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ABSTRACT 
The article proposes a novel cross-modal adversarial learning framework for analyzing the emotional 
dynamics of non-English learners during classroom engagement and predicting their individualized 
behaviors. The framework combines multilevel feature extraction and Transformer CNN-LSTM 
integrated model to handle multimodal data more efficiently and capture the complex relationship 
between emotions and behaviors. Low-level and high-level multilevel features are then extracted from 
the raw multimodal data. Meanwhile, Transformer is utilized to mine long-distance dependencies 
between multimodal data, CNN extracts local features, and LSTM is used to model dynamic changes in 
time series. In addition, the framework introduces adversarial training to learn shared features across 
modalities. Before 50 rounds of training, the CL-Transformer model loss function, emotion recognition 
accuracy, and behavior prediction accuracy converge, showing the fastest training speed and training 
results. The algorithm in this paper has more than 90% precision, recall, and F1 scores for emotion 
recognition and behavior prediction, and the recognition accuracy for different emotions is up to 0.96. 
In the fifth stage of the case study, the classroom emotion conversion rate and arousal is up to 0.66, 
and the model predicts that the probability of cell phone playing behavior is the highest for learners 
who are in angry moods, which is 64.7%. The learners' classroom emotional acceptance as well as 
behavioral integration have an impact on their classroom engagement. 

Keywords: multilevel feature extraction, Transformer CNN-LSTM, cross-modal adversarial, behavioral 
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1. Introduction 

The classroom is the main position of the implementation of the curriculum, student participation in 
the classroom for the observation of students' knowledge mastery, emotional changes, cognitive ability, 
growth and development provides a clear measure, can be a good reϐlection of the “students how to 
learn”, the implementation of the curriculum has an important signiϐicance of the value of educating 
people [1-2]. At present, with the continuous investment of national education resources, students' 
enthusiasm for learning has not increased but decreased. Under the deepening of the new curriculum 
reform, the educational concept of “students as the main body” is gradually implemented and 
practiced [3]. Student participation is an important exploration of subjectivity, and at the same time 
also provides an important measure of teaching effectiveness [4]. However, although the subjective 
status of students has received widespread attention by educators, but the concrete implementation 
of classroom teaching practice, the long-established “knowledge-based” and “rationality ϐirst” value 
orientation is difϐicult to eliminate, teachers are still based on the structure of the subject to convey 
the subject curriculum, and teachers are still based on the structure of the subject, and the subject of 
the subject of the subject of the subject of the subject of the subject of the subject of the subject of the 
subject of the subject of the subject of the classroom. Teachers still convey the curriculum of their 
subjects according to the structure of the subjects, and students maximize the acceptance of 
institutionalized contents of the subjects, which affects classroom participation [5-6]. Under this 
teaching method, students gradually lose their interest in learning, and what teachers and students 
interpret together is more of a passive and alien existence, which is the fundamental reason for the 
weak innovation ability of students in basic education and the frequent occurrence of high scores and 
low abilities [7-8]. In addition to the singularity of the teaching form, the lack of students' initiative, 
academic pressure and other factors affecting the students' subjective position are also the main 
factors affecting students' participation in the classroom [9-10]. The fundamental purpose of 
education is to cultivate people who can adapt to the modernized society, and the 21st century needs 
innovative talents, so how to break the oppression of test-based education on students' subjective 
consciousness, develop students' thinking, and guide students to participate in the learning process 
independently is a problem that needs to be urgently explored in the ϐield of education [11]. 

In the current educational context, students face pressure from various aspects such as coursework 
and interpersonal relationships, which leads to the prevalence of negative emotions, and emotions 
such as anxiety, depression, and frustration can affect students' learning outcomes and quality of life 
[12-13]. As one of the main subjects of classroom participation, students' perception of teaching and 
emotional response is directly related to the observation of their participation in the process of 
emotional changes, which helps educators to better understand the students' learning status and 
psychological changes in order to students' classroom participation in the real emotional feedback, 
targeted adjustment of classroom interaction programs, teaching strategies, etc. [14-15]. On the 
contrary, students' emotions directly affect classroom performance, classroom interaction effects, 
through understanding their emotional changes, timely regulation of emotions, mobilize subjective 
initiative, can improve classroom performance and interaction effects, and thus promote academic 
performance and social [16-17]. In English teaching, classroom interaction is an essential part, and 
students' participation is an important way for educators to understand students' speaking and 
listening levels, and it is of great practical signiϐicance to analyze students' emotions in this process. 
However, emotions are categorized in various ways and individual emotions may change 
instantaneously, and accurate analysis of data that may produce different modalities, such as text, 
audio, image, and video, is the focus and difϐiculty of identifying students' emotions and dynamics of 
classroom participation [18]. Therefore, it is necessary to explore a method to comprehensively 
capture and analyze the change of emotional dynamics on students' classroom participation in order 
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to provide a reference for personalized teaching and to solve the problem of students' lack of 
subjectivity. 

In video as a modality for emotion analysis, Xinhan, N. [19] proposed an intelligent system for 
analyzing students' classroom status by combining neural network algorithm and emotion feature 
recognition, speciϐically, automatic recognition of students' status features by RFID, machine learning 
to construct a quantitative assessment model, logistic regression scoring algorithm, and training 
model, and neural network algorithm for calibrating the model performance. Ruiz, S. et al [20] 
proposed a twelve-emotion model and designed an emotion board in the PresenceClick system, where 
students can identify their emotional state and emotional evolution process based on monitored 
data.Deniz, S. et al [21] developed a software to save teachers' time for roll-calls and to analyze 
students' emotions in the classroom, which integrated the computer vision techniques and machine 
learning techniques.Llurba, C. et al [22] constructed a model to monitor and analyze the emotions of 
students in different school years, subjects and courses in the steps of designing code, recognizing 
facial emotions, tracking action units, and categorizing emotions.The model was input in the form of 
an image of the monitored facial emotions, and feature extraction in the image was carried out to 
achieve the emotion analysis.Huang , D. and Zhang, W. [23] used an improved hybrid face recognition 
model to detect students' facial expressions in surveillance videos, and then used the student 
expression recognition neural network algorithm to recognize the emotions presented on the face, 
which can accurately recognize students' emotional states in addition to detecting students' classroom 
attention. Among them, in the process of recognizing students' classroom emotions, there may be 
interfering factors such as unclear recognition of facial emotions, facial occlusion, etc. Yuan, Q. [24] 
captured students' emotion images and segmented them with multi-task convolutional neural 
network, extracted representative features in the images, composed a standard emotion database and 
classiϐication criteria, and then extracted recognizable and representative features of facial emotion 
images by using a loss function. Combined with the results of image weight assignment from the 
attention mechanism network, the complete facial emotion is constructed, and ϐinally the visual 
dynamic analysis of partial and global features is performed. While Ganesan, P. et al [25] addressed the 
occlusion region with a regenerative generative adversarial network and analyzed and predicted the 
full range of students' emotions through a visually presented interactive analysis dashboard that 
incorporates multiple disciplines' knowledge and teachers as inputs. 

In addition, in emotion recognition with speech as modality, Liu, T. et al [26] introduced an ESERNet 
model, which mainly captures the long time dependency relationship in speech through the 
Transformer model as an emotional cue to recognize the emotion, and the Transformer model reduces 
the interference of emotional ambiguities due to noisy environments, sound quality of the recording 
equipment, etc. In the sentiment analysis with text as modality, Huddar, M. G. et al [27] extracted 
contextual features with bidirectional long and short-term memory network, extracted unimodal 
features in multimodality with evolutionary computational feature selection model, and fused 
unimodal two-by-two and then fused them three times, which formed a multilevel feature 
optimization and multimodal context fusion technique, which can be used not only in the sentiment 
analysis, but also in the sentiment classiϐication. 

In the above mentioned sentiment analysis, it is mostly based on the single modality analysis of 
video, speech and text, which makes it difϐicult to accurately identify the sentiment features in cases 
such as little change in mood, facial paralysis, too large facial occlusion area in video, small amount of 
textual information, low clarity of images, and cluttered audio backgrounds, which leads to one-sided 
analysis results. Considering this, Li, M. et al [28] used a multimodal learning emotion analysis method 
implemented by deep neural network, which can automatically analyze students' classroom learning 
emotions in both video and voice modalities, and they also applied the PDA emotion scale to compare 
the learning status and emotions, so as to more accurately achieve the optimization of teaching 
methods. And Lu, Y. et al [29] pioneered the Long Short-Term Memory (LSTM) and Multi-scale 
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Convolutional Neural Network (MSCNN) multimodal emotion recognition model by considering three 
modalities of text, image, and audio, and extracted the low-level and high-level features of the 
modalities using LSTM and MSCNN, respectively, and fused the two with an encoder of the Transformer 
model, and used the fused features as the input vector for ϐinal sentiment recognition. In multimodal 
sentiment analysis, multilevel feature selection and context extraction are the focus of the analysis. 
Among them, multilevel feature extraction is the process of transforming and processing different 
modal data several times, which can comprehensively extract the features in the modality. Xie, Y. et al 
[30] utilized a feature extraction module with different convolutional kernel scales to perform 
multilevel feature extraction for the recognition of facial expressions in the ϐield environment, and 
fused the modules extracted several times to form a complete facial expression. 

Whether it is LSTM, CNN, Transformer model, or multilevel feature extraction, all of them are ϐine 
identiϐication and extraction of features in different modal data, but the advantages of each are not the 
same.LSTM has signiϐicant advantages in exploring the relationship of the memory over time, CNN can 
more accurately capture the features and relationships in the image, Transformer model can be the 
global contextual information is captured, and multilevel feature extraction is repeated many times for 
extraction and processing. These advantages are more friendly for the analysis of emotion dynamics 
in multimodal and cross-modal contexts, and the integrated model based on these advantages intends 
to perform multilevel accurate analysis of emotions by fusing different modalities and adversarial 
learning for accurate prediction of students' individualized behaviors in the classroom. 

In this paper, we have developed a cross-modal adversarial learning framework by combining multi-
feature extraction with various techniques such as Transformer, CNN, and LSTM. This framework 
carries a CNN-LSTM network structure that improves the generalization ability and robustness of the 
network through pooling operations, which contains memory units that can capture the time-
dependence within the multimodal data, and in addition, power spectral densities are extracted for 
analyzing time-varying emotional signals of classroom participation. Transformer was used to extract 
the features of each modal data, and the similarities and differences between different modal data 
were analyzed with the assistance of the cross-modal matching module. To enhance the robust defense 
ability of the framework, adversarial training is completed with the help of the fast gradient notation 
method. Finally, under the constructed dataset, a study on the prediction of personalized behavior of 
non-English learners based on classroom participation emotions is launched. 

2. Research objectives and methodology 

2.1. Objectives of the study 

There is a close relationship between classroom engagement emotions and learner behavior. Positive 
emotions promote focus, engagement, and creativity, while negative emotions may lead to distraction 
and reduced engagement. Currently, there exists more research on the recognition of learners' 
classroom emotions and the prediction of classroom behaviors by artiϐicial intelligence techniques, 
but there is a lack of research on the prediction of learners' personalized classroom behaviors based 
on the dynamic changes of classroom engagement emotions. This paper takes this as a topic to develop 
related research. 

Based on multi-feature extraction and Transformer CNN-LSTM model, this study mainly explores 
the following four issues: 

First: to explore learners' mood changes in the classroom using the collected data. 
Second: Explore whether there is a link between learners' emotions and their personalized 

behaviors. 
Third: Whether the cross-modal adversarial learning framework constructed based on multi-

feature extraction and Transformer CNN-LSTM model can be validated in emotion recognition and 
behavior prediction, and how accurate it is. 
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Fourth: Evaluate learners' engagement in the classroom based on the relationship between learners' 
emotions and behaviors. 

In the emotion recognition part of the cross-modal adversarial learning framework based on multi-
feature extraction and Transformer CNN-LSTM model designed in this paper, facial expression 
recognition based on non-physiological signals is selected as the method of emotion recognition, and 
the expression recognition technology is an important ϐield for computers to understand the human 
emotions and human-computer interaction. That is, the expression states are selected from static 
pictures or video recordings as a way to obtain the emotional and psychological states of people. In 
the research since then people have also added neutral expressions to this. The emotion recognition 
process in this paper can be divided into the following three steps: face detection and preprocessing, 
facial expression feature extraction and weight assignment, and expression classiϐication and ϐinal 
emotion scoring. 

2.2. Research methodology 

1) Literature research method. This study generally understands the relevant research directions and 
issues about this study through rough reading, and screens out the research methods and research 
ideas that need to be used in this study through intensive reading, determines the research questions 
of this study, and formulates the relevant research indexes. 

2) Empirical research method. Empirical research method is a research method based on data, through 
the collection and analysis of empirical data to verify or infer hypotheses. In this study, observation 
and data collection were conducted through the design of teaching experiments, and statistical 
analysis was used to explore the changes in learners' emotional levels in the classroom and the 
frequency of personalized behaviors exhibited by learners with different emotions. 

3) Data mining method. The data mining method utilizes techniques such as statistics, artiϐicial 
intelligence and machine learning. Among them, machine learning method is a method that utilizes 
data and algorithms to enable computers to automatically learn and improve their performance by 
training models to learn from data and using these models to perform tasks such as prediction, 
classiϐication and decision making. Based on data mining methods, the correlation between learners' 
classroom engagement emotions and personalized behaviors is explored, and the Transformer CNN-
LSTM model is selected based on the analysis of experimental data for the prediction study of learners' 
personalized behaviors. 

3. CNN-LSTM network modeling 

3.1. CBAM Attention Mechanism Module 

CBAM [31] combines two attention mechanisms, channel attention and spatial attention, and is able 
to focus on both the channel dimension and the spatial dimension of the feature map. In this way, 
CBAM is able to capture the key information in the feature map more effectively and improve the 
model's ability to understand and express the image, thus achieving better performance in a variety 
of visual tasks.CBAM realizes the dynamic adjustment of the feature map through the attention 
patterns learned at different network layers, which enhances the model's attention to the important 
features.CBAM is able to capture more comprehensively the important information in the feature map, 
enabling the model to have a better understanding of and focus on all local regions of the input image. 

CBAM consists of two sub-modules: the channel attention module and the spatial attention 
module.The network structure ϐlow of CBAM is shown in Fig. 1. Assuming that the feature map 

C H WF R     is given as an input, CBAM sequentially derives its one-dimensional channel attention 
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map 1 1C
cM R    and two-dimensional spatial attention map 1 H W

sM R   . The whole process of the 
attention mechanism can be summarized as follows: 

 ' ( )cF M F F   (1) 

 '' ' '( )sF M F F   (2) 

where ⊗ denotes the Kronecker product between the two matrices, which is needed to guarantee the 
matching of the dimensions of the channel attention matrix and the spatial attention matrix during 
multiplication, and ''F  denotes the ϐinal output obtained by the CBAM module. 

Input feature Output feature

Channel attention module Spatial attention module

 

Fig. 1. CBAM attention mechanism network structure 

3.2. CNN-LSTM network construction 

The CNN-LSTM network [32] used in this paper is divided into two parts, the CNN network and the 
LSTM network, and incorporates the CBAM attention mechanism to capture the feature information 
more comprehensively, and accesses the LSTM network after the CNN network to capture the temporal 
information in the features. 

3.2.1. CNN network model. The CNN network structure has a total of four convolutional layers, and 
the CNN structure in the CNN-LSTM network is shown in Figure 2. The ϐirst convolutional layer is a 
standard convolutional layer with a batch size of 64 and a convolutional kernel size of 4×4. The second 
convolutional layer is a standard convolutional layer with a batch size of 128 and a convolutional 
kernel size of 4 × 4. The third convolutional layer is a standard convolutional layer with a batch size of 
256 and a convolutional kernel size of 4×4. The fourth convolutional layer is a standard convolutional 
layer with a batch size of 64 and a convolutional kernel size of 1×1. All the convolutional layers set the 
Relu function as the activation function to mitigate the overϐitting of the model. After the convolutional 
layers the CBAM attention mechanism module is accessed, the CBAM attention mechanism module is 
placed after the convolutional layers in order to enhance the representation of the features and focus 
on the feature information from a more comprehensive perspective. After the CBAM attention 
mechanism module is a Maximum Pooling layer with a pooling kernel of 2×2 and a step size of 2, which 
improves the generalization ability and robustness of the network through pooling operations. The 
output of the pooling layer is then planarly unfolded through a Flatten layer and fed into a fully 
connected layer with 512 cells. 
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Fig. 2. CNN network structure in CNN-LSTM 

3.2.2. LSTM network modeling. The LSTM network consists of a series of LSTM units, each of which 
includes three gating units (i.e., input gate, output gate, and forgetting gate) and a memory unit. They 
are interconnected and control the input, output and forgetting of information through the gating 
mechanism. 

In this paper, an LSTM network layer with 128 memory cells is used to capture the temporal 
dependence within the data.The computational ϐlow of the LSTM network can be represented by the 
following equation: 

 1( [ , ] )t f t t ff W h x b     (3) 

 
1( [ , ] )t i t t ii W h x b     (4) 

 
1( [ , ] )t C t t CC W h x b     (5) 

 
1* *t t t t tC f C i C    (6) 

 
1( [ , ] )t o t t oo W h x b     (7) 

 * ( )t t th o tanh C  (8) 

 *t ho t oy W h b   (9) 

where    denotes the activation operation with sigmoid activation function, ,t tf i   and to   denote 
the forgetting gate, input gate and output gate, respectively, tC  denotes the state of the memory cell, 

tC  denotes the content updated by the memory cell, w  denotes the weight matrix, and b  denotes 
the bias vector. 

The LSTM structure in the CNN-LSTM network designed in this paper is shown in Fig. 3. Taking ny  
as the ϐinal output feature representation of the CNN-LSTM network in this paper, the labels of the EEG 
data segment nX  are computed by means of linear transformation: 

 
1 2[ , , , ]n NOut Ay b Out Out Out     (10) 

where A   denotes the transformation matrix and N   denotes the number of categories for 
sentiment classiϐication. Then the sentiment classiϐication operation is performed on the output by 
softmax classiϐier and the ϐinal result represents the probability that the output classiϐication result is 
the current category. 
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LSTM LSTM LSTM LSTM…

   …

q1 q2 q3 q128

Softmax Final output
 

Fig. 3. LSTM network structure in CNN-LSTM 

4. Cross-modal adversarial learning framework construction 

Based on the above paper, a new CL-Transformer model is proposed by combining the better-
performing CNN-LSTM model and Transformer structure, and incorporating cross-modal comparative 
learning and adversarial training to construct a cross-modal adversarial learning framework. To 
ensure the comparability of the study, this paper also extracted the power spectral density (PSD) 
features, and compared the power spectral density (PSD) features with the differential entropy (DE) 
features to determine their effectiveness in the dynamic analysis of classroom participation emotions. 

4.1. Power spectral density feature extraction 

PSD [33] is the energy distribution of a signal in the frequency domain, which describes the intensity 
or power of the signal at different frequencies. In EEG signal analysis, changes in power spectral 
density can provide important information about brain activity. Different frequency ranges are often 
associated with speciϐic brain waves (e.g., alpha, beta, theta, etc.), and variations in these waves may 
be related to cognitive tasks, emotions, or other neural activities. 

In this paper, we use an estimation method of the Fourier transform (Welch's method) to estimate 
the PSD by segmenting the time-domain signal and calculating the power spectrum of each segment, 
and then averaging it. The calculation formula is shown in: 

 2

1

|
1

( ) ( ) |
N

i
i

PSD f X f
N f 


   (11) 

where N  is the number of segments into which the signal is divided, f  is the frequency resolution, 
and ( )iX f  represents the Fourier transform of the i th segment. 

4.2. Transformer structure 

The core components of Transformer [34] contain the self-attention mechanism, multi-head attention, 
positional encoding, encoder-decoder structure, residual concatenation and layer normalization. The 
attention mechanism allows the model to dynamically allocate attention by assigning different weights 
to different positions of the input data.The self-attention mechanism in the Transformer model is a 
special kind of attention mechanism, which is used to process sequential data. Self-attention 
computation can be divided into the following for the data in the sequence, the original input data is 
ϐirst mapped to the Query, Key, Value vector space by linear transformation. The speciϐic steps are as 
follows: 

1) Calculate the dot product of the Query vector of each element and the Key vectors of all elements, 
i.e., the similarity between the elements: 

 )similarity ( ,i j i jQ K Q K   (12) 
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where, i   denotes the position of the query element and j   denotes the position of the target 
element. 

2) Use softmax function to convert similarity into weights: 

 
m ( ,si ilarity

Atte w
)

( ,ntion eight ) i j
i j

k

Q K
Q K softmax

d

 
   

 
 (13) 

where kd  is the scaling of the Key vector dimension. 

3) The obtained attention weights are weighted and summed with the Value vector to generate the 
ϐinal representation of the query elements: 

 
1

Output Attention w( ) ( ,eight )
n

i j j
j

i Q K V


   (14) 

where n  is the length of the sequence and jV  is the Value vector corresponding to element  j . 
Multi-head attention means that the model sets multiple attention heads, each head produces an 

output, and ϐinally these outputs are spliced and processed. Positional coding will consider the 
positional information of different elements in the model, the encoder is responsible for the input 
information and the decoder is responsible for generating the information, similar to the input and 
output in neural networks. In addition to this, residual concatenation and layer normalization are 
usually included in Transformer with the aim of speeding up the training process and mitigating the 
problem of vanishing gradients. 

The speciϐic operation process of the Transformer model is as follows: ϐirst, the input data is 
ϐlattened by “nn.Flatten”, and then projected by “nn.Linear” to map the input data to the d_model 
dimension. Linear” to map the input data to the d_model dimension. Next, a Transformer encoder layer 
is deϐined using “nn.TransformerEncoderLayer”. This encoder layer contains the Multihead Self-
Attention Mechanism (MHA) and Feedforward Neural Network (FNN) inside. In this experiment, 
d_model was set to 128 and nhead was set to 4, indicating the dimensionality of the model and the 
number of heads in the MHA. Subsequently, the whole Transformer model was constructed by stacking 
multiple Transformer encoder layers using “nn.TransformerEncoder”. 

4.3. Cross-modal comparative learning 

Cross-modal comparative learning [35] is a neural network learning approach in which the model will 
improve the learning performance by comparing and recognizing the similarities and differences 
between different types or modalities of data, such as images, text, or sound, in order to obtain rich 
feature representations. To perform cross-modal retrieval, it is ϐirst necessary to prepare two or more 
different modalities of data, such as images and their corresponding textual descriptions. Then feature 
extraction is performed on these different modal data separately. After extracting the features of each 
modal data, the cross-modal matching module is used to evaluate the similarity between these features. 
These different modal data are then mapped to the shared feature space by a mapping function. 

4.4. Classroom Emotion Recognition Based on CL-Transformer Modeling 

The CL-Transformer model integrates the CNN-LSTM structure and the Transformer structure to 
capture the spatiotemporal features of the EEG signal more comprehensively. In the model, power 
spectral density and differential entropy features are initially extracted by the CNN model, respectively, 
and subsequently passed to the LSTM structure and the Transformer structure, where the features are 
processed independently and fused at a later stage. With this design, the CL-Transformer model can 
understand the multilevel and multidimensional features of EEG signals more comprehensively and 
provide richer information for emotion recognition tasks.The structure of the CL-Transformer model 
is shown in Fig. 4. 
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Fig. 4. CL-Transformer model structure diagram 

4.4.1. Cross-modal feature fusion comparison learning. In order to improve the sample information 
fusion ability of cross-modal features, contrast learning is added to cross-modal feature fusion, and a 
collection of adversarial negative samples of text and audio is introduced to construct the negative 
sample space. Adversarial contrast learning between and within modalities allows the adversarial 
negative samples in the negative sample space of text and audio to constantly track indistinguishable 
samples, effectively enhancing inter-modal interactions and amplifying the differences in the fusion 
representations between samples in order to effectively improve the mining and extraction of sample 
information. 

In order to ensure that the input sequence length is consistent, each modal representation is ϐirst 
processed as the same sequence length. Deϐine kH    as the text representation vector, v

kH   as the 

speech representation vector, and j
kM  as the fusion representation vector. The expressions are as 

follows: 

  ˆ ( , ), ,a a a
k kH Conv H x a t v   (15) 

 ˆ ( , )j j f
k kM Conv M x  (16) 

ˆ j
kM - is the fused representation vector obtained after j  Transformer layers. 

ax  - the size of the convolution kernel for modality a . 
x - the size of the convolution kernel of the fused modality. 
First K samples are randomly selected to construct a group. Then a positive sample pair is randomly 

selected from the K samples and the remaining K-1 become negative sample pairs. Positive sample 
pairs are modal sample pairs consisting of text and speech in the same sample, and negative samples 
are modal sample pairs consisting of text and other samples in the same sample. For each sample pair 
self-supervised comparison loss: 
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' ' ' '

,

1

exp( )
log

exp( )

tv j k k
X

k k k xx

M H
L

M H M H


 


 (17) 

,n jL  - Contrast loss for text-to-speech modal fusion performed on the encoder's Layer j  
Transformer. 

4.4.2. Confrontational training. Adversarial training adds a modest amount of perturbation interI  to 

the input image I  to generate an adversarial image advI  to force the model to learn deeper levels of 

feature attention. Adversarial image advI  consists of adversarial examples FGSMI  generated by Fast 

Gradient Symbology Method (FGSM) [36] and adversarial examples PGDI   generated by Projected 
Gradient Descent (PGD). 

FGSM increases image interference by attacking the model gradient. It is computed as: 

 ( ( , , ))FGSM I gtI I sign I y   ò L  (18) 

I denotes the source image. ò takes a random number in the range (0, 0.01] at each iteration to 
increase randomness. I  is the model gradient.   denotes the model parameters, and gty  is the 

ground-truth mask map. L  denotes the loss function. 
FGSM attacks the model only once based on the gradient. However, when the model is complex, this 

method may not achieve optimal results. Projected gradient descent is a multi-step variant of FGSM. 
One small step at a time, each iteration projects the perturbation to a deϐined range with the following 
formula: 

 
0

1 ( ( ( , , )))
PGD
n n n
PGD PGD l PGD gt

I I

I Clip I sign I y 

 
     L

 (19) 

Clip denotes cropped image. The small step attack by PGD makes the model more urgent to learn 
robust defense capability to avoid misidentifying the tampered region. 

5. Constructing a dataset of non-English language learners' classroom 
behaviors 

5.1. Sources of data sets 

1) Classroom Participation Mood. The data for the classroom participation emotion dynamic analysis 
experiments all come from the public service platform of educational resources, and the study has 
collected a total of about 265 lessons from the same region, the same subject and the same grade from 
the public service platform, and after screening, we retained 157 lessons with obvious emotions and 
clear sound quality for generating the classroom participation emotion dynamic analysis dataset. 

This paper draws on the acquisition and preprocessing process of the IEMOCAP dataset as a way to 
construct the classroom emotion recognition dataset used in this study. Speciϐically, after obtaining the 
classroom video data, the audio data in the video is ϐirst extracted, and then the audio is subjected to 
batch preprocessing operations, which include denoising, endpoint detection, and image-audio cutting, 
and then the cut image-audio segments are called Baidu Speech Recognition to obtain the text 
translation in batch, and ϐinally error correction and emotion labeling are performed manually. 

2) Personalized Behavior Prediction. In this paper, we used Python to write a crawler program to crawl 
the image libraries of the three major search engines of Baidu, Bing and Google, and collected about 
10,000 high-deϐinition photos in total. In order to further expand the dataset, the recording of 
surveillance cameras was also started after the beginning of the new semester. More than 100 
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classrooms were selected for monitoring and the videos were recorded every day for almost 3 months 
in high deϐinition (1080p) quality. At the end of the recording, a video frame-cutting technique was 
used to capture an image from it every 5 minutes, resulting in over 70,000 images. 

5.2. Labeling of data sets 

1) Classroom Engagement Emotions. Discrete Emotion Description Model It describes emotions into 
discrete categories, such as happy, angry, and sad. This dataset refers to a wide range of human 
emotions as well as combining the actual emotional performance in the traditional classroom in 
secondary schools, and ϐinally identiϐies 7 categories of emotions: angry, disgusted, scared, happy, sad, 
surprised, and calm. The emotions of each sample in the dataset were jointly labeled by 5 people, and 
the principle of minority to majority was used to determine the ϐinal emotion labels of the samples. 

2) Personalized Behavior Prediction. The web capture and video recording datasets labeled in this 
project are divided into ϐive categories of personalized behaviors: listening, raising hands, taking notes, 
playing cell phones and sleeping. At the same time, a set of labeling rules is speciϐied to satisfy the 
following conditions on the premise that the labeling frame closely follows the target proϐile: 

Hand-raising category: labeling the target with the hand raised and labeling the upper body. 
Listening category: labeling the target with the head up looking at the board, labeling the upper body. 
Taking notes category: mark the target of writing with a pen in hand, mark the pen and hand. 
Playing with cell phone category: target with cell phone in hand, mark cell phone and hand. Targets 

that look down, sideways, or backward, label the upper body. 
Sleeping: Targets sleeping on their stomachs, label the upper body. 
With the exception of targets with particularly severe occlusion (showing only one arm or only half 

of the head) that were not labeled, the rest of the targets were labeled within the rules. The labeling 
rule is based on the assumption that in most normal classrooms, the teacher is usually in the front of 
the class and the learners at the bottom are looking up at the podium. Targets with their heads down 
are naturally classiϐied as playing with their cell phones because it is impossible to tell exactly what 
they are doing. Similarly sideways and backward looking and indiscernible movements are classiϐied 
as playing with a cell phone. 

5.3. Data enhancement 

The dataset of classroom scenarios involved in this project is very difϐicult to label due to the fact that 
the average number of learners are more than 30 and the project staff has limited energy. And in order 
to train a high-precision model, a large amount of data is needed to support it. In order to expand the 
dataset when the number of annotations reaches about 5000, this project adopts the data 
enhancement technique, which can generate more data on the basis of the existing annotated data, so 
as to increase the size and diversity of the dataset. 

The data enhancement technique mainly consists of operations such as horizontal, left, right, and 
ϐlip of the video frame image, horizontal and vertical panning, and randomly changing the brightness 
and darkness of the image. Through these operations, more data samples can be generated, making 
the size of the dataset expand from the original 5,000 to more than 12,000. The expanded dataset can 
better provide data support for subsequent model training, and can also improve the generalization 
ability of the model in terms of quantitative advantages. 

In addition, the data enhancement technique can also effectively solve the problem of overϐitting, by 
performing some transformations and perturbations on the original data, the diversity of the dataset 
can be increased, so as to reduce the sensitivity of the model to speciϐic samples. At the same time, data 
enhancement can also improve the generalization ability of the model, so that the model can be better 
adapted to different scenes and lighting conditions, thus improving the reliability and stability of the 
model in practical applications. 
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6. Results and analysis 

6.1. CL-Transformer model training performance evaluation 

This experiment is constructed in Ubuntu 20.04.2 LTS operating system environment based on 
PyTorch deep learning framework. The experimental environment is as follows: 

CPU: Intel Xeon Silver 4210 CPU @ 2.20GHz × 2 
Memory: 128G 
Programming language: Python 3.8 
CPU acceleration library: CUDA 11.4 
In the training process, the input images are all of size 640 × 640, the learning rate is set to 0.001, 

and the bit-size is set to 64. The Adam optimizer is used for optimization, the number of training 
iterations is set to 200, and the weight decay is set to 0.001. The source code with the set parameters 
is compiled, i.e., the weight data of the model that can be obtained through training, and the per-image 
The inference running time is about 1 ms. Long Short-Term Memory Network (LSTM), Convolutional 
Neural Network (CNN), Residual Network (ResNet), and Random Forest (RF) models are chosen as 
comparisons, and are trained under the same experimental environment to verify the superiority of 
the training effect of the models in this paper. 

Figure 5 shows the loss function training of each model for 200 iterations. From the data in the ϐigure, 
it is understood that all models complete convergence before 100 rounds of iterations. The model in 
this paper converged to a loss value of around 0.08 at 40 rounds. Compared to the comparison models, 
the CNN model has the lowest loss value, but it needs 80 iterations to fully converge.The ResNet model 
converges in the 55th iteration, showing the fastest convergence speed, but its loss value is around 0.3. 
In summary, the model in this paper shows great advantages in both the convergence speed and 
convergence effect on the loss function. 

 

Fig. 5. The loss value training of the various models of 200 times 

In addition, this section validates the accuracy of emotion recognition as well as behavior prediction 
for non-English learners in the above dataset, and the training results of emotion recognition accuracy 
and personalized behavior prediction accuracy of different network models are shown in Figures 6 
and 7, respectively. According to the experimental data, it is found that the introduction of cross-modal 
feature fusion comparative learning and adversarial training in the CL-Transformer network can 
obviously speed up the convergence speed of the model and achieve better convergence results. This 
is due to the fact that the combination of the two improves the discriminative nature of classroom 
participation emotion features and enhances the extraction of image emotion features.The emotion 
recognition accuracy of the CL-Transformer network model in the classroom emotion dataset 
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eventually stabilized at around 0.97 and above, with only 45 iterations. Since it is more difϐicult to 
extract useful emotion features from the shallow network, it took 80 to 100 rounds of training for the 
comparison model before the emotion recognition accuracy converged to between 0.7 and 0.9. In the 
personalized behavior prediction dataset, the model in this paper also shows the best training results, 
with the personalized behavior prediction accuracy oscillating around 0.94 at 40 rounds of iterations. 
During the training process, the CBAM module is placed after the CSP (Cross Satge Prtiala) module, 
which means that every time the model passes through the CSP, a computation of the attention 
mechanism is performed. This process performs a multidimensional attentional weighting of the 
targets on the feature map, highlighting key features of the learner's classroom behavior and reducing 
the attention to irrelevant features. In this way, the algorithm in this paper is able to extract the key 
features related to learners' classroom behaviors from the feature map more efϐiciently, thus 
improving the accuracy of learners' classroom emotion recognition and behavior prediction. 

 

Fig. 6. Emotional recognition accuracy of different network models 

 

Fig. 7. Behavior prediction accuracy of different network models 

6.2. Feasibility Analysis of Emotion Recognition and Behavior Prediction 

This section continues to test the classroom participation emotion recognition effect and personalized 
behavior prediction effect under the above different algorithms using precision rate, recall rate and F1 
score as indicators. The test results of classroom participation emotion recognition set behavior 
prediction of different algorithms are shown in Fig. 8 and Fig. 9, respectively.From them, it can be seen 
that the performance of classroom participation emotion recognition of this paper's algorithm 



DYNAMIC ANALYSIS OF CLASSROOM ENGAGEMENT SENTIMENT BASED 7167 

 

outperforms that of the four contrasting algorithms, with the measured values of 94.31%, 97.39%, and 
95.83% in precision rate, recall rate, and F1 scores, respectively. The measured values of the 
comparison algorithms did not exceed 90%, which is 7.56% to 17.13% lower than this paper's 
algorithm. For personalized behavior prediction, this paper's model is far ahead of the comparison 
model with an F1 score of 95.96%. The algorithmic model designed in the study demonstrated 
superior performance in the tasks of identifying classroom participation emotions and predicting 
personalized behaviors, with signiϐicant model validity and feasibility. 

 

Fig. 8. Classroom participation in emotional recognition test results 

 

Fig. 9. Personalized behavior prediction test results 

To further validate this paper's model in recognizing the emotions of non-English learners in 
classroom participation, the above emotion analysis dataset is classiϐied in this section into anger, 
disgust, fear, happiness, sadness, surprise, and calmness, a total of seven types. The emotions of each 
category are identiϐied using the model of this paper and the emotion recognition confusion matrix is 
drawn. 

Figure 10 shows the emotion recognition confusion matrix, and the diagonal line in the ϐigure shows 
the accuracy of this paper's model on each emotion recognition. It can be seen that the recognition 
accuracy of this paper's model in seven kinds of classroom participation emotions has been more than 
0.9, in which the recognition accuracy of happiness is the highest, up to 0.96. The probability of each 
emotion to be recognized as other emotions is not more than 0.04, which indicates that this paper's 
model can better achieve the recognition of emotions such as angry, disgusted, afraid, happy, and so 
on. 
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Fig. 10. Emotional identiϐication confusion matrix 

6.3. Interaction Analysis of Learners' Classroom Emotions and Individual Behaviors 

In order to better analyze the emotional changes of non-English learners in classroom participation, 
this paper utilizes a cross-modal adversarial learning framework to identify learners' classroom 
emotions and calculates the classroom emotion conversion rate and classroom excitement to 
determine the level of classroom emotions. The overall classroom mood is divided into: excitement, 
calmness, and depression. 

The formula for classroom mood conversion rate is as follows: 

 = s
c

f
S O

T
 (20) 

sf  is the number of emotional transformations, T  represents the classroom duration, and cO  is 

the sampling frequency of instructional images, which was taken as cO  = 10 times/minute in this 
study. 

The formula for classroom excitement is as follows: 
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where, f  is the number of images judged to be excited emotions. Combining the above dimensions, 
the following formula for classroom mood level determination is obtained: 
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This section of the experiment counted the mood changes of the non-English learners throughout 
the classroom session, dividing the 45-minute classroom into 10 phases. The initial stage was before 
the beginning of the class, and from the ϐirst stage (0-5 minutes), the division was done every 5 minutes 
until the ϐinal stage (40-45 minutes). 
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The rate of classroom mood conversion and classroom excitement were calculated in this lesson to 
determine the level of classroom mood in this case. Figures 11 and 12 show the results of calculating 
the classroom mood conversion rate and classroom excitement as well as the changes in the classroom 
mood level, respectively. Combining the two ϐigures, it can be seen that the classroom mood conversion 
rate and classroom excitement level are continuously changing throughout the whole classroom 
session. In the initial stage before the beginning of the class, the classroom mood conversion rate is 
0.33, the excitement level is 0.48, and the mood level is in a calm state. Combined with the images, this 
is the classroom rest stage at the end of the last class. Thereafter, in the ϐirst stage, the classroom mood 
is more excited, and at the second stage, it transforms into calm, and the analysis shows that there is a 
clear interactive behavior in the classroom at this time. In the third and fourth stages, the classroom 
mood is relatively low, combined with the classroom video analysis can be seen at this time the 
classroom in the teacher to explain the state of knowledge. In the ϐifth stage, the classroom mood 
conversion rate and excitement were calculated to be 0.66, the classroom resumed the state of 
excitement, and students began to discuss the problem. The reasons for the change of classroom mood 
in the following stages are basically consistent with the previous analysis. 

 

Fig. 11. The rate of mood conversion and the calculation of classroom excitation 

 

Fig. 12. Mood level changes in the classroom 

In order to deeply analyze the existence of personalized behaviors of non-English learners with 
different emotions, the experiments recorded the learning videos of each non-English learner in a 
classroom, and statistically analyzed the frequency of different personalized behaviors of the 
population of learners with the tendency of angry, disgusted, scared, happy, sad, surprised, and calm 
emotions. The cross-modal adversarial learning framework based on the CL-Transformer model in this 
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paper is further adopted to predict the personalized behaviors that learners are about to display by 
identifying their classroom emotions. 

The results of the analysis of learners' emotionally inclined classroom behaviors are shown in Figure 
13. As can be seen from the ϐigure, learners with different emotions have signiϐicant differences in the 
frequency of personalized behaviors they display in the classroom. According to statistics, learners 
with negative emotions (anger, disgust, fear, and sadness) in the classroom tend to play with cell 
phones, sleep classroom behaviors, and raise their hands, take notes, and listen to the lecture less 
frequently. For example, learners with angry emotions have a frequency of 43 and 27 for playing cell 
phones and sleeping, respectively, while the frequency of listening to lectures is 1, and there are no 
other types of behaviors. This indicates that learners with negative emotions are often not interested 
in class content and easily feel sleepy. The learners with positive emotions (happy, surprise), on the 
other hand, showed more class participation behaviors (raising hands, taking notes, listening). For 
example, learners with happy emotions have a frequency of 54 listening behaviors, and there is no cell 
phone playing or sleeping type of behaviors. Lastly, learners with calm emotions, this category of 
learners showed all classroom behaviors, but the frequency of behaviors in the category of raising 
hands, taking notes, and listening to lectures was much higher than the behaviors in the categories of 
playing cell phones and sleeping. 

 

Fig. 13. The results of the analysis of the behavior of the learner 

In addition, based on the analysis of the emotional tendencies of non-English learners, the 
personalized behavior prediction of learners with different emotions is carried out. Figure 14 shows 
the results of personalized behavior prediction for learners with different emotions under the model 
of this paper. From the data in the ϐigure, it can be concluded that for learners with negative emotions, 
the model predicts a higher probability of cell phone playing and sleeping behaviors. Taking learners 
with angry emotions as an example, the model predicts that the probability of their appearing to play 
with cell phones is 64.7%, 33.8% of the probability of sleeping, and only 1.5% of the probability of 
their appearing to listen to lectures. As for positive and calm emotions, the model shows that the 
probability of this type of learners to show hand raising, note taking and listening type of behaviors is 
higher than that of cell phone playing and sleeping type of behaviors. 
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Fig. 14. The behavior of different mood learners in this paper model results 

6.4. Classroom Engagement Measures Based on Emotions and Behaviors 

In this paper, emotional and behavioral factors were numerically detected and extracted through the 
quantitative model of emotion and hierarchical analysis, respectively. Relevant questionnaires were 
designed and scored by experts to determine the inϐluence weights of each factor on learners' 
classroom participation. The multilevel comprehensive evaluation system of classroom participation 
is shown in Table 1. 

Table 1. Multi-stage comprehensive evaluation system of classroom participation 

Second factors Weighting First factors Weighting 

Emotional acceptance 0.75 

Angry 0.0513 

Revulsion 0.0169 

Fear 0.0416 

Happy 0.4021 

Heartbreak 0.0613 

Surprise 0.2651 

Peace 0.1617 

Behavior integration 0.25 

Play phone 0.0457 

Sleep 0.0441 

Hand up 0.5171 

Take notes 0.1758 

Lecture 0.2173 

 
This section analyzes the results of quantifying the emotional acceptance of classroom participation 

by non-English language learners through actual tests and data statistics. The study conducted 
multiple tests, and the results of four representative sets of tests, all 30 minutes in length, are 
presented. The formula for calculating emotional acceptance is as follows: 



7172 HUANG AND S.SAMONTE 

 

  

1 1

2 2
1 2 7

7 7

1
, ,...,

...

t m

t m
Emo w w w

n

t m

 
 
 
 
 
 

 (23) 

n   indicates the number of included emotion frames,  1 2 7, ,...,w w w   is the weight of the seven 

emotions,  1 2 7, ,...,
T

t t t   is the number of times the corresponding emotion appeared during the 

detection period, and  1 2 7, ,...,
T

m m m  is the corresponding emotion score. 

Figure 15 shows the results of emotion detection and calculation in classroom participation of non-
English learners. The four groups of tests represent four different kinds of classroom performance. 
The ϐirst group is classroom performance in an ordinary state, where the learners' acceptance of the 
knowledge and the classroom is average, and they do not show active listening, but they are not 
resistant to the classroom itself. The second group is obviously integrated into the classroom, and its 
happy mood accounted for 89%, which to some extent indicates that the learner has a high degree of 
welcome to the content taught by the teacher, and the learner is in a kind of active and positive learning 
state, and his emotional state is in a high degree of activation, so from the quantitative results, it can 
also be seen that the learner scores higher in the emotional perspective. 

The third and fourth groups are two experiments of negative listening experience. Since negative 
emotion is a comprehensive manifestation, the learners in the third group of experiments were in a 
negative state as a whole, without some kind of negative emotion dominating, which was mapped to 
the classroom performance as a relative deviation from the classroom content or resistance to the 
knowledge imparted by the teacher, and the scores were negative. In the fourth group, compared to 
the third group, the learners' anger accounted for most of the test frames, indicating that the learners' 
listening experience was poor, in a highly tense emotional state of resistance, questioning, deviation 
and even criticism of knowledge or class, and the effect of listening to the class under this kind of 
emotion was also signiϐicantly worse. 

 

Fig. 15. Emotional acceptance test and calculation results 

This paper gives the results of the personalized behavioral integration measure quantiϐication for 
non-English language learners, which is calculated based on the following formula for judging 
behavioral integration: 
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n  indicates the number of frames containing a particular behavior in the image,  1 2 5, ,...,w w w  is 

the weight of the ϐive behaviors, and  1 2 5, ,...,
T

t t t  is the number of occurrences of the ϐive behaviors. 

Also listed are representative results of four groups of tests all of 30 minutes in duration. Figure 16 
shows the statistics of the number of occurrences of various behaviors and their scoring results. From 
the comparison of the scores of the second and fourth groups, it can be clearly seen that when the 
learner is out of the classroom (e.g., sleeping, playing with cell phone actions accounted for the main 
part) the learner's classroom behavioral integration scores are signiϐicantly lower. The learners are 
not engaged in the lesson itself at the moment, but rather in what is called “desertion”. 

 

Fig. 16. Behavior integration test and calculation results 

As a result of the quantitative scores above, this section identiϐies emotional acceptance and 
behavioral integration as important detectors of the impact of classroom engagement for non-English 
learners. This gives a quantitative formula for classroom engagement: 

  100 0.75 0.25pC Emo Act    (25) 

In this section, 30 learners were tested and scored while learning the same course content using the 
model of this paper to identify the classroom emotions and behaviors of each learner. Figure 17 shows 
the results of quantitative classroom engagement scores for each learner, with (a)-(c) showing the 
learner emotional acceptance score, learner behavioral integration score, and learner classroom 
engagement score, respectively. By identifying classroom emotions and behaviors through the model 
in this paper, the learners' emotional acceptance as well as behavioral integration scores ranged from 
3.31 to 9.26 and 2.72 to 9.34, respectively. Using the above formula, the learners' classroom 
engagement scores were obtained between 3.54 and 8.85, which corroborated with the results based 
on teachers' classroom feelings. Through the post-class interview survey, the classroom emotions as 
well as behavioral performance identiϐied in this paper are basically consistent with the learners' 
situation at that time. For learners with low emotional acceptance scores, they mostly showed 
confusion, incomprehension or even aversion to the knowledge content, which led to behaviors such 
as playing cell phones and sleeping, thus leading to lower classroom engagement. 
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Fig. 17. The results of the participants' participation in classroom participation 

7. Conclusion 

A cross-modal adversarial learning framework is designed to predict learners' personalized behaviors 
through their classroom engagement mood changes. The Transformer CNN-LSTM integration model 
is used as the central architecture of the framework to achieve multi-level feature extraction of 
classroom emotion and behavior data. At the same time, cross-modal feature fusion and comparison 
is utilized to perform adversarial comparative analysis between and within modalities to improve the 
ability of sample information mining. This is then combined with adversarial training to learn deeper 
levels of feature attention and enhance defense capabilities. The research results are as follows: 

1) The model in this paper converges successively in loss function, behavior prediction accuracy and 
emotion recognition accuracy before 50 rounds of iteration, in which the loss value stabilizes around 
0.08 and the accuracy are all higher than 0.94. 

2) The model's precision, recall and F1 score on emotion recognition are 94.31%, 97.39% and 
95.83%, respectively, and the recognition accuracy for anger, disgust, fear, happiness, sadness, surprise 
and calm among them is more than 0.9. 

3) Classroom emotions affect the personalized behaviors of non-English learners, the CL-
Transformer model predicts that the likelihood of learners (angry emotions), listening behavior is 
1.5%. 

4) By using the model in this paper to identify the learners' classroom emotions and predict their 
personalized actions, the learners' classroom engagement scores were calculated to be between 3.54 
and 8.85, which is consistent with the teachers' feelings about the learners' engagement. 

The results of the study show the superior performance of the CL-Transformer model based on 
cross-modal feature fusion and adversarial training in emotion recognition and behavior prediction, 
which provides a data basis for the analysis of emotional dynamics and individualized behavior in the 
ϐield of education. 
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