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Intelligent assessment of English
teachers’ classroom language
interaction and emotional
behaviour based on artificial
intelligence

Zhiming Liu%?, Tajularipin Sulaiman?*? & Nur Raihan Che Nawi?

This study focuses on English teachers’ classroom language expression, emotional changes, and
teacher-student interaction behaviors, and proposes an intelligent evaluation model based on
multimodal representation learning—Bimodal Modality Representation and Fusion Network
(BMRN). The model integrates text, speech, and visual multimodal information, introduces a shared-
private feature decoupling structure, and combines four types of losses (similarity, difference, cycle
consistency, and reconstruction) to achieve cross-modal deep semantic fusion and accurate modeling.
Experiments are conducted based on public datasets CMU- Multimodal Opinion-Level Sentiment
Intensity (MOSI), Multimodal Opinion Sentiment and Emotion Intensity (CMU-MOSEI), and self-

built teacher teaching data. Results show that BMRN outperforms existing advanced models in both
classification and regression metrics. Specifically, on the CMU-MOSEI dataset, the mean absolute error
is reduced to 0.547, and the Pearson correlation coefficient reaches 0.781; on the self-built dataset,
the four-classification accuracy reaches 66.1%. Ablation experiments indicate that the text modality
and cycle consistency loss contribute the most to model performance. Robustness tests verify the
effectiveness of the cross-modal reconstruction mechanism in cases of modality missing. This model
improves the ability of semantic understanding and emotion recognition for multimodal teaching
behaviors, with strong generalization and practical application potential. This study provides strong
technical support and data basis for teacher behavior evaluation and professional development in
smart classrooms.

Keywords Artificial intelligence, Multimodal learning, Teacher evaluation, Binary modal representation
learning, Cross-modal modeling

The deep integration of Artificial Intelligence (AI) into educational scenarios has driven innovations in
research paradigms for classroom behavior. An English teacher’s classroom is not a single process of knowledge
transmission, but a multi-dimensional interactive system that integrates language communication, non-verbal
interaction, and emotional perception!~>. Existing studies have shown that teachers’ behavioral characteristics
such as speech intonation and facial expressions not only affect students’ emotional states but also significantly
correlate with their learning motivation and cognitive load. For example, Paulmann and Weinstein (2025)
examined the impact of improving primary school teacher trainees’ voice awareness on their classroom
communication through a voice training program. The results showed that after training, trainees spoke more
slowly when conveying motivational intentions and reduced vocal effort, indicating that voice awareness training
can significantly improve classroom communication and create a more supportive and autonomous learning
environment for students*. Wang (2022) analyzed the impact of teachers’ facial expressions on students’ learning
through three groups of video lectures (rich expressions, regular expressions, and audio-only). The results
showed that teachers with rich expressions performed better in promoting students’ social presence, arousal
level, and long-term learning, and teachers’ emotions could reduce students’ cognitive load®. However, current
classroom evaluations still rely heavily on methods such as manual observation scales and questionnaires. These
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methods have limitations in assessing teachers’ teaching language and emotional behaviors, including strong
subjectivity, weak timeliness, and difficulty in dynamic tracking. They are particularly unable to capture the
complex linkage characteristics of teachers’ multimodal behaviors during teaching®®. Therefore, there is an
urgent need for an efficient, objective, and dynamically responsive multimodal evaluation mechanism to more
accurately understand and provide feedback on teacher behaviors.

In recent years, the integrated analysis of modal data such as video, audio, and text has gradually become an
important means for teacher teaching analysis, promoting the transformation of educational behavior research
from static description to dynamic modeling”!?. Especially against the backdrop of the rapid development
of multimodal perception technology, research on understanding teachers’ behaviors by combining speech,
facial expressions, and behavior sequences has continuously made progress. For example, Tanaka et al. (2024)
evaluated the effectiveness of multimodal sensors (including accelerometers, gyroscopes, heart rate monitors,
facial orientation trackers, and eye gaze trackers) in estimating students’ concentration levels in online
courses through experiments. They found that facial orientation and eye gaze had significant impacts in user-
dependent and user-independent classifications, respectively, providing important insights for understanding
and improving students’ engagement in online learning environments'!. However, current multimodal learning
methods still face two key challenges. First, multimodal data exhibits strong heterogeneity, with differences
in information distribution and semantics between different modalities'?"!%. Second, most existing methods
focus on the concatenation or simple fusion of modal features, lacking effective modeling of shared information
between modalities and modality-specific information, which easily introduces redundancy or blurs decision
boundaries'>!6. In actual teaching scenarios, English teachers’ language intonation, dynamic expressions, and
teaching content often evolve in a coordinated manner. How to extract stable and highly discriminative behavior
representations from these multi-source information remains a technical difficulty that urgently needs to be
overcome. Based on existing multimodal representation learning theories, this study proposes an innovative
multimodal representation learning network that integrates a shared-private decoupling structure and a cross-
modal interaction mechanism. It aims to address the complexity of teachers’ classroom behaviors and the specific
needs of educational scenarios. Different from traditional methods that only focus on modal fusion or simple
feature sharing, this study emphasizes solving the ambiguity in teachers’ behavior expression and redundancy in
multi-source information in model design. For the first time, this study introduces the combination of Central
Moment Discrepancy (CMD) and Hilbert-Schmidt Independence Criterion (HSIC) as structural regularizes,
systematically optimizing the distribution consistency of the shared space and the independence of the private
space, thereby enhancing the discriminative power and robustness of multimodal features. The cross-modal
attention-based fusion unit designed in the model supports dynamic information transfer and strengthens in-
depth semantic interaction between modalities, significantly improving the comprehensive understanding of
teachers’ classroom language, emotions, and interactive behaviors.

This model can not only be used to identify and evaluate English teachers’ language styles, emotional states,
and interaction patterns in the classroom, but also mine the deep structural characteristics behind teaching
behaviors based on multimodal data. Thus, it can provide teachers with personalized suggestions for teaching
improvement and analysis of ability development paths. Meanwhile, the evaluation results can assist schools or
educational managers in optimizing teacher training content and enhancing classroom organization strategies.
The behavioral representation information output by the model can also serve as an important reference for
accurate student profiling, helping students obtain more adaptive teaching resources and situational support,
and indirectly promoting the development of differentiation and precision in the teaching process. This
study responds to the practical needs for objectivity, real-time performance, and in-depth understanding of
classroom evaluation in intelligent education. It provides a basis for personalized teaching feedback, teaching
style recognition, and teacher ability development evaluation, and offers references for the intellectualization of
educational decision-making and classroom intervention strategies.

Literature review

With the continuous application of AI technology in educational scenarios, teaching behavior analysis is
gradually shifting from qualitative observation to dynamic modeling based on multimodal data. Especially in the
research on teachers’ classroom behaviors, the integrated analysis of heterogeneous modal data such as speech,
images, and text has become an important path to understand the teaching process and optimize teaching
behaviors. Relevant studies on multimodal educational behavior modeling mainly focus on three directions:
student behavior monitoring, teacher teaching feature perception, and multimodal fusion modeling methods.

In terms of student behavior monitoring, Watanabe et al. (2023) proposed using webcams for student
engagement detection. They collected classroom behavior data through role-playing and achieved an 89.5%
classification accuracy using a deep neural network model'”. Subsequently, Watanabe et al. (2025) further used
eye-tracking and a Long-Short-Term Memory (LSTM) model to predict students’ self-reported comprehension
levels, showing an F1 score of 0.886, which verified the effectiveness of temporal modeling!®. Similarly, Trabelsi et
al. (2023) developed a real-time visual monitoring system based on AI, which could identify students’ emotions
and attention states even when they were wearing masks, providing references for classroom regulation'®.
These studies indicate that multimodal perception technology can effectively capture changes in emotions and
attention during learning behaviors, with good scalability.

In terms of teacher behavior perception, Ahuja et al. (2019) developed a real-time perception system that
integrated visual and audio signals to support teachers’ instructional feedback and professional growth?’. Utami
et al. (2019) systematically evaluated the applicability of facial expression recognition in teaching assessment
from the perspective of image recognition, especially the model’s robustness under the influence of lighting
changes, occlusion, and head poses?!. Prameela et al. (2024) designed an expression recognition model
combining EfficientNet-B3 and a circle heuristic optimization algorithm, which achieved good recognition
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results for students’ cognitive emotions in low-resource environments?. These studies provide a technical basis
for establishing teacher-cantered multimodal classroom behavior modeling. However, they generally focus on a
single modality (such as vision) or specific tasks (such as expression recognition), making it difficult to cover the
coupling characteristics between language, emotion, and interaction.

In terms of multimodal modeling methods, current mainstream approaches include modal concatenation,
alignment, and collaborative modeling. Researchers have attempted to address the challenge of heterogeneity
through modal alignment and shared-private space separation strategies. For example, Morita et al. (2025)
combined Dual coding theory with generative AI to construct personalized reading materials, improving
learning efficiency by 7.5%, which indirectly reflected the potential of semantic fusion between modalities®.
In the field of educational management, Suryanarayana et al. (2024) emphasized that AI could be used to mine
students’ personalities and provide personalized teaching strategies?!. Although these studies have promoted
the development of educational intelligence, their modeling granularity is relatively coarse, lacking in-depth
discussion on modal coupling mechanisms in teaching scenarios. There are still deficiencies in generalization
ability and semantic consistency modeling in classroom multimodal interaction behaviors.

Despite progress in student monitoring and partial behavior recognition in current multimodal teaching
behavior research, there remains a weakness in cross-modal joint modeling of teachers’ classroom language,
emotions, and interactive behaviors. In complex teaching contexts, different modalities often carry both shared
and independent semantic information. However, existing studies generally overlook the structural decoupling
of such shared and private features between modalities, leading to issues like information redundancy, feature
interference, and semantic drift in models. This makes it difficult to achieve high-quality, interpretable behavior
representation. Furthermore, traditional fusion methods mostly adopt static concatenation or shallow alignment
strategies, failing to fully capture dynamic semantic interactions between multimodalities. Therefore, there is an
urgent need to introduce more expressive mechanisms to construct deep semantic channels between modalities.
To address this, this paper proposes a multimodal representation learning framework that combines shared-
private structure decoupling and cross-modal attention mechanisms. Theoretically, this framework not only
enables modeling of semantic consistency between modalities and independent modeling of modality privacy but
also realizes dynamic transfer and in-depth interaction of multimodal semantics through attention mechanisms.
This design effectively resolves the problem of redundant interference in multi-source heterogeneous information,
enhances the discriminative power and robustness of behavioral features, provides a new structural paradigm in
multimodal modeling methodology, and offers both theoretical and practical support for intelligent classroom
evaluation and personalized teaching feedback.

Research model

Model overview and overall architecture

To achieve multimodal intelligent assessment of English teachers’ language expression, emotional states, and
interactive behaviors in the classroom, this study proposes an Al-based Bimodal Modality Representation and
Fusion Network (BMRN). The input data of this model takes the sentence-level units of teachers’ classroom
speeches as the basic analysis granularity. For each sentence, the corresponding synchronous video clips, audio
clips, and text content are aligned, unified modeled, and fused to capture complete and fine-grained emotional,
semantic, and interactive features in each teaching language behavior. This approach not only ensures temporal
consistency between multimodal inputs but also enhances the ability to accurately perceive teachers’ classroom
performance. Three types of modal information—text (Language, L), visual (Visual, V), and acoustic (Acoustic,
A)—are extracted from the input data to respectively construct intra-modal temporal features. Then, semantic
modeling is performed based on bimodal pairs to learn modal-shared and modal-private features, and deep
fusion is achieved through an interaction mechanism, ultimately completing the intelligent assessment of
teachers’ emotional and behavioral states. Specifically, BMRN first encodes the three modalities in the input
utterance into feature sequences Z; € RTXdi 7 e RTvXdv and 7, € RTaX da, Ti1,v,a} represents the
number of time steps for each modality, and dy; ., 4} represents the modal feature dimension. Subsequently,
the model sequentially performs shared-private feature modeling on the three bimodal combinations (L+V,
L+A, V+A), integrates all semantic representations in the fusion stage, and outputs multimodal prediction
results. The core design concept of BMRN lies in simultaneously modeling modal-shared features and modal-
private features, thereby achieving a comprehensive construction of teachers’ classroom behaviors across
different perceptual channels. The overall structure of the model consists of three main components: a feature
extraction module, a bimodal representation learning module, and a multimodal fusion module. The entire
model structure is shown in Fig. 1.

In Fig. 1, the feature extraction module independently performs low-level feature modeling and temporal
structure learning for each modality to capture intra-modal contextual associations. Subsequently, the bimodal
representation learning module constructs modal-shared features and modal-private features for any pair of
modalities. It introduces CMD loss and HSIC loss for optimization, respectively. Meanwhile, reconstruction
loss and cycle consistency loss are added to enhance model robustness, and a cross-modal attention mechanism
is introduced to model semantic interactions between shared and private features. In addition, a cross-modal
attention mechanism is set within the module to model the interdependence between shared and private
semantics, providing rich cross-modal semantic support for the final fusion stage. The multimodal fusion
module aggregates shared and private features from different modality pairs and generates global representations
through a structural fusion strategy, which are used for subsequent emotion recognition or behavior assessment
tasks. This fusion not only covers the semantic complementary relationships between modality pairs but
also retains modality-specific signal patterns and local feature expressions. Finally, the model outputs multi-
dimensional evaluation vectors, supporting both classification and regression evaluation methods, to adapt to
teacher classroom analysis tasks in various smart education scenarios.
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Fig. 1. BMRN model structure diagram.

Feature extraction module

In multimodal semantic assessment, the expressive power of intra-modal features directly affects the model’s
perception depth of teachers’ classroom behaviors. Although text, audio, and visual modalities originate from
the same classroom segment, they carry their own independent information structures and emotional cues?>%.
To effectively extract high-dimensional semantic representations of these modalities, the study constructs
a feature extraction module with a unified feature scale. It designs modality-specific pre-trained networks to
ensure that the final features maintain consistency and complementarity in expression.

To ensure effective temporal alignment of text, audio, and visual modal data, unified time synchronization
preprocessing is first performed on the multimodal raw data. Based on the video timestamps, text transcription
content, audio signals, and video frame sequences are all segmented into corresponding time intervals, ensuring
that the three-modal data within each time interval strictly correspond to the same classroom moment. In
addition, to address the issue of different sampling frequencies across modalities, interpolation and resampling
techniques are used to adjust the audio and visual modalities to the same time scale as the text time intervals.

For the text modality, the Bidirectional Encoder Representations from Transformers (BERT) pre-trained
language model is adopted as the main feature extraction tool. BERT is trained on large-scale unsupervised text
data and can capture rich linguistic semantics and emotional information?”. Specifically, the first word vector
from the last layer of the BERT model is used as the vector representation of the entire sentence, which contains
comprehensive encoding of the whole sentence and reflects sentence-level semantic features. Let the input
feature of the text modality be I;, then the text representation vector Z; can be expressed as:

Zy = BERT(I;;v ™) € R* (1)
7 b is the parameter of BERT and d; is the text vector dimension.

For the speech and visual modalities, to comprehensively capture temporal dependencies and contextual
information in sequences, a Stacked Bidirectional Long Short-Term Memory (SLSTM) is employed. The
bidirectional structure allows the model to consider both past and future information when processing sequences,
thereby generating more representative feature expressions?®. The audio modality input I, and visual modality
input I, are encoded separately, and the hidden state sequences are obtained using the stacked bidirectional

LSTM. Finally, the terminal hidden state of the sequence is selected as the overall representation of the modality,
denoted as Z, and Z,,. Their mathematical expressions are:
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Zo = SLSTM(I;v ") € R @)
Zy = SLSTM(IL;~ 5'™) ¢ R 3)

7 158 and 4 151 respectively represent the stacked bidirectional Istm parameters of speech and visual modes.

dq and d, respectively represent the dimensions of the corresponding modal vectors.

To achieve unified processing of multimodal information, for each modality m € {l,v,a}, its original
representation vector Z, € R%™ is mapped to a feature space with fixed dimensions, forming the final feature
representation Z,, € R% for subsequent multimodal fusion and representation learning. This mapping process
is implemented through a fully connected layer, ensuring effective alignment and interaction of all modalities
within the same dimensional space.

Binary modal representation learning module

To address the inter-modal differences and information complementarity in multimodal data, a bimodal
representation learning module is designed to specifically capture shared semantic features between two
modalities and their respective unique private information. This module constructs shared and private subspaces
in the feature space, and decouples and fuses bimodal features through a structured learning strategy. Figure 2
shows the overall framework of this module, reflecting the decomposition of modal features, their interaction,
and the optimization mechanism with multiple constraints.

Modal feature representation

The unimodal features extracted by temporal models can capture long-term contextual information in sequences,
but struggle to effectively address redundancy and differences between different modalities. To overcome this
limitation, the module is designed with a parallel structure of a common encoder and private encoders to
separately learn shared features between bimodalities and their respective private features. Specifically, input
vectors Zs and Z; from two different modalities are mapped into two independent representation spaces. In
this mapping process, the common encoder E.(- ;7 .) is responsible for extracting shared features, aiming to
eliminate distribution differences between modalities and achieve information fusion and sharing. Meanwhile,
to preserve the unique semantic information of each modality, private encoders Ej(-;7 ) and Ej(-;v})
are tasked with learning private features of modalities s and ¢, respectively. The formal expression of the shared
feature representation is as follows:

hgt = EC(ZS§ Y c) (4)
his = Ec(Z;7 ) (5)
The formal expression of private feature representation is:

h% :E;(ZS§’Y:) (6)
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Fig. 2. Frame diagram of binary modal representation learning module.
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WY = Ey(Zi;7 ) 7)

hst and his respectively represent the shared features of mode s and mode t extracted by a common encoder.
hZ P and hY represent the private features of the corresponding modes. All features are mapped to the same
dimension space R%, which provides a unified representation basis for subsequent fusion and optimization.
The common encoder parameter < . is shared between the two modes, while the private encoder parameters
7y 5 and 7y ; are independently learned to ensure the effective distinction and expression of shared and private
information.

Loss function

In the design of loss function, four structural constraints, such as similarity loss, difference loss, cyclic consistency
loss and reconstruction loss, are introduced to capture the cooperative and independent characteristics of multi-
modes.

Similarity loss In the process of multimodal fusion, effectively capturing shared semantics between modalities
is crucial for enhancing representational capability. To this end, the model constructs a similarity loss term to
guide the shared features of different modalities to converge in the latent space. This loss term measures the
difference between the distribution of two modal representations from multiple dimensions, including mean
and high-order central moments, based on CMD. CMD is highly sensitive to minor differences between distri-
butions and can finely align representations of different modalities at the statistical structure level. For the shared
representation vectors X and Y of two modalities, the formal definition of CMD is as follows:
1

OMDy (X,Y) = =l EIX] ~E V]l + 3 zzﬁnck (X) — & (V) |1 ®)

E [X] represents the expectation of vector X. ¢ (X) =E [(w —E(X ))k} represents the vector of central
moment, and [a, b] is the data interval. For any set of modes s,t € {l,v,a}, the local CMD loss between

vectors h, and hf, can be defined as:

Lbisim = CMDk ( gty hfs) (9)

Considering that there are three groups of multimodal combinations, namely L+V, L+ A and V + A, this module
models the losses of the three groups in a unified way, and obtains the similar losses among the overall shared
representations:

1
Lsim = 3 Z (s,0)€ {(L,a),(1,v),(a,w)} Lbisim (10)

In the optimization process, this loss term makes the shared codes of different modes close to the common
semantics, and strengthens the information alignment ability across modes.

Differenceloss Although shared features facilitate modal alignment, the unique information contained within
each modality is equally critical. To encourage the model to fully preserve the exclusive semantics of each mo-
dality, a difference loss term is introduced to enhance the independence between shared and private representa-
tions. Specifically, the HSIC is adopted to measure the correlation between two sets of representations. This
criterion constructs a covariance matrix using kernel methods and evaluates the statistical dependence between
variables at the operator level. The definition of HSIC is as follows:

HSIC (X,Y) = #)QTT (Kx HKy H) (1

n—1

Kx and Ky are Gram matrices of samples in kernel space, with elements Kx;; = k(X;, X;) and
Kyi; = k(Yi,Y;). His a centralized matrix with:

H=1- leeT (12)
n

I'is the identity matrix, and e is a vector of ones with dimension #. In specific implementation, for each modality
pair (s,t), the HSIC loss between the shared representation and its corresponding private representation is
calculated respectively, and their average is taken as the local difference loss for the bimodal combination:
1
Lyigirs = g[HSIC( 5, hE) + HSIC (his, hY) + HSIC (h%, hY)) (13)

The HSIC loss between private representations between each binary mode is:

1
Lairy = 3 D o€ (Gt (aw) Dviaiss (14)
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This design effectively avoids the information redundancy in shared and private space, provides a clearer feature
decoupling mechanism for the model, and helps to improve the discrimination and generalization ability of the
fusion representation.

Cycle consistency loss In multimodal representation learning, a single encoding-decoding process is often
insufficient to ensure adequate information interaction between modalities. To enhance the stability and con-
sistency of modal conversion, a cycle consistency mechanism is designed, enabling the model to achieve bidi-
rectional information flow between modalities while maintaining consistent expression. Specifically, given the
input vector Z; of modality ¢, it is first mapped to the reconstructed vector Z’ 5 of the target modality s through
the shared encoder E. and cross-modal decoder Dg. Subsequently, this reconstructed result is used again as
input, and restored to the initial modality through E. and decoder D¢, generating Z'’ ;. The same process
is applied to modality s to generate its cyclic output Z’’ ;. Throughout the process, the shared representation
learned by the model must be able to complete the round-trip information mapping between modalities, ensur-
ing the fidelity of semantic expression.

Based on the above process, the local cyclic consistency loss is measured by L1 norm to measure the deviation
degree of samples before and after two reconstructions, and the form is as follows:

1
Lbicycle:§(||Zt_Z”tH+||Zs_Z/ISH) (15)

To ensure the equal weight of different modal combinations in the optimization process, the cyclic reconstruction
errors among the three groups of modes are synthesized, and the global cyclic consistency loss is expressed as:

1
Leyete = 3 Y e b (o Dbicyete (16)

This loss term encourages the model to learn the common representation structure with good cross-modal
recovery ability, which effectively improves the reversibility and consistency of the mapping between modes.

Reconstructionloss To enhance the expressive power of representations and suppress the generation of mean-
ingless or oversimplified representations, a reconstruction loss is introduced to constrain the model’s fidelity
across various modalities. Within this framework, each modality pair (s,t) corresponds to a set of shared rep-
resentations (h$;, his) along with their respective private representations (h%, hY). These representations are
transmitted to their corresponding cross-modal decoders DZ and DY, respectively, generating predicted vectors
Z' s and Z' for the original modal inputs. During the decoding process, the shared and private information
act in conjunction, enabling the generated results to cover both the original modal details and cross-semantic
features.

The local reconstruction error is measured by the Mean Squared Error (MSE), and the loss function is
defined as follows:

Lbirecon:i(”zt7Z,t||z+||Zsfz/s||§) (17)

dy is the dimension of the input vector, which is used to ensure the scale consistency of the error measure.
Further integrate the reconstruction losses of all modal combinations and construct the overall reconstruction
goal:

1
Lrecon = 3 Z (.)€ {(1a),(1,v),(a,0) } Lbirecon (18)

This loss design not only improves the restoration ability of the model to the input samples, but also helps
to extract more robust and discriminating in-mode representation structures and enhance the generalization
performance of the final fusion features.

Multimodal fusion module

In the complex teacher classroom scene, the information contained in language, vision and audio modes is not
homogeneous, and the signals carried by them play an unequal role in the final evaluation task. Drawing on the
“attention” mechanism in the Transformer structure, a Cross-modal Attention (CA) mechanism is introduced
into the BMRN model to capture the dynamic dependencies between shared representations and private
representations of different modalities. This enables selective alignment and transmission of information, as
well as exploration of consistency and complementary features between modalities?®. Set Query, Key and Value
matrices in CA, which are defined as follows: given the input representation of mode a X, € RT* 9« and
the input representation of mode 3 X € R™* 95 Let the query matrixbe Qo = Xo W&, and the key and
value matricesbe K3 = X and Vz = X W3 . WS € R * % and WS, W € R% * % arelearnable
parameter matrices.CA output is:

Qa Kj
Yo =CAg o (Xa,Xp) = softmazx v Vs (19)
k
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In practical implementation, to enhance the coverage capability of representations, the shared representations of
six cross-modal combinations are stacked into a matrix M. = [h{,, hS;, hé,, by, RSa, o] € RX % and the
corresponding private representations are stacked into a matrix M, = [h? kP, hP 'K, hE, hE,] € RE* 9k,
M. reflects the shared semantic information between modality pairs, while M), captures the unique private
information of each modality pair. This design ensures the orderly separation and expression of different
modal features. After construction, information interaction is accomplished through the cross-modal attention
mechanism, with M. as queries and M, as keys and values, to update the shared representations and promote
adaptation to private features. The entire interaction process introduces residual connections based on the
standard Layer Normalization (LN) operation, and connects to a feed-forward transformation layer for non-
linear reconstruction. The finally improved representation is obtained as follows:

Q-K,
Vdy

F._. , = softmaz ( ) Vs + LN (M.) (20)

Further feed it into the feedforward network f, (- )to improve the representation ability and complete the cross-
modal fusion:

Mc = fy (LN (Fes p)) + LN (Fees p) (21)

Finally, the enhanced shared representation M, and the private representation M p are spliced to form a joint

representation vector:
hout = [Mc @ Mp] S RlQX i (22)

The representation is mapped to a specific prediction task space through a Multilayer Perceptron (MLP):

:l//\: MLP(hout§'7 out) (23)

This fusion method effectively enhances the models ability to model cross-semantic information in multimodal
inputs. It strengthens the dependency structure between representations. Thus, the model achieves stronger
discriminative performance at the prediction level. By learning the dynamic relationships between different
representations, the BMRN model ensures that the fusion results not only contain original modal information
but also cover in-depth interactive semantics.

Model objective function and optimization strategy

To effectively evaluate the comprehensive performance of teachers’ language use, interactive behaviors, and
emotional expressions in English classrooms, the multimodal representation learning framework proposed in
this study needs to optimize multiple objectives simultaneously during training. There are shared semantics and
independent features among different modalities, and task requirements further demand the model to possess
robustness and generalization ability. Therefore, the overall optimization strategy of the model revolves around
an objective function composed of multiple loss functions, aiming to jointly model the semantic consistency,
feature differences between different modalities, and the prediction accuracy of the final task. For classification
scenarios such as teaching emotion category recognition, standard cross-entropy loss is adopted as the basic
supervision signal:

1 n ~
Liask = - Z i=1Yi - log (yi) (24)

y; represents the true label of the i-th sample, and the prediction probability of the output of y; model. In
regression tasks such as interactive intensity score prediction, MSE is used as the performance evaluation
standard:

1 ~
Liask = E Z ZL:lHyl —Yi Hg (25)

To prevent the model from focusing solely on target outputs, various structural auxiliary losses are introduced
during training. Specifically, similar representations between modalities are guided to align via the similarity
loss Lsim. Modality-specific representations are kept independent through the difference loss La;fs. The
cycle consistency loss Lcycie) is used to enhance the ability of bidirectional semantic reconstruction between
modalities. The reconstruction loss Lccon ensures that the semantic details of each modality can be effectively
recovered, thereby improving the fidelity of the overall semantic representation. These multiple losses are
weighted and combined into the final objective function:

L = Liask + 0 1Lsim + 0 2Ldiff +4 3Lcycle + 0 4Lrccon (26)

01, 62, 6 3and 6 4 are hyperparameters, which are used to adjust the weight balance of different loss items on
the whole training process. Finally, the model carries out end-to-end training by minimizing the above objective
function, and achieves a balance between multimodal feature learning and task prediction.
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Experimental design and performance evaluation

Datasets collection

This study primarily adopts two public multimodal sentiment analysis datasets, CMU- Multimodal Opinion-
Level Sentiment Intensity (MOSI) and CMU-Multimodal Opinion Sentiment and Emotion Intensity (MOSEI),
as the main experimental basis to ensure the sufficiency of model training and the robustness of conclusions.
CMU-MOSI contains 2,199 English short video samples, with each sample providing fine-grained scores for the
intensity of opinion sentiment. CMU-MOSEI is one of the largest-scale datasets for multimodal sentiment and
emotion recognition, covering over 23,500 samples. It includes six basic emotions and seven-level sentiment
intensity scores, and is widely used in multimodal research tasks. Both datasets provide three types of modal
information: video, audio, and text. They feature unified corpus structures and mature annotation standards,
making them suitable as core data sources for model training and evaluation. Mean Absolute Error (MAE) and
Pearson Correlation (Corr) are used to measure the fitting degree between model predictions and real labels.
Acc2, Acc7, and F1 are adopted as sentiment classification metrics.

To further verify the model’s adaptability in real teacher teaching scenarios, a small-scale sample set of English
teachers’ teaching videos is constructed for analyzing the model’s generalization ability in educational fields. This
dataset is sourced from the “Smart Primary and Secondary Schools” open platform, collecting classroom video
clips of 12 English teachers. Through manual screening and editing, 400 teaching short videos (ranging from 2 to
10 s) with clear voices, stable images, and complete semantic expressions are retained, and language texts, audio
features, and visual image frames are extracted synchronously. The data is annotated by three postgraduates
with backgrounds in education and linguistics, all of whom received annotation training and had experience in
foreign language education. Classroom assessment referred to three dimensions: clarity of language expression,
naturalness of emotional regulation, and enthusiasm of teacher-student interaction, with four-level labels
set as “Excellent’, “Good”, “Average”, and “Need Improvement”. Each video is scored independently by three
annotators, and the final label is determined by majority voting. Among them, “Excellent” samples account for
24.5%, “Good” for 38.5%, “Average” for 26.0%, and “Need Improvement” for 11.0%. Cohen’s Kappa is used to
evaluate annotation consistency, with an average score of 0.74, indicating strong consistency in the annotations.
These samples are divided into training set, test set, and validation set in an 8:1:1 ratio. All data collected in this
study are teaching videos from public platforms, and all videos have undergone de-identification processing to
ensure teachers’ privacy and comply with relevant ethical norms and data usage requirements.

Experimental environment and parameters setting
The experimental environment and model parameters of this experiment are shown in Table 1.

To enhance the interpretability and classification accuracy of teaching quality analysis, the four levels of
teachers’ classroom performance, “Excellent’, “Good”, “Average”, and “Need Improvement’, are used for multi-
classification modeling, defined as a 4-class task with Accuracy-4 and Macro-F1-4 as evaluation metrics. To
adapt to the need for binary division of teacher evaluation in real educational scenarios, “Excellent” and “Good”
are further classified into the high-performance category, while “Average” and “Needs Improvement” are
classified into the low-performance category, forming a 2-class task with Accuracy-2 and Macro-F1-2 as metrics.
This dual-task design aims to balance the continuity and hierarchical interpretability of teaching evaluation,
enhancing the model’s adaptability in various practical application scenarios.

In the experiment, a variety of classic and advanced multimodal fusion models are selected for comparison,
covering both traditional machine learning methods and deep learning methods, to comprehensively evaluate
the performance of the proposed model. The comparative models include: Early Fusion-LSTM (EF-LSTM),

Configuration/parameters Detailed information

Operating system Ubuntu 16.04.6 LTS

CPU Intel Xeon E5-2620 12-core 24-thread 3.0 GHz
Graphics coprocessors NVIDIA GeForce 2080Ti 1815 MHz 4352 stream processor
Programming language Python 3.9

Deep learning framework TensorFlow

Maximum length of text 256

Camcorder 16 kHz

Video frame rate 25fps

Number of multi-headed attention heads | 8

01,02,03. 64 0.5,0.5,0.3,0.2

Weight attenuation coefficient 0.01

Optimizer AdamW

Dropout 0.3

Learning rate 0.0003

Epoch 20

Batch size 32

Activation function ReLU

Table 1. Experimental environment and parameter settings.
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which concatenates features from each modality and inputs them into an LSTM network for temporal
modeling, representing the most basic early fusion approach. Tensor Fusion Network (TFN), which models
full-order interactions between modalities through tensor outer products to capture complex fusion features.
Low-rank Multimodal Fusion (LMF)*’, which achieves efficient multimodal feature fusion through low-
rank tensor decomposition. Hybrid Contrastive Learning for Multimodal Data (HyCon)®!, which adopts
a hybrid contrastive learning strategy to improve the consistency and discriminative power of inter-modal
representations. Modality-Agnostic Gated BERT (MAG-BERT)??, which uses a gating mechanism to flexibly
integrate multimodal information, balancing modal robustness and dynamic adaptability of information fusion.
These models are widely used and publicly validated in multimodal sentiment analysis and related tasks, with
strong representativeness and reference value.

Performance evaluation

Model performance comparison

The performances of EF-LSTM, TFN, LME HyCon, MAG-BERT and the BMRN model proposed in this study
on CMU-MOSI are shown in Fig. 3.

In Fig. 3, BMRN achieves the best performance in terms of classification accuracy Acc2 and F1 score,
reaching 85.6% and 85.5% respectively, which are 0.47% higher than those of the current optimal HyCon model.
In terms of regression metrics, BMRN has an MAE of 0.749, which is slightly higher than that of HyCon but still
better than other baseline models such as MAG-BERT and LMF. In terms of correlation, BMRN reaches 0.78,
which is basically the same as HyCon’s 0.79 and higher than those of MAG-BERT and TFN. To further verify the
significance of performance differences, 10-fold cross-validation and two-tailed paired t-test are used to evaluate
the prediction results between each pair of models. The results show that BMRN has statistically significant
differences compared with MAG-BERT and TFN in Acc2 and F1 metrics (p <0.01). Although the difference with
HyCon is small, BMRN maintains stability in multiple folds of training, showing good generalization ability. The
performance of each model on CMU-MOSEI is shown in Fig. 4.

As Fig. 4 shows, BMRN achieves optimal or near-optimal performance in both classification and regression
tasks. In terms of binary classification accuracy (Acc2), BMRN reaches 86.3%, which is 1.05% and 1.53% higher
than that of HyCon and MAG-BERT, respectively, showing a significant improvement compared with the other
models. In terms of F1 score, BMRN stands at 85.7%, slightly higher than that of HyCon and MAG-BERT, and
performs more stably in balancing precision and recall. In the regression task, BMRN performs the best in MAE
with a value of 0.547, significantly outperforming HyCon and MAG-BERT which also show good performance.
Meanwhile, its Pearson correlation coefficient is 0.781, slightly lower than that of MAG-BERT but higher than
that of HyCon and all early models. The results of the paired t-test show that BMRN has statistically significant
differences compared with LMFE, TFN, and EF-LSTM in terms of Acc2, F1,and MAE metrics (p <0.01). Compared
with MAG-BERT and HyCon, it also shows marginal significance in F1 and MAE (p <0.05), indicating that
the proposed model has better stability and discriminative ability in multiple dimensions. In summary, BMRN
exhibits excellent multimodal fusion and representation capabilities on the CMU-MOSI and CMU-MOSEI
datasets, enabling accurate and consistent judgments in large-scale real emotional and sentiment data.

The calculation costs of each model on CMU-MOSI and CMU-MOSEI datasets are compared, as shown in
Table 2:
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Fig. 3. Comparison of different models on CMU-MOSI.
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Fig. 4. Comparison of different models on CMU-MOSEI.

Model CMU-MOSI training time (hours) | CMU-MOSI parameter scale (M) | CMU-MOSEI training time (hours) | CMU-MOSEI parameter scale (M)
EF-LSTM 2.1 3.5 4.5 3.5
TFN 3.8 52 7.9 52
LMF 3.2 4.8 7.1 4.8
HyCon 5.5 8.7 11.2 8.7
MAG-BERT | 6.3 12.0 13.5 12.0
BMRN 58 11.5 12.7 11.5

Table 2. Comparison of calculation cost of each model.

From Table 2, the BMRN model has a slightly smaller parameter scale than MAG-BERT, but their training
times are comparable, both being relatively time-consuming. Compared with traditional fusion models such as
EF-LSTM and TEN, BMRN has higher computational costs, which is related to its adoption of a complex cross-
modal attention mechanism and multi-loss collaborative optimization. Overall, while maintaining superior
performance, BMRN’s computational resource requirements are still within an acceptable range, and it has
certain potential for practical application, especially in teaching platform deployment environments with strong
computing power.

The performance of each model in the teacher teaching scenario is shown in Fig. 5:

In Fig. 5, the proposed BMRN model achieves the optimal performance across all four metrics. In the multi-
classification task, BMRN attains an Accuracy-4 of 66.1% and a Macro-F1-4 of 65.6%, which are 4.59% and
4.63% higher than those of the sub-optimal model HyCon, respectively. In the binary classification task, BMRN
leads the baseline models with an Accuracy-2 of 82.8% and a Macro-F1-2 of 82.3%, demonstrating stronger
generalization and stability in distinguishing between high and low teaching performance. Overall, early-stage
models generally achieve an accuracy of less than 60% in the four-class task, struggling to handle fine-grained
teaching evaluation labels. Although MAG-BERT exhibits certain performance, it is limited by its reliance on
semantic information in the teacher teaching dataset and is slightly inferior to BMRN in processing teacher-
student interaction and emotional features. The results of the paired t-test show that BMRN has significant
differences (p<0.01) from TEN, EF-LSTM, and LMF in all four metrics. Compared with MAG-BERT and
HyCon, BMRN has a marginally significant advantage (p <0.05) in Macro-F1-4 and Macro-F1-2. In general,
BMRN demonstrates better comprehensive performance in handling teaching quality evaluation tasks.

To further analyze the fine-grained classification performance of the model in the four-category task of
teacher teaching evaluation, Table 3 shows the confusion matrix results of BMRN model on the self-built dataset
test set, and reveals the main confusion relations between different categories.

In Table 3, the model exhibits a certain degree of confusion between “Excellent” and “Good” categories:
it misclassifies “Excellent” as “Good” 9 times, accounting for nearly one-third of the total samples in the
“Excellent” category. However, it demonstrates strong discriminative ability between “Need Improvement”
and other categories, accurately identifying most “Needs Improvement” samples. Overall, the model is more
prone to misclassification between adjacent levels, while showing robust recognition of extreme levels such as
“Excellent” and “Need Improvement”. The discriminative power between positive categories (“Excellent” and
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Fig. 5. The performance of each model on the self-built teacher teaching dataset.

Reality/prediction | Excellent | Good | Average | Need improvement
Excellent 19 9 2 0
Good 7 28 7 1
Average 2 5 17 6
Need improvement | 0 1 3 8

Table 3. Four-category confusion matrix of BMRN model on teachers’ teaching data test set.

“Good”) is relatively limited, but the model can well distinguish the “Need Improvement” category. This provides

a feasible basis for subsequently merging labels into three categories, such as “Excellent’, “Average”, and “Need
Improvement’.

Ablation experiment

In the ablation experiments, the text, audio, and visual modalities were removed separately to form models
BMRN-1, BMRN-a, and BMRN-v, aiming to observe the impact of different modalities on performance. To
quantitatively verify the importance of the four losses, one loss was removed each time by setting Lsim, Laifs,
Leycte, and Lirecon to 0, resulting in models BMRN-sim, BMRN-diff, BMRN-cycle, and BMRN-recon. These
models are used to analyze the effects on the expression of multimodal shared and private features, fusion
performance, and final evaluation accuracy. The MAE and Corr results on the CMU-MOSI and CMU-MOSEI
datasets are shown in Fig. 6.

In Fig. 6, in terms of modality ablation, the performance of BMRN-I (with the text modality removed) declines
most significantly. Its MAE on the CMU-MOSI and CMU-MOSEI datasets rises to 0.827 and 0.827 respectively,
while the Corr drops sharply to 0.237, indicating that text information remains the dominant modality in
multimodal sentiment prediction tasks. In contrast, the performance degradation caused by removing the audio
and visual modalities is relatively smaller. Their MAE values on CMU-MOSI are 0.568 and 0.57 respectively, and
0.568 and 0.57 on CMU-MOSEI However, these values are still significantly lower than those of the complete
model (0.749 and 0.547), which suggests that audio and visual modalities also play a non-negligible auxiliary
role in enhancing the model’s ability to perceive hierarchical and non-verbal emotional information.

In terms of loss term ablation, removing any loss function leads to performance degradation, verifying the
key value of each loss in constructing the multimodal feature space. Specifically, removing the similarity loss
Lim and the difference loss Lg; ¢y causes the most significant damage to the model: on CMU-MOSI, the MAE
rises to 0.83 and 0.831 respectively, while the Corr drops to 0.748 and 0.739 respectively. This indicates that the
similarity loss plays a crucial role in constructing the shared feature space between different modalities, and the
difference loss helps preserve the uniqueness of each modality to avoid feature redundancy. Removing the cycle
consistency loss Lcycie and the reconstruction loss Lrecon also causes performance degradation, though to a
slightly lesser extent. BMRN-cycle achieves an MAE of 0.799 and a Corr of 0.758 on CMU-MOSI, suggesting that
the cycle consistency mechanism helps maintain structural reversibility and semantic consistency of multimodal
information in both private and shared spaces. BMRN-recon performs similarly, with slightly worse results than
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Fig. 6. Results of ablation experiment.

the complete model on both datasets, demonstrating that the reconstruction loss is significant for maintaining
feature restoration and optimizing the quality of cross-modal alignment.

In summary, the results in Fig. 6 verify the dominant role of the text modality in sentiment prediction tasks,
while emphasizing the indispensable collaborative role of audio and visual modalities in multimodal fusion. In
addition, the four loss functions work synergistically, ensuring the effectiveness and stability of the BMRN model
in multimodal fusion and representation learning from the dimensions of shared modeling, modal difference,
cycle consistency, and semantic fidelity. The complete loss structure is the core support for achieving high model
performance.

To further explore the model’s robustness in the context of modality-missing scenarios, this experiment
introduces a cross-modal completion mechanism. Specifically, for the missing modality input vector Z;, the
remaining modalities Zs are retained. After unified encoding and cross-modal reconstruction, a substitute
vector Z’; is generated. Seven models are constructed: the complete input BMRN, and BMRN-t, BMRN-a,
BMRN-v with text, audio, and visual modalities removed respectively, as well as BMRN-t-a, BMRN-t-v, and
BMRN-v-a with two modalities missing. The experimental results show that the model’s performance drops
the most when text is missing, with the four-class accuracy rate falling to 49.63% and Macro-F1 slipping to
0.643. Among the two-modality-missing models, BMRN-t-a performs the weakest, with a four-class accuracy
rate and Macro-F1 of only 46.27% and 0.612 respectively, indicating that the absence of linguistic cues has a
significant impact on emotional judgment. In contrast, the model still maintains relative stability when audio
and visual modalities are missing, verifying the effective support of the cross-modal reconstruction mechanism
in enhancing model adaptability. The specific results are shown in Fig. 7.

Discussion

In this study, BMRN model shows excellent multi-modal integration ability, especially in teacher’s emotion
recognition and classroom behavior evaluation, which significantly surpasses the traditional model. This finding
is consistent with previous research. Wang et al. (2024) showed that multimodal fusion models can effectively
enhance the accuracy of sentiment analysis and behavior prediction®>. Compared with single-modality research
results, the proposed multimodal fusion strategy is evidently more adaptable to the dynamic classroom
environment. The model’s superior performance in multiple regression metrics such as MSE, MAE, and
correlation reflects the in-depth mining and expressive power of multimodal information in teaching assessment.
In classification metrics, the MSA-Class model also outperforms comparison methods. The significant increase
in accuracy indicates that the model has unique advantages in fine-grained teaching behavior recognition and
emotion state classification. This is in line with the multimodal analysis method proposed by Ezzameli and
Mabhersia (2023). They also found that multimodal models could better capture the subtle connections between
emotions and behaviors, especially in scenarios with significant emotional fluctuations, where the model’s
sensitivity and accuracy are enhanced®*. The results of the ablation experiment also provided in-depth insights
into the model. When the text modality is removed, the model’s performance drops significantly, verifying the
core role of linguistic information in classroom assessment. This result is consistent with Zhao et al. (2023)’s
research on emotions and language expression, who pointed out that the language modality was crucial for
emotion judgment™. The absence of visual and audio modalities also leads to varying degrees of performance
degradation, further emphasizing the synergistic effect of multimodal information. These findings not only
validate the importance of multimodal fusion in teacher emotion and behavior assessment but also provide new
ideas and methods for future educational data analysis.
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Fig. 7. Comparison of results when different modes are missing.

Conclusion

Research contribution

This study addresses the complex task of multimodal teaching behavior understanding and proposes the
BMRN model, which centres on shared-private structure decoupling and cross-modal attention mechanisms. It
achieves deep alignment between modalities and semantically consistent representation through collaborative
optimization of multiple losses. The main contributions are as follows:

(1) Aiming at the coupling relationship between heterogeneous behavioral signals such as teachers’ language,
emotions, and interactions in teaching scenarios, a shared-private feature decoupling structure is intro-
duced. This structure effectively separates shared semantics and unique features between modalities, im-
proving the accuracy and expressive ability of cross-modal information modeling. Meanwhile, by intro-
ducing four loss functions, similarity loss, difference loss, cycle consistency loss, and reconstruction loss,
structural breakthroughs are achieved in terms of semantic consistency, feature fidelity, and redundancy
control.

(2) BMRN outperforms existing optimal models such as HyCon and MAG-BERT on key metrics including
classification accuracy, F1 score, and MAE on the two standard datasets CMU-MOSI and CMU-MOSEI,
demonstrating strong discriminative ability and semantic understanding ability. Especially on the self-
built dataset for teacher teaching, BMRN achieves 66.1% in Accuracy-4 and 65.6% in Macro-F1-4 in the
four-classification task, significantly surpassing other baseline methods, reflecting its strong generalization
in complex educational scenarios.

(3) Ablation experiments show that the text modality is the dominant information source for emotion recogni-
tion, while audio and visual modalities provide important auxiliary signals, which indicates that the model
reasonably models the weights of different modalities. In addition, the four loss functions play a synergistic
role in feature decomposition and semantic preservation, which is a key guarantee for the performance im-
provement of BMRN. Further, in the modality missing experiment, the cross-modal reconstruction mech-
anism significantly alleviates the performance degradation caused by information loss, showing the model’s
robustness and adaptability in real teaching environments.

(4) The BMRN model not only verifies its strong performance on multiple general sentiment analysis data-
sets but also shows good practical application prospects in the self-built teaching behavior evaluation task.
Its structural design is adapted to the multimodal data input of intelligent classroom platforms, and can
effectively support functions such as teacher behavior evaluation, classroom feedback, and teaching opti-
mization. It provides a feasible algorithm basis and methodological support for building an intelligent and
interpretable teacher evaluation system.

In conclusion, through model structure innovation and system performance verification, BMRN provides a new
research paradigm for multimodal teaching behavior modeling, and has important theoretical and practical
significance in promoting the in-depth application of educational AI technology in actual classroom scenarios.

Future works and research limitations

This study still has the problems of limited data scale and limited situational adaptability, and the generalization
ability of the model to cross-cultural classrooms and different teaching styles needs to be verified. In the future,
multi-source heterogeneous data coverage will be expanded, and fine-grained modes such as eye movements
and physiological signals will be integrated to enhance the richness and timeliness of evaluation dimensions. At
the same time, causal reasoning and self-monitoring mechanism are introduced to explore a more explanatory
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and transferable intelligent evaluation framework to serve diversified teaching scenarios and personalized
teacher development needs.

Data availability
The datasets used and/or analyzed during the current study are available from the corresponding author Tajular-
ipin Sulaiman on reasonable request via e-mail Lzmai@163.com.
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