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Abstract—This paper introduces the design of a Spiking
Convolutional Vision Transformer (SCvT) by using the biological-
inspired learning rules including spike-timing-dependent plastic-
ity (STDP) and reward–modulated STDP (R-STDP) for a clas-
sification task. We describe the structure of the SCvT simulated
with deep spiking convolutional neural networks (DSCNN) and
give a detailed description of the classification strategy.

Index Terms—SNN, Transformer, Computer Vision

I. INTRODUCTION

Today, convolution neural networks (CNNs) have been

considered de facto standard in the computer vision field; oth-

erwise, Transformer is the dominant architecture in the natural

language processing (NLP) field. Its astonishing success in the

language models has inspired scientists to search for ways to

adapt it to computer vision. Dosovitskiy et al. [1] proposed

the image-attentional convolution-free classifier architecture

“Vision Transformer (ViT)” applied to ImageNet dataset. ViT

splits the images into non-overlapping patches (16 × 16).
These patches have been represented as tokens in NLP and

embedded with a particular positional encoding to demonstrate

the spatial information. Although ViT has achieved success

at a large scale, its performance is still poor compared to a

CNN model performance such as ResNet [2]. Wu et al. [5]

presented the Convolutional vision Transformer (CvT) that

incorporates CNNs into the ViT structure. CvT architecture has

proved its superiority of effectiveness on ViT by concurrently

maintaining a high degree of memory and computational

efficiency in terms of both parameters and floating-point oper-

ations (FLOPs), respectively. Lately, the applications of deep

spiking convolutional neural networks (DSCNN) have gained

much attention since they are hardware-friendly and energy-

efficient [3]. Furthermore, using specialized real-time chips to

train DCNNs with precise error back–propagation still needs to

be functional. Due to these reasons, researchers have examined

several methods for applying DSCNNs in computer vision

tasks. In this paper, we introduce spiking convolutional vision

Transformer (SCvT) where learning happens using both STDP

and R-STDP [3]. STDP is an unsupervised learning form of

https://github.com/meera-m-t/Spiking-Convolutional-Vision-Transformer

Spike-Wave Tensor

t = 0 t = 1 t = Tmax

Time

Spiking Convolution Token Embedding

Spiking Convolutional Projection For Attention

••••Features

t = 0 t = 1 t = Tmax

DWC BN 1× 1 Conv Flatten
V

DWC BN 1× 1 Conv Flatten
K

DWC BN 1× 1 Conv Flatten
Q Multi-

Head

Attention

Fig. 1. Image depicting the token embedding and convolutional transformer
block in the SCvT.

synaptic plasticity, noticed in various brain areas, mainly in the

visual cortex. Its working mechanism considers on the differ-

ences in firing time between pre– and post–synaptic neurons;

where if the pre–synaptic neuron fires earlier than the post–

synaptic one, the synaptic–connection is strengthened, while

opposite process leads to weaken it. STDP works efficiently

in detecting statistically frequent features; nevertheless, as an

unsupervised learning algorithm, it faces difficulties in crucial

functionalities such as decision-making. Combining R-STDP

with STDP in the classification model helps neurons not only

to be able to extract features but also learn relative connections

between categories and create super–categories [3].

II. PROPOSED MODEL

The proposed SCvT model is a multi-stage hierarchy built

using DSCNN trained with STDP/R-STDP rules [3], whereas

the three stages are used in total. Each stage involves two

spiking convolution–based operations: the spiking convo-
lutional token embedding and the spiking convolutional
projection for the multi-head self-attention module. As

the primary stage, an input image is converted into a spike-

wave by convolving it using the difference of Gaussian (DoG)

filters [4] and encoding it into spike times by the intensity-

to-latency encoding scheme. In the second stage, the spik-

ing convolutional token embedding executes an overlapping

spiking convolutional procedure with stride on the spike–

wave–reshaped token map, followed by layer normalization.

This lets SCvT detect local information and progressively

reduce the length of sequence while simultaneously growing

the dimension of features’ token over stages. In the third stage,

the spiking convolutional projection layer works to acquire
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appended modeling of local spatial context and decrease

semantic complexity in the attention mechanism.

A. Input spike–waves

Each image is initially convolved using on–and off–center

DoG filters with zero padding at three different scales. After

that, all the output values from the DoG filters below the

threshold are disregarded, and the rest values are descendingly

ordered, designating the order of spike propagation, where

each spike bin corresponds to a single time-step (or bin)

per stimulus. To further clarify, let temporal feature maps F
represent the stimulus, each comprising of a grid of H ×W
neurons. Let Tmax is the maximum number of bins and Tf,a,b

indicates to the spike bin coordinate of the neuron located at

(a, b) of the feature map f , where 0 ≤ f < F, 0 ≤ a < H ,

0 ≤ b < W , and Tf,a,b ∈ {0, ..., Tmax − 1} ∪ ∞. The ∞
symbol indicates to no spike. Consequently, The dimension of

the spike-wave tensor of each image is Tmax × F ×H ×W .

B. Spiking convolution token embedding

SCvT has used the non-overlapping with the convolutional

token embeddings as alternatives of the patch embeddings in

ViT [1]. Formally, a given spike-wave tensor input or output

token map from a prior stage xi−1 ∈ R
Tmax×Fi−1×Hi−1×Wi−1

is the input of stage i. Whereas, a function f(·) which is a

2D spiking convolutional operation of kernel size k×k, stride

s and p padding is learned by mapping xi−1 into the new

token f(xi−1) with a feature size Fi. The height and width of

the new token map f(xi−1) ∈ R
Tmax×Fi×Hi×Wi are given as

follows:

Hi = �Hi−1 + 2p− k

s
+ 1�, Wi = �Wi−1 + 2p− k

s
+ 1�

(1)

Subsequentially, f(xi−1) is flattened into size Ti × Fi ×
HiWi and normalized.

C. Spiking convolutional projection for attention

Self-attention mechanisms are the key to a transformer’s

representative power. Instead of using the linear projection

prior to every self-attention block [1], we replace it for the

attention operation with spiking convolutional projection as

was done in [5]. Typically in a transformer network, the

embedded tokens are multiplied by the key, value and query

weight matrices. Several of these weight matrices are stored,

each transforming queries, keys and values. The outputs from

these matrix multiplications then are fed into a multi-head

attention layer (see Fig.1). In SCvT, the keys Ks, queries

Qs, and values V s are created differently: via the “convo-

lutional projection layer”. Instead of matrix multiplications,

the inputs to the multi-head attention block are created by

spiking convolutions. Specifically, to project the token em-

bedding tensor (xi
q/k/v) into Ks, Qs, and V s in layer i, the

following operations occur: 1) Depth wise Spiking convolution

(DWSC) snn.Convolution projection implemented built

using SpykeTorch [3] with a kernel of varied size k. 2) Batch

normalization. 3) A multichannel convolution with a 1 × 1

kernel. 4) Flattening into 1D for subsequent process, which

can be drawn up as follows:

xi
q/k/v = Flatten(ssn · Convolution

(Reshape2D(xi), k))
(2)

D. Decision-making and reinforcement signal

To learn a neural network, neurons’ weights must be up-

dated after forward passes of data through a network. In stages

one and two, we use STDP rules to update the weights matrix,

while in the third stage, we use R-STDP [3]. While STDP

is neglected to give feedback, R-STDP adjusts the polarity

of weight variations based on the emitted neuro-modulators,

imitating the feedback informed from the surrounding environ-

ment. Specifically, the requirement for an extra complicated

classifier is alleviated by leveraging R–STDP [3] to use deci-

sion layer based on a neuron, and updating the weight matrix

based on two reinforcement learning functions, a reward, and

punishment. In the third stage (decision-making stage), the

neuron’s label with either the earliest spike time or the highest

potential will be chosen as the network’s decision. After

matching the network’s decision with the target input label, the

reward/punishment modify plasticity in the R–STDP–enabled

layers to make the target behavior more/less likely to occur

again.

III. EXPERIMENTAL RESULTS AND DISCUSSION

We benchmarked our model using commonly known vision

dataset “Tiny ImageNet” that accommodates 100000 images

of 200 classes. We built our model using PyTorch–based

spiking library: SpykTorch and pytorch-spiking. To

take advantage of multiple GPUs to train our model, we

modified SpykeTorch to work for multi-batch with numerous

GPUs. In contrast, in SpykeTorch’s modules, built–in batch

processing has been used for the time–dimension. Therefore,

it does not provide built-in batch processing at the moment. We

compare the performance based on the Top-5 Accuracy. (%)

metric between our model vs. ViT and CvT, and the results

respectively as follow 51.82%, 68.19% and 65.01%. Future

work includes increasing the productivity of our model to work

with large scale datasets.
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