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Abstract: Accurate and robust deep learning models for facial expression recognition are challenging to achieve,
given the diversity of human faces and variations in images, including different facial poses and lighting conditions.
In this work, we proposed a clock-driven convolutional Spiking Neural Network (SNN) and STDP fine-tune
architecture, meticulously calibrated its hyperparameters, and experimented with various optimization methods.
The best model resulted was trained and evaluated on the Fer2013 and FER+ database, obtaining an accuracy
of 61.87% and 79.97% without requiring auxiliary training data or face registration. To our best knowledge, the
proposed SNN achieved comparable accuracy to CNNs of similar depth and possessed the advantages of low
energy consumption and high computational efficiency. The computational efficiency of the proposed SNN is
approximately three times that of CNNs. Along with this, we introduced the very recent cumulative spike guided
encoder visualization technique and revealed the strong encoding capability of the proposed SNN.

Keywords: convolutional spiking neural network; STDP fine-tune; facial expression recognition; sparsity; compu-
tational efficiency

1. Introduction

Over recent years, there has been a growing interest in spiking neural networks (SNN) and
spiking models, which have found applicability in various domains, such as pattern recognition and
clustering, among others. Spiking neural networks, regarded as the third generation of artificial neural
networks (ANN), differ from classic ANN by processing data as sequences of spikes known as spike
trains. This implies that SNN, in terms of computation, only require a single bit line toggling between
logical levels ‘0" and "1’ in contrast to classic ANN that operate with real or integer-valued inputs. SNN
excel in processing both temporal and spatial patterns, rendering them computationally more potent
than ANN [1].

Spiking neural networks (SNNs) transmit spike signals between neurons, operating as an event-
driven or clock-driven computing systems where power consumption is primarily concentrated in the
current active parts of the networks. This design allows for effective energy savings in inactive regions,
enabling SNNs to perform distributed and asynchronous computing with minimized network time
delays and enhanced real-time capabilities [2,3]. While Convolutional Neural Networks (CNNs) have
proven highly successful for natural image classification [4], their training and operational demands
require substantial computing resources. Notably, SNNs demonstrate superior high-speed operational
performance, in contrast to CNNs, which exhibit strengths in classification tasks.

While SNNs exhibit impressive computational capabilities, they still lack effective learning
mechanisms aligned with biological processes [5]. The predominant learning principle in SNNS,
Spike-timing-dependent plasticity (STDP), proves inadequate for training multilayer neural networks.
Consequently, there is a growing interest in the training approach for SNNs. This method involves
initially training a conventional artificial neural network using the backpropagation algorithm. Subse-
quently, the network parameters, such as weights and biases, undergo conversion through suitable
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methods for utilization in SNNs. Various approaches have been explored to adapt existing neural
networks to SNNs. Cao et al. customized a standard CNN to meet SNN requirements, albeit with
some resulting performance losses [6]. Diehl et al. [7] improved network performance by converting
a CNN to an SNN through weight normalization, reducing conversion errors. Hunsberger et al. [8]
enhanced conversion performance by incorporating Leaky Integrate-and-Fire (LIF) neurons into the
SNN. Theoretically, SNNs can match or surpass the performance of CNNs [9], yet achieving equivalent
practical performance remains challenging.

There are examples of intelligent systems, converting data directly from sensors [10,11], controlling
manipulators [12] and robots [13], doing recognition or detection tasks [14,15], tactile sensing [16] or
processing neuromedical data [17]. Li et al. [18] incorporated the mechanism of LIF neurons into the
MLP models and propose a full-precision LIF operation to communicate between patches, including
horizontal LIF and vertical LIF in different directions. The SNN-MLP model achieves 81.9%, 83.3% and
83.5% top-1 accuracy on ImageNet dataset with only 4.4G, 8.5G and 15.2G FLOPs. Zhang et al. [19]
proposed a multiscale dynamic coding improved spiking actor network (MDC-SAN) for reinforcement
learning to achieve effective decision-making. The population coding at the network scale is integrated
with the dynamic neurons coding at the neuron scale towards a powerful spatial-temporal state
representation. Cuadrado et al. [20] proposed a U-Net-like SNN encouraging both minimal norm for
the error vector and minimal angle between ground-truth and predicted flow to make dense optical
flow estimations. In addi-tion, the use of 3d convolutions contributed to capture the dynamic nature
of the data by increasing the temporal receptive fields. Zou et al. [21] dedicated end-to-end sparse
deep learning approach for event-based pose tracking and achieved a computation reduction of 20%
in FLOPS. It is based entirely upon the framework of Spiking Neural Networks (SNNs), which consists
of Spike-Element-Wise (SEW) ResNet and a spiking spatiotemporal transformer.

Facial expression recognition is a pivotal field in computer comprehension of human emotions
and a crucial element of human-computer interaction. It involves selecting facial expressions from
static photos or video sequences to determine the emotional and psychological changes in individuals.
In the 1970s, American psychologists Ekman and Friesen defined six fundamental human expressions
through extensive experiments: happiness, anger, surprise, fear, disgust, and sadness.

However, recognizing such expressions under naturalistic conditions poses significant challenges
due to variations in head pose, illumination, occlusions, and the nuanced nature of unposed expres-
sions. The Facial Expression Recognition Challenge, as a prominent track in three machine learning
contests, is notably demanding. For instance, a manual test conducted on the official Fer2013 dataset
revealed that human recognition accuracy for the original dataset is approximately 65%. It is evident
that label recognition is challenging even for humans. The official extraction of a small, clean subset
from the original dataset resulted in a human recognition accuracy of around 68%.

The analysis of human face characteristics and the recognition of its emotional state are considered
to be very challenging and difficult tasks. The main difficulty comes from the non-uniform nature
of the human face and various limitations related to lighting, shadows, facial pose and orientation
conditions [22]. In the Large Scale Visual Recognition Challenge (ILSVRC) 2012, the AlexNet model,
utilizing CNN, notably enhanced Facial Expression Recognition (FER) accuracy. Subsequently, more
intricate CNN variants emerged like VGGNet [23], GoogleNet [24], and ResNet [25]. However, these
deep learning network models were complex and had a large number of parameters, making them
unsuitable for embedded computers and mobile devices. It's worth noting that current research on
Spiking Neural Networks is still in the model exploration stage, with relatively fewer studies focusing
on practical applications. Notably, there is a lack of research introducing SNNs into the field of facial
expression recognition.

The structure of the paper is organized as follows. In Sect. 2, background topics on spiking
neurons, the STDP fine-tune method, construction of convolutional SNN and its loss function are
examined. Sect. 3, presents the experimental study conducted, examines the results collected and
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discusses the main findings. After that, Sect. 4, describes the feature visualization results of the SNN.
Finally, Sect. 5 concludes the paper and draws directions for future work.

This paper makes several significant contributions: It proposes a highly efficient convolutional
SNN capable of facial expression recognition. The method fully explores the SNN’s clock-driven
and synaptic sparsity properties. It significantly reduces the model parameter while approaching the
accuracy of ANNS, thereby reducing computational consumption and enhancing training speed. More-
over, the paper proposes a novel fine-tuning approach for SNNs based on Spike-Timing-Dependent
Plasticity (STDP). This method effectively integrates unsupervised learning inspired by biological
neural computation to enhance supervised learning in SNNs, improving recognition accuracy and
model generalization.

2. Method

2.1. Spiking Neurons

The Leaky-Integrate-and-Fire (LIF) model [26], originally introduced by Lapicque in 1907, stands
as the predominant spiking neuron model in contemporary neuroscience. Its widespread adoption
is attributed to its simplicity as a linear model. This simplicity not only facilitates quantitative
investigations into neuron properties through analytical expressions of membrane potential but also
allows for the precise simulation of spiking neural networks using clock-driven simulation strategies.

Within this model, the transfer of ions in biological neural systems is metaphorically represented
through electronic transfers. The cell body, meanwhile, is simulated as an experiment using capacitance,
enabling the storage of voltage. This dual capacity for quantitative analysis and accurate clock-driven
simulation has solidified the LIF model’s enduring utility in the field of neural computation.

Similar to neurons in Recurrent Neural Networks (RNNs), spiking neurons also exhibit stateful
behaviors, implying a form of memory. The state variable for spiking neurons is generally represented
by their membrane potential, denoted as V;. The membrane potential is influenced not only by the
current input X; but also by its membrane potential V;_; at the end of the previous time step.

The charging process of continuous-time spiking neurons is commonly characterized by a sub-
threshold differential equation, which describes the charging dynamics when the membrane potential
does not exceed the threshold voltage. For the Leaky-Integrate-and-Fire (LIF) model, the charging
equation is typically employed as:

v (1)
Cdt

Tm = _(V(t) - Vreset) + X(t) 1)

Where, T,; represents the membrane potential time constant, and Vjes.; denotes the reset voltage.
Due to the non-constant nature of X(t) in the given differential equation, obtaining an explicit
analytical solution proves challenging. Consequently, discrete difference equations are employed to
approximate the continuous differential equation. From the perspective of the difference equation, the
charging dynamics for the LIF neurons can be described as:

Tm(Vt - thl) = _(thl - Vreset) + X (2)
The expression of V; can be derived as follows:

_(Vt—l - Vreset) + Xt

Vi=V,_
t -1+ -

©)

RNNs employ differentiable gating functions, such as the tanh function. On the other hand, SNNs
utilize a non-differentiable spiking function. However, we can substitute it with a differentiable gating
function that closely mimics a step function. This approximation maintains the behavior of a step
function during forward propagation, returning 1 when the input is greater than or equal to 0, and


https://doi.org/10.20944/preprints202407.2153.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 July 2024 d0i:10.20944/preprints202407.2153.v1

40f19

0 otherwise. During backward propagation, the gradient of the substituted function g'(x) = 07(x)
is used in place of the gradient of the spiking function. One commonly used substitute function is
the adjustable sigmoid function o(ax) = 1/[1 4 exp(—ax)], where governs the smoothness of the
function. A higher makes the substitute function closer to the step function but increases the risk of
gradient explosion near x = 0 and gradient vanishing away from x = 0. This trade-off can impact the
ease of training the network.

In SNNSs, the forward propagation involves the use of a step function. We interpret these binary
signals, representing either 0 or 1, as spikes. Releasing a spike depletes the charge accumulated by
the neuron, leading to an instantaneous reduction in membrane potential, referred to as membrane
potential reset. In SNNs, there are two approaches to implementing the reset of the membrane
potential:

e  Hard Method: After releasing a spike, the membrane potential is immediately adjusted to the
reset voltage;

*  Soft Method: After releasing a spike, the membrane potential undergoes a reduction equivalent
to the threshold voltage;

Opting for the Hard Method enables the characterization of any discrete spiking neuron through
three discrete equations: charging, discharging, and reset. This configuration resembles a step function
O(x) . The equations for charging and discharging are as follows:

Hi = f(Vio1, Xt) 4)

St = §(Ht — Vinresnola) = O (Ht — Vinreshoia) ()
The reset equation for the Hard Method is:

Vt == Ht . (1 - St) + Vreset . St (6)

2.2. STDP Fine-Tune for SNN

Typically, the Hebbian learning rule updates synaptic weights based on the frequency of neuronal
spike emissions. However, neuroscientific research has found that the encoding of spike frequency
alone doesn’t fully capture the practical implications of synaptic plasticity. Instead, alterations in
synaptic weights are closely tied to the precise timing of neuronal spike emissions, as observed by
Markram et al. [27]. In reality, the relative temporal difference between presynaptic and postsynaptic
spike emissions plays a pivotal role in determining the direction and magnitude of synaptic changes.
This learning rule, grounded in the temporal correlation of presynaptic and postsynaptic spike emis-
sions, is termed Spike-timing-dependent plasticity (STDP), as elucidated by Caporale et al. [28]. It can
be considered as an expansion of the Hebbian learning rule.

Assuming a neural connection exists from presynaptic neuron i to postsynaptic neuron j, the
STDP learning mechanism operates as follows:

(1) If a spike emitted by presynaptic neuron i reaches the synapse before postsynaptic neuron j
generates a response spike, similar to a cause-and-effect relationship, the synaptic weight between the
neurons strengthens.

(2) Conversely, if postsynaptic neuron j fires a spike before the presynaptic neuron transmits
its own, rendering that information irrelevant, the synaptic weight between the neurons undergoes
inhibition.

The spike sequence sent by presynaptic neurons i and postsynaptic neurons j are expressed as
formula (7):

silt) = Yot —t), s(t) = Yot —+) @)
f f
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Where the ¢ is the delta function which sometimes called "spike symbol", and t/ is the precise
time of neuron spike.

In the study, it was observed that the changes in synaptic plasticity are not temporally symmet-
rical but instead arise from the temporal correlation of action potentials fired by presynaptic and
postsynaptic neurons. The magnitude of synaptic weight adjustment Aw, is contingent upon the
action potentials of both presynaptic and postsynaptic neurons, as well as the time difference between
their spike emissions, denoted as At =ty — tpost- The expression for the Spike-timing-dependent
plasticity (STDP) function is as follows:

AT A< 0
Aw= { A e M A > 0 ®

Where A and A_ represent the maximum values for synaptic strength enhancement and inhibi-
tion, both being positive values. The 7, and 17— correspond to the time constants for synaptic weight
enhancement and weakening, respectively.

An elementary convolutional SNN is comprised of alternating convolutional and pooling layers
followed by fully-connected layers. Some scholars have trained it with STDP-based unsupervised pre-
training followed by supervised fine-tuning, but from the perspective of the SNN model initialization.
We persist in our emphasis on supervised learning with convolutional SNN and proposed a method
that utilizes STDP to fine-tune the network’s head for improved model generalization. Concretely, at
intervals of every 10 training epochs, model weights are loaded. During the fine-tuning process, the
convolutional and pooling layers are frozen, and STDP is applied to update the weights of the fully
connected layer. This fine-tuning approach is consistently integrated throughout the entire training
process.

2.3. Convolutional SNN

We propose a convolutional Spiking Neural Network for the classification of facial expression data.
While most conventional Artificial Neural Networks (ANNs) commonly adopt a structure comprising
convolutional and fully connected layers, our study replicates a similar architecture in the context of
Spiking Neural Networks (SNNs). Leveraging the open-source spiking neural network framework,
SpikingJelly [29], we incorporate two convolutional-batch normalization-pooling layers and define
a three-layer fully connected network to yield classification outcomes. In our experiments, it was
observed that for static image data devoid of temporal information, neurons in the convolutional layer
exhibited better performance when modeled using IFNode. Conversely, the fully connected layer,
serving as a classifier, demonstrated superior performance when implemented with LIFNode.The
framework diagram of the proposed SNN is shown in Figure 1.

Outside the time loop Inside the time loop
Input spike Conv2d: [ l;l;ﬂ—/e; ———————————————— :
128x48x48 11x18432 . . !
- MaxPool2d: Conv2d: : lflcli - :
/ 128x24x24 128x24x24 MaxPoolZ(i: IXI2.8 EC: :
3x3x128 A 3x3x128 128x12x12 1x7 : Output
-W : W : ﬂ | .H
: : 4. LIFNpde
(1) ! LIFNode |
“ . N - I |
IFNode IFNode : - !
I |
! STDP fine-tune I

Figure 1. The framework diagram of the proposed SNN for facial expression recognition.

Utilizing a clock-driven methodology, the initial input of dimensions 1x48x48 undergoes process-
ing through the first two convolutional layers, yielding an output spike of 128x12x12. Subsequently,
the resulting vector is flattened for a 7-class classification. In experimental setups, images are directly
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input into the SNN. In this context, the spiking neurons of the first layer and the preceding layers
receive input images that remain constant over time. For SNNs where input remains constant tem-
porally, despite the overall statefulness of the SNN, the initial layers may lack temporal variation.
These layers can be extracted and positioned outside the time loop to mitigate computational overhead.
Simultaneously, the time loop is encapsulated within the network itself. The comprehensive structure
and parameters of the proposed convolutional SNN are detailed in Table 1.

Table 1. The structure and parameters of the proposed convolutional Spiking Neural Network (SNN).

Layer (type:depth-idx) Output Shape Param

Poisson encoder (alternative) - -

Sequential: 1-1 [1,128, 48, 48] -
Conv2d: 2-1 [1,128, 48, 48] 1,152
BatchNorm2d: 2-2 [1,128, 48, 48] 256
Sequential: 1-2 [1,128,12,12] -
IFNode: 2-3 [1, 128, 48, 48] -
MaxPool2d: 2-4 [1,128, 24, 24] -
Conv2d: 2-5 [1,128, 24, 24] 147,456
BatchNorm2d: 2-6 [1, 128, 24, 24] 256
IFNode: 2-7 [1,128, 24, 24] -
MaxPool2d: 2-8 [1,128,12,12] -
Sequential: 1-3 [1,7] -
Flatten: 2-9 [1,18432] -
Dropout: 2-10 [1,18432] -
Linear: 2-11 [1,1152] 21,233,664
LIFNode: 2-12 [1,1152] -
Dropout: 2-13 [1,1152] -
Linear: 2-14 [1,128] 147,456
LIFNode: 2-15 [1, 128] -
Linear: 2-16 [1,7] 896
LIFNode: 2-17 [1,7] -

STDP fine-tune (alternative) - -
! The IFNode and the LIFNode are all used ATan as surrogate function of the Spiking]Jelly.

2.4. Loss

After Gaussian distribution random initializing the SNN, we employ the Adam optimizer with
a loss function that combines the spike firing rate of output layer neurons and Mean Squared Error
(MSE) relative to the ground truth category. This loss function is designed to encourage the spike firing
frequency of the i-th neuron in the output layer to approach 1 when input belongs to the i-th category,
simultaneously driving the spike firing frequencies of other neurons towards 0. The loss function is
expressed as follows:

l(x/y) =L= {lll ceey ZN}T/ ln - (xn - ]/n)z (9)

Where x is the spike firing rate of output layer neurons and y is the ground truth category and N
is the batch size.

3. Experiment Results

3.1. Dataset

The dataset employed in this study is the Fer2013 dataset [30], introduced at the 2013 Interna-
tional Conference on Machine Learning (ICML). It has since become a benchmark for evaluating the
performance of facial expression recognition models and served as the dataset for the Kaggle Facial
Expression Recognition Challenge in 2013. The Fer2013 dataset comprises 28,709 training images,
3,589 images in the public test set, and an additional 3,589 images in the private test set. Each image
is a grayscale picture with dimensions of 48x48 pixels, as shown in Figure 2, the Fer2013 dataset


https://doi.org/10.20944/preprints202407.2153.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 July 2024 d0i:10.20944/preprints202407.2153.v1

7 of 19

encompasses seven expression categories: angry, disgust, fear, happy, sad, surprise, and neutral.
Notably, this dataset was primarily gathered through web scraping, introducing inherent inaccuracies
and increasing the complexity of the training process.

Angry

Surprise Neutral

10

20

30

40

0 10 20 30 40 o] 10 20 30 40

Figure 2. Samples of seven expression categories in the Fer2013 dataset.

Table 2 shows the data distribution of the Fer2013 dataset. The disgust expression has a minimal
number of images of 547, while other categories have nearly 5,000 samples each.

Table 2. The data distribution of the Fer2013 dataset.

Expression Angry Fear Sad Neutral Happy Surprise Disgust
Number of samples 4953 5121 6077 6198 8989 4002 547

Due to the presence of unexpected samples in the Fer2013 dataset, such as outliers that do not
belong to any specific category, overfitting these samples could compromise the model’s generalization
ability and, consequently, its overall performance. In this study, label smoothing is employed as a
form of regularization during experiments. The Label smoothing introduces a certain level of noise to
the one-hot distribution of labels, acting as a softening’ mechanism to prevent the model from being
overly confident in its predictions and mitigating the risk of overfitting.

To ensure the experiment’s comprehensiveness, we incorporated the FER+ dataset [31], which
comes with updated annotations offering new labels for the standard Emotion FER dataset. Each image
in FER+ has been annotated by 10 crowd-sourced taggers, providing higher-quality ground truth for
still image emotions compared to the original FER labels. The inclusion of 10 taggers per image allows
researchers to estimate emotion probability distributions per face, including additional categories such
as contempt, unknown, and NF (Not a Face). This facilitates the development of algorithms capable of
generating statistical distributions or multi-label outputs instead of the traditional single-label output.

3.2. Poisson Encoder

The Poisson encoder transforms input data into a spike sequence, adhering to a Poisson process
where the spike count in a given period follows a Poisson distribution. This process, also referred to as
a Poisson flow, satisfies conditions of independent increment, incremental stability, and commonality
within the spike flow. Specifically, spikes appearing in disjoint intervals within the entire spike stream
are independent of each other. Moreover, the spike count within any interval is solely dependent on
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the duration of the interval, not its starting point. To implement Poisson encoding, we set the firing
probability of a time step p=x, with x normalized to the range [0, 1]. Using a "disgust" sample from
the Fer2013 dataset, we simulated 20 time steps, resulting in 20 spike matrices. The original grayscale
image of "disgust" and the corresponding 20 spike matrices are illustrated in Figure 3.

(a)

Figure 3. The results of spike encoding in Poisson encoder: (a) The original grayscale image of “disgust”.
(b) 20 resulting spike matrices.

The proximity of the spike matrix to the contour of the original grayscale image high-lights the
effectiveness of the Poisson encoder. After simulating the Poisson encoder with the "disgust" grayscale
image for 512 time steps, we overlayed the spike matrix obtained at each step. The resultant composite
images, representing steps 1, 128, 256, 384, and 512, are depicted in Figure 4.

Figure 4. The superimposed images of the grayscale image “disgust” composed of spikes obtained by
the Poisson encoder.

Observing that with a sufficiently extended simulation, the original image can be nearly recon-
structed using the composite images formed by overlaying spikes generated by the Poisson encoder.

3.3. Performance of Convolutional SNN and Comparison against the CNNs

Firstly, the training for the Fer2013 dataset is performed using the proposed convolutional Spiking
Neural Network without Poisson encoder and STDP fine-tune. The SNN hyperparameters are set as
follows: batch size at 16, simulation time steps (T) at 4, and membrane potential time constant (7) of
2.0. The network with the highest accuracy on the test set during the training process is saved in the
TensorBoard logs. The experimental outcomes are presented in Figure 5.
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Figure 5. Curves of loss and test accuracy of the convolutional SNN of simulation time steps T=4 but
without Poisson encoder and STDP fine-tune in the Fer2013 dataset: (a) Loss. (b) Test accuracy.

After 100 epochs of training, the highest accuracy on the test set reaches 60.15%, surpassing
the 59.23% accuracy achieved by a similarly layered CNN composed of three convolutional layers
followed by fully connected layers, which are shown in Figure 6. Additionally, it only marginally lags
behind the 66.21% accuracy achieved by MobileNet v1 [32].

14 4 —— Taining Loss 06— Taining Accuracy
= Validation Loss —— Validation Accuracy
12 4
0.5
10 4
g 04
6
03
4
71 D2 A
T T T T T T T T T T T T
5 10 15 20 25 o 5 10 15 20 25
(a) (b)

Figure 6. Curves of loss, train accuracy and test accuracy of the CNN network, consisting of three
layers of convolution followed by fully connected layers, in the Fer2013 dataset: (a) Loss. (b) Test
accuracy.

The experiment was conducted using an RTX 2060 Super GPU (8GB). Table II illustrates a
comparative analysis between the convolutional SNN and a CNN with an equivalent number of layers,
considering model parameter count, training speed, and computational efficiency.

Table 3 highlights that the convolutional Spiking Neural Network (SNN), compared to a CNN with
an equivalent number of layers, demonstrates nearly a 60% reduction in total parameters. Moreover,
its overall multiply-accumulate (MAC) operations decreased by one-third, accompanied by a model
size reduction from 215.3 MB to 86.12 MB. When tested under identical hardware conditions, the
CNN achieves a training speed of 152.38 fps, whereas the convolutional SNN achieves an impressive
398.73 fps, marking an approximate 2.6-fold enhancement. Notably, in GPU memory occupancy, the
convolutional SNN model requires only about 81%, leading to an estimated energy efficiency of around
2.84 fps/w, showcasing a remarkable 3.46-fold improvement over the CNN model.

We examined four CNNs designed with architectures inspired by current state-of-the-art models
in relevant domains. Our focus was not on finding architectures optimized for Fer2013 but rather on
confirming the general effectiveness of modern deep architectures. As listed in Table 4, even with a
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shallow design, SNNs showcase the ability to approach the model accuracy of their counterparts. The
proposed convolutional SNN demonstrates competitive model accuracy compared to shallow CNNs.

Table 3. Comparison of parameter-level energy efficiency between convolutional SNN and a CNN
with an equivalent number of layers.

Title 1 Convolutional SNN  CNN (3 convolutional layers + fully connected layers)
Total params 21,531,136 50,805,191
Total mult-adds (M) 427.92 1266.64
Params size (MB) 86.12 215.3
Train speed (fps) 398.73 152.38
GPU occupancy 81% 96%
Energy efficiency (fps/w) 2.84 0.92

Table 4. Comparison of deep architectures, proposed SNN, shallow CNN and their test accuracy on
fer2013. C, P, N, I, and F stands for convolutional, pooling, response-normalization, inception, and
fully connected layers, respectively. 3R and 3C means group of three residual blocks and convolutional

blocks.

Model Architecture Depth  Accuracy

VGG CCPCCPCCPCCPFF 10 72.7%

ResNet-34 3R4R6R3RPF 33 72.4%

Inception CIPIIPIIPIIPF 16 71.6%

MobileNet v1 C3C4C4C4C4CF 21 66.2%

Proposed SNN CPCPFFF 5 60.2%

Shallow-CNN CPCPCPFF 5 59.2%

To achieve a more generalized SNN model, we excluded images from the FER+ dataset belonging
to the ‘'unknown’ and 'NF’ categories. We adopted the majority emotion as the sole emotion label
and evaluated prediction accuracy based on the majority emotion. The proposed convolutional
SNN achieved a 77.17% accuracy on the FER+ dataset after 100 training epochs with consistent
hyperparameters, as depicted in Figure 7. The corresponding confusion matrix in Figure 8 illustrates
the SNN network’s performance, show-casing proficiency in most emotions except for fear. This
discrepancy is attributed to the high similarity between fear and surprise expressions, compounded by
a lower quantity of fear samples in the FER+ dataset.

loss test_accuracy
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Figure 7. Curves of loss, train accuracy and test accuracy of the CNN network, consisting of three
layers of convolution followed by fully connected layers, in the Fer2013 dataset: (a) Loss. (b) Test
accuracy.
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Figure 8. Curves of loss and test accuracy of the convolutional SNN of simulation time steps T=4 but
without Poisson encoder and STDP fine-tune in the FER+ dataset: (a) Loss. (b) Test accuracy.

3.4. Sparse Weights of SNN and Comparison against the CNN Pruning

In deep neural networks, a substantial portion of activation values is either unnecessary (set to 0)
or redundant due to correlations. Therefore, the most efficient architecture for deep networks should
exhibit sparse connections among activation values. Model pruning methods, known for significantly
reducing both model parameters and computational workload, have become a predominant approach
for compressing models. On one hand, inspired by the findings in [36], we conducted sparse training
on the y parameters of the Batch Normalization (BN) layer in the VGG network. After obtaining
the corresponding mask, we pruned the Conv2d, Batch Normalize, and Linear layers, resulting in
a reduction of the model’s parameter count from 71 million to 9.6 million, achieving a model size
reduction ratio of approximately 8 times.

On the other hand, the native SNN model proposed by Chen et al. [37]. indicates that its model
parameter count can be reduced by approximately 30 times compared to CNNs. Therefore, leveraging
the robust sparsity in the transmission of pulse signals between neurons, SNNs excel in reducing
model parameter count compared to pruning methods.

Pruning methods typically involve three steps: large-scale model training and pruning, followed
by fine-tuning of the pruned small-scale model. When the pruning rate is excessively high, small-
scale models obtained through existing pruning methods may suffer from severe information loss
and insufficient semantic expressive capability, leading to significant accuracy loss. Under such
circumstances, SNN models will demonstrate unparalleled advantages.

3.5. Ablation Studies

e 1) With or without Poisson encoding: The Poisson encoder is a method employed in SNNs for
converting continuous input signals into spike trains. The Poisson process introduces inherent
variability or noise in the spike generation, which can contribute to the network’s robustness
against input variations and noise. This stochasticity can help SNNs handle uncertain or dynamic
input patterns effectively. Meanwhile, the Poisson encoder facilitates dynamic adaptation to
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changing input conditions. As the encoding is probabilistic, it can naturally adjust to varying
input statistics, making SNNs suitable for tasks that involve non-stationary input patterns.

e 2) With or without STDP fine-tune: We utilized STDP fine-tune for adjusting synaptic weights
based on the timing of spikes between connected neurons in the fully connection layers. STDP is
sensitive to precise spike timings, allowing for fine-tune of synaptic weights based on the temporal
proximity of pre-synaptic and post-synaptic spikes. This temporal sensitivity contributes to the
network’s ability to capture temporal information in data. Moreover, STDP allows SNNs to
adapt to changing input patterns and dynamic environments. As the network continuously
learns and updates synaptic weights based on incoming spike timings, it can adapt to new
information and changing input statistics. It tends to induce sparse connectivity patterns by
strengthening selective connections based on spike timing correlations. This sparsity contributes
to more efficient representation and processing of information within the network.

In this study, we conducted three supplementary experiments to enhance the training of a con-
volutional SNN that directly processes images. Specifically, we increased simulation time steps and
introduced Poisson encoder and STDP fine-tune for the fully connected layers. Under identical SNN
hyperparameters, Figure 9 illustrates the training and testing accuracy curves of the convolutional
SNN of simulation time steps T=8 and with Poisson encoder and STDP fine-tune on the Fer2013 dataset.
In comparison to the convolutional SNN discussed in Section C, the testing accuracy demonstrated
a further improvement of 1.72%, reaching a final accuracy of 61.87%. In the proposed clock-driven
approach, the STDP algorithm precisely adjusts synaptic weights exclusively within the fully con-
nected layer. This algorithm operates swiftly, incurring no notable increase in computational time. A
comparison between Figure 9 and Figure 5 indicates that STDP fine-tuning effectively lowered the loss
and expedited the descent process. Moreover, the aforementioned refinements play a pivotal role in
enhancing the training stability and adaptability of the convolutional SNN in dynamic environments.

loss test_accuracy
0.1
0.6

0.08
0.06 0.56
T 0.52
0.02

0 0.48

0 100k 200 300k 0 10 20 30 40 50 60 70 80 90 100

(@) (b)

Figure 9. Curves of loss and test accuary of the convolutional SNN of simulation time steps T=8 and
with Poisson encoder and STDP fine-tune in the Fer2013 dataset: (a) Loss. (b) Test accuracy.

The performance of SNN is sensitive to its hyperparameters. The hyperparameters need to be
debugged according to the LIF model’s biological characteristics and the data set. The specific values
of the hyperparameters for the convolutional SNN and STDP fine-tune are listed in Table IV.
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Table 5. Hyperparameters set for the convolutional SNN and STDP fine-tune.

Hyperparameters Symbol Value
Simulation time steps of the conv layer Teonv 8
Simulation time steps of STDP Tstpp 20
Membrane potential time constant of conv LIF Node Teonv 2.0
Membrane potential time constant of STDP TSTDP 10.0
Threshold voltage of conv LIF Node Vinreshold_conv 1.0
Threshold voltage of STDP Vihreshold_STDP 5.0
Reset voltage of conv LIF Node Vieset_conv 0.0
Reset voltage of STDP Vieset_STDP 0.0
Learning rate 0% 1xe™3
Batch size N 16

Under identical SNN hyperparameters, Table 6 presents the classification accuracy comparison
of several convolutional SNN variants on the Fer2013 dataset and the FER+ dataset. The findings
validate performance improvements in the convolutional SNNs attributed to both the Poisson encoder
and STDP fine-tune, resulting in respective accuracy boosts of 0.76% and 0.96% on the Fer2013 dataset
and 1.62% and 1.18% on the FER+ dataset.

Table 6. The facial expression recognition accuracy of different convolutional SNN variants on the
fer2013 dataset and FER+ dataset.

Conv-SNN (T=8,
Poisson encoding +
STDP fine-tune)

Conv-SNN (T=8,

Network structure  Conv-SNN (T=4) Conv-SNN (T=8) . .
Poisson encoding)

Accuary in Fer2013 60.15% 60.65% 60.91% 61.87%
Accuary in FER+ 77.17% 77.94% 78.79% 79.97%

4. Feature Visualization Results

Regarding feature map visualization, when feeding data directly into the convolutional SNN, the
first spiking layer and the layers preceding it can be viewed as a trainable encoder, denoted as Encoder
I. Encoder II refers to the network extending from the second convolutional layer to just before the
fully connected layer.

In order to review images individually, we have redefined a data loader with a batch size of 1.
We loaded the pre-trained model, extracted the encoder, and ran it on the CPU. The cumulative spike
outputs ) Sy of Encoder I and Encoder II are examined, with pixel values of the output feature maps

t

normalized for clarity through a linear transformation to the range [0, 1]. Figure 10 and Figure 11
illustrates two input images along with the cumulative spikes from Encoder I and Encoder II at the
start time step (t=0) and the final time step (t=3).


https://doi.org/10.20944/preprints202407.2153.v1

doi:10.20944/preprints202407.2153.v1

<
N
o
«
2
=
=
©
I
kel
@
g
(%]
o
o
o
L
=
T
>
L
i
o
L
L
o
T
@]
b
&
o
(%]
2
=
=
o
0
=
s
s
=
=
C
(2]
&
=
=
o
O
o

14 of 19

(b)

()

Figure 10. Cont.
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(d)
Figure 10. Feature visualization of convolutional SNN, example 1: (a) Input image. (b) Cumulative

spikes of Encoder I at t=0. (¢) Cumulative spikes of Encoder I at t=3. (d) Cumulative spikes of Encoder
II at t=3.

(b)

Figure 11. Cont.
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Figure 11. Feature visualization of convolutional SNN, example 2: (a) Input image. (b) Cumulative
spikes of Encoder I at t=0. (c) Cumulative spikes of Encoder I at t=3. (d) Cumulative spikes of Encoder
T at t=3.

The feature visualization results indicated a remarkable resemblance between the cumulative
output spike pattern ) S; generated by the encoder and the contour of the original image. It implied
t

that the self-learning spike encoder exhibits robust coding capabilities.

5. Discussion

On one hand, pulse sequences inherently incorporate temporal information, allowing for a
more precise simulation of the dynamic processes of neurons over time. On the other hand, deep
neural networks often exhibit redundant activation values due to correlations, suggesting that the
most efficient architectures should feature sparse connections between activations. The proposed
native SNN model in this study shows a parameter reduction of over two-fold compared to CNNs.
Hence, leveraging the robust sparsity in pulse signal transmission between neurons, SNNs outperform
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pruning methods significantly in reducing model parameters. Additionally, this leads to a substantial
decrease in computational power consumption.

Furthermore, Poisson encoding and header STDP fine-tuning can further elevate model perfor-
mance. Spiking neural networks emulate the information transmission mechanisms of the brain by
learning the interaction patterns between presynaptic and postsynaptic neurons, thus offering strong
biological interpretability. Visualizing convolutional SNN feature maps reveals that longer simulation
durations correlate with more precise feature extraction.

Future research directions primarily focus on two aspects: first, expanding the applicability of the
proposed model to verify its reliability and generalization in broader scenarios; second, integrating
spiking neural networks with neuromorphic chips to achieve higher computational efficiency and
lower energy consumption.

6. Conclusions

This article constructed a lightweight shallow convolutional Spiking Neural Network (SNN)
utilizing the SpikingJelly open-source platform for facial expression recognition. By integrating the
Poisson encoder and Spike-Timing-Dependent Plasticity (STDP) fine-tune, the respective accuracy on
the Fer2013 dataset and FER+ dataset reaches 61.87% and 79.97%, demonstrating competitiveness with
CNN s of an equivalent number of layers. The encoding proficiency of the proposed convolutional
SNN is powerfully demonstrated through visualizations of the encoder. Exploiting the inherent
sparsity of spike sequences, the proposed convolutional SNN exhibits advantages, including low
energy consumption and high computational efficiency, approximately three times more efficient
than artificial neural networks. We broke away from the constraints of conventional facial expression
recognition models by incorporating convolutional SNN into the field, marking a pioneering and
valuable application of SNN algorithms.
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