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2 CERCO UMR 5549, CNRS — Universit'e Toulouse 3, Toulouse, France
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Abstract: Spiking neural networks (SNNs), as the third generation of neural
networks, are based on biological models of human brain neurons. In this work, a
shallow SNN plays the role of an explicit image decoder in the image
classification. An LSTM-based EEG encoder is used to construct the EEG-based
feature space, which i1s a discriminative space in viewpoint of classification
accuracy by SVM. Then, the visual feature vectors extracted from SNN is mapped
to the EEG-based discriminative features space by manifold transferring based on
mutual k-Nearest Neighbors (Mk-NN MT). This proposed “Brain-guided system”
improves the separability of the SNN-based visual feature space. In the test phase,
the spike patterns extracted by SNN from the input image is mapped to LSTM-
based EEG feature space, and then classified without need for the EEG signals.
The SNN-based image encoder is trained by the conversion method and the results
are evaluated and compared with other training methods on the challenging small
ImageNet-EEG dataset. Experimental results show that the proposed transferring
the manifold of the SNN-based feature space to LSTM-based EEG feature space
leads to 14.25% improvement at most in the accuracy of image classification.
Thus, embedding SNN in the brain-guided system which is trained on a small set,

improves its performance in image classification.
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1. INTRODUCTION

Artificial Neural Networks (ANNSs), especially deep neural networks, have shown
good performance in machine learning such as pattern recognition. Although these
methods are highly effective, they function differently from the human brain. In
recent years, models inspired by the human brain function to mimic its ability in
cognitive tasks have attracted the research community's attention [1]. Spiking
Neural Networks (SNNs) are the third generation of neural networks with
biologically plausibility [1]. Spiking neurons (the basic unit of SNN) simulate the
process in which nerve cells take stimulation, generate action potentials and emit
spikes, such that information transmission in neurons is done by propagating

discrete spikes [2].

SNNs are challenging to train because spiking neurons have discrete, nonlinear,
and non-differentiable transfer functions [2]. Spike-timing dependent Plasticity
(STDP) is a physiological unsupervised learning mechanism used for training the
convolutional and fully connected (FC) SNNs [3]. In STDP, synaptic weight
change is based on the temporal correlation between pre- and post-synaptic spike
time [4][1]. ANN-to-SNN conversion is the second method used to training SNNSs.
In this method, first, an ANN is trained and, then the weights are transferred to the
equivalent/corresponding SNN [2][5][6][7][8]. Spike-based backpropagation
algorithms with the integration of spike timing information are the third method
used for SNN training [1][9][10][11]. The non-differentiability of the spiking
neuron is handled in spike-based backpropagation methods by defining a surrogate

gradient as a continuous approximation of the real gradient [12][13] [14].
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The last method is the hybrid training technique which combines ANN-SNN
conversion and spike-based back-propagation [15][16][17]. In this method, ANN-
SNN conversion is used as an initialization step followed by spike-based back-

propagation incremental training [15].

In this paper, SNN is trained with conversion method and compared with other
training methods i.e. training from scratch and also hybrid training. Then, the
trained SNN is applied as an image encoder in the image classification problem.
To improve the separability of these encoded image manifolds, this encoder is
embedded in a brain-guided system. Thus, simplicity and bio-inspiring learning
algorithm of SNN is combined with the discriminative potential of the brain-

guided system.

Experimental results on a subset of ImageNet dataset [18] show that this proposed

method improves the performance of the SNN in image classification problem.

The rest of the paper is as follows: In the “related works™ section, we present a
literature review about the existing brain guided models. In the “proposed method”
section, the details of SNN are explained in model architecture and learning rule
and use SNN in our brain guided system. In the “experiments” section, we describe
our experiments and the obtained results. Finally, remarks and future work is

provided in Conclusion.

2. RELATED WORKS

EEG is a non-invasive method that measures the electrical activity of the brain
through electrodes that are placed on the scalp. These signals are widely used in
research fields such as clinical diagnosis of diseases as Alzheimer's [19][20],
Multiple sclerosis (MS) [21], Parkinson's [22] and, brain-computer interface (BCI)
applications [23][24][25].
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Researchers in cognitive neuroscience figure out that visual stimuli creates
discriminating patterns related to different categories in brain activities [26][27].
The human brain can recognize common patterns in stimuli quickly. Researches in

this area will be grouped in two categories:

EEG based visual stimulus Classification. In [28], linear discriminant
analysis (LDA) classifier was used to classify EEG signals evoked by visual
stimuli. In this research, several experiments have been performed on the different
numbers classes and time intervals of the EEG signals. In [29], Fares et al
proposed an EEG-based bi-directional deep learning framework for visual object
classification. This framework consists of three steps: extracting information from
the EEG signal, feature encoding, and classification. The first step is to extract
region-level information from the raw signals. All EEG signal channels are divided
into the right hemisphere, left hemisphere and, middle group based on the physical
position of the channel electrode. By calculating each channel's difference in the
left hemisphere group and its corresponding channel in the right hemisphere and
combining the obtained difference with the middle group, region-level information
is extracted. The feature encoding step is performed to extract the EEG description
from the region-level information through a stacked bi-directional long short-term
memory (LSTM) network. After independent component analysis (ICA) based
feature selection, SoftMax and support vector machine (SVM) are examined as the
classifier. The classification accuracy on the ImageNet-EEG dataset [30] with
SVM at the best performance was 97.3%. In [31], the RA-BiLSTM network has
been introduced to classify brain activity evoked by visual stimuli. The RA-
BiLSTM architecture consists of a forward A-LSTM layer and a backward A-
LSTM layer. The difference between A-LSTM and LSTM is a channel level
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attention gate. The accuracy of the proposed method on the ImageNet-EEG dataset
1s 98.4%.

Human brain-guided system for image classification. Spampinato et al. [30]
provide a new perspective on the “human-based computing” strategy for
automated visual classifications. The idea of this method is that the model learns a
discriminative space of brain signals from visual categories, and then the images
are mapped to this manifold. LSTM is used as the EEG encoder in this method.
Fine-tuned convolutional networks, such as AlexNet, GoogleNet, and VGG, are
used as a feature extractor to encode the image. The feature vectors extracted from
the images are mapped to the corresponding feature vectors extracted from the
EEG signals by several regression methods, such as k-Nearest Neighbors (KNN),
ridge, and Random Forest (RF). The output of this step is fed to the classifier and
the image class label is assigned. The proposed method on the ImageNet-EEG
database[30] achieves an accuracy of 83% for image classification. In [27],
Kavasidis et al. proposed an approach to generate images using EEG visual evoked
brain signals. The proposed method involves an encoder identifying a hidden
feature space for classifying the brain signal and a decoder that converts the
learned features into images using a deconvolution method. The encoder consists
of an LSTM layer. Variational autoencoder (VAE) and generative adversarial
network (GAN) are used for decoding to generate corresponding images. The
ImageNet-EEG dataset was used to evaluate the proposed image generation
method. A qualitative examination of the produced images shows that VAE
performs better in displaying the object's structure and leads to more realistic but
low resolution images. On the other hand, GAN has high-resolution but artificial
images. The results confirm that both models can translate EEG features into

meaningful images in corresponding classes.
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Palazzo et al. [32] proposed a multi-model approach that uses deep encoders for
images and EEG. The method presented in a Siamese configuration for joint
manifold learning, and maximizing the degree of compatibility between visual
features and brain representation. In this method, the EEG encoder consists of a
convolutional network called EEG-ChannelNet. For image encoding, a pre-trained
convolutional neural network (CNN) is used to extract visual features and apply
them to a linear layer for mapping in shared embedding space. The ImageNet-EEG
dataset is used to train the network and evaluate the proposed method. In the best
case, using Inception-v3 in the image encoder, the EEG signals classification rate

1s 60.4% and for images is 94.4%.

Researchers in [33] have proposed integrating explicit and implicit learning into a
deep learning framework to analyze the content of EEG signals and stimulus
images. The image is processed via a CNN-based encoder in the explicit learning
path as well as a stimulus to stimulate the brain. In the implicit learning path, raw
EEG signals are processed via LSTM. Then, K nearest images to the presented
image is retrieved in the KNN regressor layer. Then, the mean of the EEG features
corresponding to these K images are considered as the EEG-based description of
the image. In this method, SoftMax and multi-class SVM are used as classifiers.
The proposed framework using the ImageNet-EEG dataset[30] has achieved an
accuracy of 94.1% at best.

In [26], a method for automatic visual classification that uses an ensemble LSTM-
based deep network to encode EEG is introduced. This study proposed the
LSTMS-B model to decode the activities of the human brain. This model is based
on the standard Bagging algorithm, which suggests a voting strategy for decoding
and classifying EEG signals. Separately, in the image encoding phase, the ResNet-
18 network and KNN, RF, and support vector regression (SVR) are used as

6
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regressors to map the image features to the EEG features. The classification
accuracy of the proposed method on the ImageNet-EEG dataset is reported to be
90.16% at best.

A two-step method for combining Gabor features from EEG data and features
extracted from images is proposed in [34]. In this method, the feature vectors
extracted by Inception-v3 are combined with the EEG feature vectors, and the
classification is done by the new feature. The results showed that combining EEG
and image features improves the classification accuracy on an EEG-image dataset

(with 14 electrodes and images of six different classes) from 91% to 97%.

3. PROPOSED METHOD

There is a significant relation between the brain activation map and what evokes
the human visual system (HVS) [32][35]. In other words, it seems that visual
stimulus is encoded into brain activation map by the HVS, which can be sensed by
EEG, fMRI, etc. Due to the high ability of the human in object recognition, it can
be assumed that the brain's encoding system provides high separability between
different visual classes. One of the easiest ways to extract the distinguishing
information of brain function is EEG. Therefore, we have taken such useful
information as a guide to distinguish between different classes of SNN-encoded

images by inspiration from the brain function.

In this work, SNN is chosen because of its higher compatibility with HVS [36] and
its low achieved performance in classification problems [37]. It is expected that
synergistic interactions between the brain-inspired coding system and the artificial
networks can improve SNN performance and also HVS modeling by embedding

the SNN in a brain-guided system.
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As it can be seen from literature review, a human brain-guided system consists of
three fundamental parts: (i) an implicit learning part or EEG-based encoder, (i1) an
explicit learning part or image encoder and (ii1) a manifold mapping from image-

based feature space into EEG-based encoding space.

As shown in Figure 1, the proposed method for image classification consists of two
stages: training and test stages. In the training stage, a LSTM-based network
encodes the EEG signals corresponding to visual stimuli, and a classifier is
employed to classify these extracted feature vectors. The SNN-based encoder is
trained using these visual stimuli (images), simultaneously. Then, the manifold
transferring block is trained to map the visual feature vector into the corresponding
EEG-based feature vector, i.e. a mapping from explicit visual space to implicit
EEG-based space.

In the test stage, the SNN-based visual feature vector fed to manifold transferring
block to find its corresponding implicit feature vector in EEG-based space. Finally,
the classifier assigns a label to this vector. Therefore, there is no need for EEG
signals in the test stage.

In the following, the details of each component of the proposed method are

discussed.
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Figure 1. Graphical abstract of the proposed model for image classification

3.1. SNN-based Image Encoding

In this section, the spiking neuron model is described, and the architectural details

of the SNN-based image encoder are explained.

3.2. Spiking neuron model

In spite of ANN, a SNN composed of spiking neurons, such as Leaky Integrate-

and-Fire (LIF) neurons which are defined as follows[38]:

MIE) = ULt = 1]+~ XLE] — (Wt = 1]~ Uyeser)) (”
S1t1 = O(MIt] - Upn) @
U[t] = U[t](1 — S[t]) + Ureser S[t] 3)

Here M[t] and U[t] denote the membrane potential after neural dynamics and after
the trigger of a spike at time step t, respectively. Where 1 represents the membrane

time constant and X[t] is the input current at time step t. Uy, and U, are the firing

9
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threshold and the reset potential, respectively. The output spike at time step t,
defined as S[t], which equals 1 if there is a spike and 0 otherwise.

The spike generative process is described with Eq. (2), where @ (x) is the heaviside
step function and is defined by O(x) = 1 for x = 0and @(x) = 0 for x < 0. Eq.

(3) illustrates resetting processes.

In surrogate gradient learning method, the linear or exponential approximation of
the gradient respectively represented by Eq. (4) and Eq. (5), is used during error
back-propagation [15]:

O'(x) = amax{0,1 — |x|} 4)
0'(x) = ae Pl (%)

Where o and [ are constants, and x can be substituted by M[t] — U,,.

According to surveys conducted in [15], the tetm At =t —t, (0 <At <T )isa
good replacement for M[t] — U, , where tgis the last time step when the post-

neuron generated a spike, and T represents the total number of time steps.

This replacement helps for faster access during training by be pre-computed and

stored all possible values of gradients in a table.

Unlike STDP, surrogate gradient-based learning enables efficient end-to-end

training of SNNs [14].

3.2.1. SNN-based Image Encoder

In this work, the above-mentioned idea (in Figure 1) is applied to the spiking

neural network introduced in [15] which its architecture is tabulated in Table 1.

10



Table 1. SNN model architecture with VGGS5 structure

Layer Input size # Kernel | pad | Strid Output
kernel size e size
Input layer | Poisson Generator 3x64x64 - - - - 3x64x64
Conv-1 3x64x64 64 3x3 1 1 64x64x64
Feature AvgPool-1 64x64x64 - 3x3 0 3 64x21x21
Extractor Conv-2 64x21x21 128 3x3 1 1 128x21x21
Layer Conv-3 128x21x21 128 3x3 1 1 128x21x21
AvgPool-2 128x21x21 - 3x3 0 3 128x7x7
FC1 128x7x7 = 6272 - - - - 4096
Classifier FC2 4096 - - - - 4096
FC3 4096 - - - - 2

In the input layer, the images are converted into spike trains. The Poisson generator
function generates a Poisson spike train whose pulses are proportional to the pixel's

values at the input [15].
More details of this spiking neural network is presented in [15].
3.3. LSTM-based EEG Encoder

The structure of the EEG encoder is shown in Figure 2. This network consists of a
layer with n LSTM cells that followed by two fully connected layers. In the LSTM
layer, the dimensionality of the output is m % n, which the last state (n in size) is
fed to the first fully connected layer. The LSTM-based network can extract
information from a long sequence of EEG signals because it can learn long-term
dependencies [26]. The embedding layer has n neurons. The number of neurons in
the classifier layer, N, is equal to the number of classes. After training this
network, the EEG-based feature vector is extracted from the output of embedding

layer.

11



10

11

12

13

14

15

16

SR ' S
L
2 g = e Q!
.| £ 5 9
v N — | = £ O @~
\ : o &3
| 1 d 1 £, Output
e e e

Figure 2. Architecture of the applied LSTM-based EEG encoder, where (n) is the number of EEG signal

channels.
3.4. Manifold transferring

It is worth noting that in the training set there is an EEG-based feature vector Y;
corresponding to each image-based feature vector X;. Obviously, Y;s lie on a
manifold embedded in Y-space and also for X-space. Therefore, the manifold X is
corresponding to manifold Y. Manifold Transferring (MT) refers to a set of
methods (e.g. KNN, Random Forest, Ridge regressor, etc) to find the
corresponding instance in the manifold X for each test observation in manifold Y.
The core of these methods is to find the best examples in the manifold Y which
represent the test observation. Then, the vectors of X corresponding to these best
examples are similarly combined to map the test observation into the manifold X.
For example, in KNN manifold transferring, k£ nearest neighbors of the test visual
feature vector O are considered from the training set. The neighbors are weighted
by the similarity to the test observation which is usually the reciprocal of their
distances to it which encoded in W*. The corresponding instances in EEG-based
manifold corresponding to these neighbors combined with the mentioned weights

to represent the test visual vector O in the EEG-based manifold. In general form,

12
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for the observation O in the feature space Y, W* is the weights of the training
examples of Y that minimizes fidelity penalty term of F subject to the restriction of

R. Included in the cost function J.
J(O,w) = argminF(Y,0,W) + aR(W) (6)
w

Where a is the regularization parameter.

In this work, the mutual k-Nearest Neighbors manifold transferring (MA-NN MT)
is introduced and compared with different MT methods. In this view, if two
samples are in k-neighborhood of each other, they are neighbors [39].

In this approach, the visual feature vector of the test image is transferred to the
weighted average of the EEG-based feature vectors corresponding to its k' mutual
neighbors in the training visual feature space. If there isn’t any mutual
neighborhood (k' = 0) for a test visual feature, the KNN manifold transferring is
executed. The algorithm of MA-NN MT is presented in Figure 3.

Mutual £-NN Manifold Transferring Algorithm

Input: k (# Neighbors), Y (Training Samples of visual feature space), X (Training samples of
EEG-based feature space), O (an observation or test sample in visual feature space)
Output: X, as the presentation of O in EEG-based feature space

Step 1: Find and select k nearest neighbors of O in Y space named Y, Yo, ..., Yk sorted in order
of similarity.

Step 2: Find and select all mutual neighbors of O between Yis. k' < k denotes the number of
these neighbors and update the set of selected Yis.

Step 3: Calculate the weight w; of each Y; based on predefined similarity measurement.

Step 4: Find X; in the EEG-based feature space corresponding to the selected Yis.

Step 5: Calculate X, as the weighted average of Xis

Figure 3. Mutual £-NN Manifold Transferring Algorithm

13
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4. EXPERIMENTAL RESULTS

To evaluate the proposed SNN-based brain-guided system, several experiments are
conducted on the ImageNet-EEG dataset [24]. All the experiments are
implemented in PyTorch, on the CPU of Intel Core 13-3600k- 3.70 GHz, with
NVIDIA GeForce GTX 1060 with 48 GB RAM.

4.1. ImageNet-EEG Dataset

The ImageNet-EEG dataset presented in [30] has been used to train and evaluate
the proposed method. This dataset is a subset of ImageNet [18], including 40
classes of images. There are 50 images in each class; each image is displayed to six
subjects (five male and one female) on the monitor screen for 500 milliseconds.
These six subjects were homogeneous in terms of education level, age, and cultural
background [30]. Pause time for displaying between classes was 10 seconds. Each
person's EEG signals are recorded/ received by a cap with 128 electrodes (Brain
products actiCAP128Ch). During the acquisition process, Brainvision signal

amplifiers were used [26].

The first 40 samples and the last 20 samples of each EEG signal were removed to
reduce the effect of sequential images. Thus, the range (40ms-480ms) was used in
this study similar to [26]. So, the size of input EEG signals is 440x128 (time X
channels) .This dataset is divided into six different splits of training, validation,
and test sets, with ratios of 80% (1600 images), 10% (200), 10% (200),

respectively.

5. Experiments and Evaluations
The aim of this work is to improve the performance of the SNN in a two and three-

class image classification problem based on transferring its feature manifold to

14
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more separable space via a brain-guided system. SNN plays a role of image
encoder in explicit path of a brain guided system.

Some classes were selected from the data set and trained for two-class
classification problems. These classes are ‘Airliner’, ‘Pizza’, and ‘Fish’.
"Airplane" and "Fish" classes are similar in terms of object structure in the image,
and "Pizza" class is different from them in this aspect. Figure 4 shows some
examples of images in these classes. Details of the number of images and EEG

signals in these classes are given in Table 2.

Figure 4. Some examples of the selected classes

Table 2. Details of selected classes from ImageNet-EEG dataset in split # 0

Class # Train images # Validation images # Test images # Train EEG signal
Airliner 32 7 11 192

Fish 33 12 5 198

Pizza 30 11 9 180

As can be seen, each class contains a variety of images with variation in type, pose,
light, background, etc. And also, the main body of objects are similar in different
classes e.g. between Airline and Fish. In addition, the number of training images in

each class is very small. It is obvious that SNN faces a challenging problem.

15



In the following, several experiments are conducted to evaluate the proposed

method.

Experiment I: In this experiment, we evaluate the EEG encoder in the implicit
path of the proposed brain-guided network. The proposed LSTM-based EEG
network was trained for two and three class EEG classification by setting the
parameters as listed in Table 3. In this EEG encoder, EEG features are extracted
penultimate FC layer. Therefore, the size of the EEG feature vector is 128. The

results are shown in Table 4.

Table 3. Architecture and parameter setting of the
proposed LSTM-based EEG encoder

Parameter Value
LSTM layer 1
Number of LSTM cell 128
LSTM layer input size 440x128
LSTM layer output size 440x128
Number of FC layer 2
Batch size 16
Optimizer Adam
Learning rate 0.001
Weight decay 0.5
Epoch number 50
Loss function Cross entropy

Table 4. Classification accuracy of the proposed EEG encoder

classes Train accuracy | Val accuracy | Testaccuracy Training
(%) (%) (%) time(s)
Airliner/Fish 98.96 100 96.8 28
Airliner/Pizza 99.18 100 9643 27
Fish/Pizza 98.91 100 100 27
Airliner/Fish/Pizza 99.82 100 9722 37
Average 99.21 100 97.61 29.75

As it can be seen from Table 4, this proposed encoder can encode EEG signals
effectively.

16
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Experiment II: As mentioned before, the SNN introduced in Table 1 is alone
employed as the image encoder for image classification. In this step, images were
resized to 64x64. The images are fed to SNN as input after a normalization and

augmentation step.

SNN is trained with three different methods:

o Back-propagation from the Scratch: SNN is trained from the scratch
using spike-based back-propagation with surrogate gradient-based
optimization method. Here, linear approximation of the gradient is used for
training.

e Conversion ANN-SNN: First an ANN is trained and then its weights are
converted using threshold balancing method [15] and assigned to the
corresponding SNN.

e Hybrid Training: First an ANN is trained and then its weights are
converted as initial weights to SNN. Then, this SNN is trained with
surrogate gradient-based STDB (Spike timing dependent back propagation)
method [15]. In this method, exponential approximation of the gradient is

used for training.

The parameters used for training the SNN-based image encoder are listed in Table

5.

17
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Table 5. Architecture and parameter setting of the proposed SNN-based image encoder

Parameter Value
Convolution layer 3
Average pooling layer 2
FC layer 2
Batch size 8
Optimizer Adam
Learning rate 0.0001
Weight decay 0.0005
a 03
B 0.01
Epoch number 100
Loss function Cross entropy

Figure 5 shows the results of these different methods of training the SNN to

classify images for time steps.

According to the results, the conversion method seems more appropriate for SNN

training in the studied dataset.

It can be seen that at small values of time steps, e.g. T = 15, the classification
accuracy for training data is low. In the other hand, with increasing time steps,
there is no significant change in the accuracy of data classification. Thus, given the
low computational complexity and acceptable accuracy, we set the time steps to

50, empirically.

18
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Figure 5. Accuracy of SNN in image classification with different time steps for the different

training methods

Experiment III: Here, we evaluate the manifold transferring which is conducted
from image-based visual feature space to EEG-based feature space in some
aspects. After training SNN with conversion method, this network can be used as
an image encoder in the brain-guided system. For each input image, the output of
the AvgPool-2 of SNN is extracted as visual features vector with the size of 6272
(128%x7x7).

At the same time, each EEG signal (corresponding to the each subject that
observed each image) is encoded into a feature vector of size 128. In this way, six
EEG-based feature vectors are extracted from the EEG encoder. The average of
these feature vectors is considered as the EEG-based feature vector corresponding

to that image.
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M#ki-NN (k=5), KNN (k = 1, 3, or 5), Random Forest (RF) (number of estimators
=100), and Ridge (¢ = 1) regressions were used as manifold transferring method

to transfer the visual feature space to EEG-based feature space.

After manifold transferring, a classifier that is trained on EEG-based feature space
can classify the transferred feature vector. SVM, Soft-max, and k-NN (k=5) are
first trained with EEG-based feature vectors extracted from EEG encoder, and then

are examined as classifiers in the proposed brain-guided system.

The average of the accuracy of SVM classifier for different methods of MT, is
plotted at time steps in Figure 6.
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Figure 6. Brain-guided network average performance chart for different MT methods on various time
steps, for classification on Airliner/Fish, Airliner/Pizza, Fish/Pizza, and Airliner/Fish/Pizza

The obtained classification results of three classifiers corresponding to different

SNN training methods, with time steps equal to 50, are shown in Table 6.
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As can be seen from Table 6, in the two-class classifications, the MA-NN MT
method achieved better accuracy in most cases. In the three-class
(Airliner/Fish/Pizza) problem, MA-NN, while not the winner, came second in
classification accuracy in most cases. In addition, the accuracy of the brain-guided
model on three-class classification with different MT methods tabulated in Table 7.
As can be seen, the MA-NN MT method achieved better performance than KNN (k

=1, 3 and 5) in most cases.
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In each classifier, the best accuracy is reported along with its MT method.

Table 6. Accuracy of Brain-guided network in image classification.

SNN Brain guided model Acc %
Classes SNN training method ‘?,/ff SVM SoftMax KNN-5
Back-propagation 81.25 87.5 81.25
From the scratch 75 3, L, Ridge -3, KNN-
RF, Ridge 1, RF, Ridge
Airliner/Fish 73N "SNN Conversion | 75 8125 875 8125
RF, Ridge, Mk- RF RF, Ridge, Mk-
NN NN
Hybrid Training 75 81.25 81.25 81.25
Ridge, Mik-NN Ridge Ridge, Mi-NN
Back-propagation From 100 95 100
scratch 95 RF, Ridge kNN-1, , MA-NN RF, Ridge
Airliner/Pizza KNN 100 95 KNN 100
ANN-SNN Conversion 95 -3, KNN-3, | KNN-1, KNN- -5, KNN-
MA-NN 3,KNN-5, Mk-NN 3, Mk-NN
95 100 100 100
Hybrid Training KNN-5, KNN-3, MANN KNN-5, KNN-
MA-NN 3, Mi-NN
Back-propagation From 85.71 42.85 85.71
scratch 92.85 RF, Ridge Ridge, kNN-1, RF, Ridge
MA-NN
Fish/Pizza 92.85 8571 92 85
. KNN-3, KNN-5 KNN-1 KNN-3, KNN-5
ANN-SNN Conversion | 78.57 RF, Ridge, Mk- RE, MA-NN
NN
85.71 92.85 85.71 92.85
Hybrid Training KNN-3, KNN-5 KNN-1 KNN-3, KNN-5
RF, Ridge, Mk- RF, Ridge, Mk-
NN NN
Back-propagation From 84 80 76 84
scratch Ridge RF Ridge
. . . ANN-SNN Conversion 76 80 80 84
Airliner/Fish/Pizza RF RE Ridge
76 76 76
Hybrid Training 76 Ridge, RF, kNN-5 Ridge, RF
KNN-3
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Table 7. Accuracy of Brain-guided network in Airliner/Fish/Pizza image

classification.
SNN training Brain guided model Acc %
method MT method Classifier
SVM SoftMax KNN-5
MA-NN 64 68 64
KNN-1 60 64 60
Back-propagation KNN-3 52 60 52
From scratch KNN-5 60 60 56
RF 76 76 76
Ridge 80 64 84
MA-NN 76 76 76
KNN-1 68 68 68
ANN-SNN KNN-3 72 72 72
Conversion KNN-5 64 64 64
RF 80 80 80
Ridge 72 76 84
M#A-NN 72 72 72
KNN-1 72 72 72
Hybrid Training KNN-3 76 72 72
KNN-5 68 76 68
RF 76 76 76
Ridge 76 68 76

According to Table 8, the brain-guided model achieves more improvements in
image classification accuracy, when Mk-NN and KNN-5 are used to manifold

transferring and classifier, respectively.

Table 8. The improvement of classification accuracy in brain-guided network compared to the SNN

SNN Improvement %
training Classes MT method - Classifier
method RF - RF - Ridge- | KNN-3 | Ridge- | Mk-NN- | Mk-NN-
SVM KNN-5 SVM -SVM | KNN-5 SVM KkNN-5
Airliner/Fish +6.25 +6.25 +6.25 +6.25 +6.25 0 0
From Airliner/Pizza +5 +5 +5 0 +5 0 0
scratch Fish/Pizza -7.14 -7.14 -7.14 -10 -7.14 -12 -12
Airliner/Fish/Pizza -8 -8 -4 -8 0 -20 -20
Airliner/Fish +6.25 +6.25 +6.25 0 +6.25 +6.25 +6.25
Conversion Airliner/Pizza 0 0 0 +5 0 +5 +5
Fish/Pizza +14.28 +14.28 +14.28 +14.28 +7.14 +14.28 +14.28
Airliner/Fish/Pizza +4 +4 0 0 +8 -2 0
Airliner/Fish 0 0 +6.25 0 +6.25 +6.25 +6.25
Hybrid Airliner/Pizza 0 0 0 +5 0 +5 +5
Fish/Pizza +7.14 +7.14 +7.14 +7.14 +7.14 +7.14 +7.14
Airliner/Fish/Pizza 0 0 0 0 0 -4 -4
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10

In general, the brain-guided model increases the accuracy of SNN-based image
classification at most about 14.25%. When the SNN is trained in the conversion
method, it leads to more improvement in the accuracy of the brain-guided network

than the others.

Figure 7 shows the t-SNE plots of features extracted from the image encoder and
EEG encoder in the brain-guided network. As can be seen, when SNN is trained in

conversion or hybrid method, the visual features are more discriminative.

Vicual Teature before regressor - From scratch method Visual feature before regressor - Conversion method
- |
2
® 4
* g0 0 'Y [
. L] = [ ] = *
0 . ™ ™ Y [ ®
L ., 21 3 ‘e, o B
se ® . e ®
-z .. o * L ) . ° e 89 o ®
.
S .. @ LA -4 o . ea®
L] . ...
3 » LA adl I . o []
[
ol o ® e s * % ° .
54 a® ® o f L] °
s g
T T T T T T T T _S 1 . . ’ . ’ .
a5 T
5 4 2 0 2 4 6 g 5 7 =5 s ? 7
(2) |(b)
Yisual fealure before regressor - Hybrid mealhod
8
8 Y
o” o ® s93 @
4 . oa o8 [}
P
L] .
7 e = @
x, ]
i ‘.
.. .. ' . ® a
= o . eve
° o® .
-4 1 . °®
® 0o hd
T 2 : Z A
(©

Figure 7. t-SNE illustration of training visual features extracted by SNN-based image encoder in Brain-
guided model for Airliner / Fish / Pizza, SNN is trained by (a) From scratch method, (b) Conversion
method and (c) Hybrid method
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Experiment IV: In this section, an analysis is performed on the features extracted
from the SNN-based image encoder. For this purpose, the Fisher criterion is used.

If the x,, is the n-th instance of the k-th class. In this case, the between-scatter
matrix and within scatter matrix are respectively defined as [40]:

K

S5 = ) (my — m)N; (e — m)" ™
k;l N,

Sw = Z Z (Xnkx — Mye) (enie— mk)T (8)
k=1n=1

where K is the number of classes and Nj, is the number of samples in the £-th class.
m and m,; are the total mean and average in k-th class, respectively.

The Fisher criterion is defined as follows:

Fish terion = tr(SgSp')
isher criterion = TGS )

Comparison of Fisher discrimination criterion for visual features extracted from

SNNs with different training methods is performed in Figure 8.

As can be seen, for Airliner/Pizza and Airliner/Fish/Pizza categories this criterion
in the Hybrid method is higher than the other two methods. For all classes, the
Conversion method is higher than from the scratch method. The geometric mean of
Fisher ratio shows that the relative performance of the Hybrid method is about
1.078 higher than Conversion in the four/ (three two-class) studied classification

problems.
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Figure 8. Fisher discrimination criterion for visual features extracted from SNNs with the
different training methods

Experiment V: Here, a study has been done on the effect of manifold transferring
on the separability of visual features. We show the improvement of separability of

the SNN-based visual feature space in the proposed method in three ways:

o t-SNE plot: Figure 9 shows the t-SNE plot for features extracted from
encoders (EEG features and Visual features). As can be seen, the visual
features have a higher discriminability after mapping to the EEG feature

space by manifold transferring.
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Figure 9. t-SNE illustration of features extracted by encoders in Brain-guided model for Fish / Pizza, (a)
EEG average features, (b) Visual features before and after manifold transferring for train and test data.

Fisher criterion: Equation 9 in the expresses Fisher's criterion as the ratio
of extra-class variance to intra-class variance. Qualitatively, if the intra-class
variance is low and the extra-class variance is high, the distinction becomes
more straightforward. In Figures 10 and 11, Fisher's criterion is calculated as
the degree of separability of visual features before and after manifold
transferring. Figure 10 shows that the separability of the visual features is
increased by MT, the separability in the choosed training data is higher than

in the test data.
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Figure 10. Comparison of Fisher discrimination criterion for visual features before and after
MT in test and train images for Fish/Pizza classification

1 Figure 11 shows that the separability of the train visual features is increased by MT

2 for different classification problems in this work.
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e SVM margin: The SVM margin across the training set corresponds to
generalization properties in linear models [41]. In Figures 12, SVM margin
show as the separability of the train visual features increases after MT for all

classification problems of this research.
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Figure 12. Comparison of SVM margin for train visual features before and after MT.

Experiment VI: In this part, we employed the spiking LSTM presented in [42] to
encode the EEG signals ,with architecture same as Figure 2, to classify the image-
evoked EEG signals. Therefore, the number of weights in the LSTM-based and
spiking-LSTM-based encoders is the same. The training results of this EEG
encoder are shown in Table 9. As can be seen, in the 3-classes classification
problem, the accuracies have decreased compared to Table 4. Also, the Spiking
LSTM-based encoder outperforms are lower than in the LSTM-based encoder in

view of average accuracy.
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Table 9. EEG classification accuracy with spiking LSTM substituted for LSTM in Figure 2.

Classes Train accuracy Validation accuracy Test accuracy
Airliner/Fish 99.74 98.21 93.75
Airliner/Pizza 99.73 100 9821
Fish/Pizza 99.73 100 98.75
Airliner/Fish/Pizza 98.75 96.59 93.75
Average 99.48 98.7 96.11

6. CONCLUSION

In this work, we attempt to employ the simplicity of SNN with EEG-based
discriminative feature space. To this end, we assembled an SNN-based brain-
guided system of LSTM-based EEG encoder, visual image decoder based on a
SNN which is trained with conversion method, manifold transferring based on
mutual k-NN, and SVM-based classifier. In the proposed model, the EEG signal is
not needed after training. The test image is converted into spike patterns and
mapped to LSTM-based EEG feature space. An SVM-based classifier assigns a
class label to the resulted feature vector and corresponding image. Different
aspects of the proposed system are investigated on the challenging small-sample

ImageNet-EEG dataset.

Various analyzes have been performed on the results obtained from SNN-based
image encoders and compared with other conventional methods for training SNN.
The results show that the training method in SNN can affect the degree of
discrimination of the features extracted from the images. According to the obtained
results, it can be said that one can sort these methods with respect to their
appropriation for training SNN-based image encoder in the brain-guided model,

first the conversion and then hybrid, finally the training from the scratch method.
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Also, the experimental results show that the separability of the SNN-based visual
feature space is improved in the proposed method. In addition, this proposed SNN-
embedding in brain guided system improves the accuracy of SNN in image
classification up to 14.25% on the challenging small-sample ImageNet-EEG

dataset without any overfitting phenomenon.
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