CIFAR10 and CIFAR100.

Params Power Acc

Methods Architecture ™) T () )

ANN Trans-8-512 29.68 1 8.33 80.80

DSR ResNetT18 11.17 20 8.48 67.86

Att MS ResNet ResNetT34 22.12 1 0.55 69.15
Spikformer S-Trans-8-512 29.68 4 11.58 73.38
Oli-SNN Oli-S-Trans-8-512 31.06 4 11.82 1 0.24 73.86 1 0.48
QKFormer HST-10-768 64.96 4 3891 84.22
Oli-SNN Oli-HST-10-768 67.98 4 36.75 | 2.46 85.40 1 1.18
SpikingResformer ~ SResformer-M 35.52 4 5.46 77.24
Oli-SNN Oli-SResformer-M ~ 37.24 4 5.43 L 0.03 78.11 1 0.87

Table 3: Performance comparison of Oli-SNN with exist-
ing SOTA models on ImageNet. Power is calculated as the
theoretical energy consumption (TEC) when predicting an
image from the ImageNet test set.
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Figure 5: Training loss curve of Oli-SNN over epochs, show-
ing steady decrease in loss and stabilization during training.

achieved by our Oli-SNN is more pronounced, surpassing
the competing methods by 0.96%, 1.06% and 0.94%.
ImageNet. We present the comparative results on Ima-
geNet in Tab. 3. Our Oli-SNN, trained from scratch on Im-
ageNet, achieves accuracy improvements of 0.48%, 1.18%
and 0.87% by reconstructing the spiking layers of baselines
using the proposed Oli-N model.

Note that although our framework introduces a few ad-
ditional parameters to enhance weight diversity, the power
during the testing phase remains reduced for larger models
(in terms of parameter count). This is attributed to the lower
firing rates of the query, key, value components in Oli-SSA
(as illustrated in Fig. 5), which compensate for the overhead
introduced by the Oli mechanism.



Training time  Inference time

Model

(1 batch) (1 batch)
QKFormer(29.08M, T=4), BS=1 2.72s 1.33s
OIli-SNN (30.45M, T=1), BS=1 3.35s 1.20s
QKFormer(29.08M, T=4), BS=6 3.62s 1.82s
OIli-SNN (30.45M, T=6), BS=6 4.58s 1.59s

Table 4: The training and inference time between Oli-
SNN and QKFormer on ImageNet. ‘BS’ means Batch Size.

Discussion and Ablation Studies

This section explains the rationale behind our method by
comparing it to the previous second-best method, QK-
Former, and evaluates its performance on ImageNet.
Training curves. The training loss trajectory of Oli-SNN on
ImageNet, illustrated in Fig. 5, highlights the convergence
of our framework and training scheme. Initially, our Oli-
SNN exhibits a relatively high loss value attributed to the
dynamic optimization of neurons by Olis in Oli-L has not
yet reached stability. As Olis gradually assigns more appro-
priate modulation amplitudes to events and simultaneously
enables adaptive firing in neurons. Our method establishes a
lower bound on the QKFormer loss value after 100th epochs.
Beyond the 150th epoch, our method reduces oscillatory.

The Training and Inference Time. In terms of training
time, the per-batch training time of Oli-SNN is 1.23 times
that of QKFormer, primarily due to the overhead introduced
by the Oli mechanism. The training epochs of QKFormer on
ImageNet are 200th, while our framework’s training time is
150th due to its faster reduction of oscillations (as mentioned
in Fig. 5). Thus, the total training time cost of Oli-SNN on
ImageNet is close to QKFormer.

In terms of inference time, Oli-SNN outperforms QK-
Former because Oli is not involved in the calculations during
inference (only the transformation vector produced by Oli is
stored after training), and Oli-SNN is inherently more sparse
(as shown in Fig. 5).

Ablation of Spike Diversity. Spike diversity is reflected in
assigning specific weights to neurons at various timestamps.
We only introduce the synaptic plasticity mechanism into the
spiking neuron model, labeled as ‘Ours-Weight’, to evaluate
its effectiveness. First, we analyze the overlay of attention
maps for all events within 4 timestamps on the input image
to highlight the benefits of using multiple amplitudes to reg-
ulate spikes, rather than a single amplitude for all. This vi-
sualization follows Grad-CAM (Selvaraju et al. 2017). Spike
diversity encourages the SNN to focus more attention on tar-
get regions rather than the surroundings. For instance, in the
1%t row of Fig. 6, labeled ‘fox’, our focus grows within the
target region, whereas Spikformer either overlooks or pays
less attention.

Ablation of Weak Spike Sensitivity. We utilize only the
membrane potential feedback mechanism in our model, la-
beled as ‘Ours-Potential’, to evaluate its ability to enhance
neuron sensitivity to weak spikes. First, we explore the re-
flection of attention maps with weights below 5e-4 in the
last encoder block of the model on the input image. This
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(b) QKFormer  (c) Ours-Weight

(a) Input

Figure 6: The attention map results on images for QKFormer
and ‘Ours-Weight” with only spike diversity.

(c) Ours-Potential

(a) Input

(b) QKFormer

Figure 7: The attention map results on images for QKFormer
and ‘Ours-Potential’ with only sensitivity to weak spikes.

is achieved by associating membrane potentials at differ-
ent timestamps through Oli, increasing focus on specific
locations in the input image. For instance, in the first row
of Fig. 7 labeled ‘skeleton’, we can highlight the osseous
within the target.

Conclusions

In this paper, we propose an oligodendrocyte-spiking neu-
ron model, focusing on the bidirectional communication be-
tween Olis and neurons, thereby constructing Oli-SNN. An
analysis of the communication mechanism reveals that Oli-
SNN exhibits characteristics encompassing more diverse
spikes and heightened sensitivity to weak spikes. Experi-
mental results highlight that our Oli-SNN achieves SOTA
accuracy through more precise neuron firing.
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