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Abstract

It is critical for emotion-aware multichannel adaptation techniques to have high accuracy in terms of recognizing emotions, particularly 

in English-speaking learners' cases. Recurrent neural network-based methods, aggregation-based approaches, and conventional 

multimodal fusion techniques are known to have some drawbacks related to time dependency, dynamicity of emotional transitions, 

and inter-speaker variance robustness. In an attempt to address these limitations, we propose a task-specific multimodal framework 

that employs an emotion-structured transformer encoder coupled with a progressive emotion distillation strategy. What should be 

noted first about this paper is that its contribution lies in neither technique employed, since they were previously utilized in different 

works. The key idea behind the proposed approach is the combination of existing emotion recognition techniques into a multimodal 

pipeline that facilitates improved emotion recognition and robust representation learning. Estimation of the speaker-independent 

representation, emotion-aware representation, and improved emotion recognition are achieved through employing emotion-prior 

masked attention, emotion-gated feature transformation, multi-head attention pooling, and boundary-aware auxiliary supervision in 

ESTE. Further improvement in training the recognition model is obtained by incorporating emotionally ambiguous samples progressively 

and a distillation process based on soft labels, in addition to auxiliary tasks such as valence-arousal regression and boundary detection. 

Improved results are empirically observed when compared with selected baselines using emotion recognition benchmark datasets. As a 

conclusion, an interpretative teaching strategy generation method relying on the rules of teaching guidelines is suggested.
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1 Introduction
The task of recognizing emotions in English-speaking and 
generating adaptive teaching strategies is increasingly crit-
ical in enhancing personalized education and emotional 
interaction systems [1]. Accurate emotion recognition 
improves communication efficiency and learning engage-
ment, and also enables adaptive interventions that cater to 
individual learner needs [2]. Traditional education strat-
egies often lack emotional sensitivity, which can hinder 
student motivation and performance [3]. Moreover, with 
the global adoption of online and remote learning, there is 
a rising demand for systems that can sense learners' emo-
tional states and dynamically adjust teaching methods [4]. 
Hence, research into multimodal deep learning for emo-
tion recognition and adaptive strategy generation is not 
only necessary but also timely, offering potential for more 
humane, intelligent, and effective education [5].

Early systems addressing emotional interaction in edu-
cational settings were constructed around rigid rule systems 
derived from psychological theory and linguistic observa-
tions [6]. These models attempted to define emotional catego-
ries by encoding logical mappings between speech prosody, 
word choice, and facial expressions. While these techniques 
facilitated controlled experimentation and human-interpre-
table outputs, they were limited in handling spontaneous, 
ambiguous, or culturally diverse expressions [7]. Variability 
in pronunciation, speaking pace, and expressive range further 
undermined their robustness in real-world teaching scenar-
ios. These shortcomings prompted researchers to shift toward 
approaches that could better accommodate expressive varia-
tion and adapt to the fluidity of learner responses [8].

In response, a new wave of algorithms emerged that relied 
on statistical patterns observed in large datasets of human 
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speech and interaction [9]. These models leveraged feature 
extraction pipelines to quantify affective cues, such as pitch 
modulation, articulation rate, or visual micro expressions, 
and linked them to emotion labels through discriminative 
learning models [10]. Systems trained with this approach 
showed improved flexibility across speaking styles and better 
tolerance to noise [11]. Nonetheless, they still needed care-
ful feature design and struggled to model complex tempo-
ral dependencies or cross-modal coherence [12]. Moreover, 
their scalability was often limited when faced with the multi-
modal richness of educational interactions involving spoken, 
textual, and visual cues.

Recent advances in neural computation have introduced 
configurations capable of learning expressive representa-
tions directly from raw input streams, significantly enhanc-
ing emotion modeling fidelity [13]. Deep learning (DL) 
models such as Convolutional Neural Networks (CNNs) and 
Recurrent Neural Networks (RNNs), combined with atten-
tion mechanisms, have demonstrated strong performance in 
capturing emotion dynamics within audio and facial expres-
sion sequences [14]. More recently, transformer-based mod-
els and pre-trained backbones, like ERT for textual inputs or 
wav2vec for speech, have enabled fine-grained contextual 
learning and transfer across domains [15]. Multimodal fusion 
techniques have further strengthened emotion inference by 
aligning and integrating diverse modalities within unified 
representations. Despite these successes, current systems still 
face challenges such as modality imbalance, resource-in-
tensive training, and the need for pedagogically grounded 
adaptation mechanisms [16]. Continued research is therefore 
required to design lightweight, interpretable, and pedagogi-
cally adaptive models for real-time deployment in emotion-
ally responsive learning environments.

Due to the limitations of rule-based systems, classi-
cal machine learning algorithms, and recent deep learn-
ing architectures, we propose a multimodal approach to 
emotion recognition and teaching adaptation in English-
speaking settings. This paper does not intend to create 
a completely new architecture for the Transformer model 
and curriculum learning strategy. Rather, its merit lies in 
bringing together several ideas, including emotion-aware 
temporal features, gate-controlled feature operations, 
utterance-level summarization using an attention mech-
anism, distillation on an increasing dataset, and teaching 
decision mapping. The goal of this paper is to increase the 
correlation of the outputs from emotion recognition and 
teaching adaptation processes in English-speaking learn-
ing environments.

The most important contributions made by the paper 
are as follows:

•	 Emotion-Structured Transformer Encoder, which can 
be used specifically for the task of emotion recognition 
in the English language. This network architecture 
employs emotion-prior masked self-attention, emo-
tion-gated feedforward transformation, multi-head 
attention fusion, and speaker identity normalization.

•	 The use of the Progressive Emotion Distillation 
Strategy allows addressing the challenge of train-
ing data due to emotional ambiguity. It includes cur-
riculum learning, knowledge distillation using soft 
labels, sampling with uncertainties, and supplemen-
tary supervision via valence/arousal regression and 
emotion boundary detection.

•	 Teaching strategy generator, which is capable of gen-
erating an emotion-based adaptive teaching strat-
egy based on the output of the emotion recognizer. 
This approach aims to assign emotions to appropri-
ate pedagogically relevant strategies, such as making 
the task easier if frustration is detected, reducing the 
complexity of the task if anxiety is experienced, etc.

•	 Detailed experiments, ablation tests, robustness anal-
ysis, and hypothesis testing have been performed to 
study the impact of each component.

2 Related work
2.1 Multimodal features for emotion recognition
Multimodal DL is a transformative approach for emotion 
recognition in English-speaking, combining multiple data 
sources such as audio, visual, and textual modalities to cap-
ture the nuanced expressions of emotion that a single modal-
ity might miss [17]. In traditional systems, speech emotion 
detection often relied solely on acoustic features, including 
pitch, energy, and spectral properties; however, these fea-
tures alone frequently fall short in accurately representing 
complex emotional states. Multimodal frameworks integrate 
synchronized streams of audio signals, facial expressions, 
and linguistic cues, providing a richer and more holistic rep-
resentation of speaker emotion [18]. Research has displayed 
that using CNNs for visual feature extraction and RNNs, 
including Long Short-Term Memory (LSTM) units for 
sequential modeling of audio signals, significantly enhances 
recognition accuracy. Attention mechanisms are frequently 
employed to weigh the significance of diverse modalities 
dynamically, allowing the scheme to adapt to the varying sig-
nificance of speech tone versus facial movements depending 
on context [19]. Multimodal fusion strategies, whether early 
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fusion at the feature level, late fusion at the decision level, or 
hybrid fusion methods, are crucial for achieving high-per-
formance emotion recognition. Datasets like The Interactive 
Emotional Dyadic Motion Capture (IEMOCAP)  [20] and 
Multimodal EmotionLines Dataset (MELD) [21] have been 
extensively used to benchmark multimodal approaches, 
and their annotations in both categorical and dimensional 
emotion models provide a comprehensive training ground 
for DL systems [22]. Emerging trends include the use of 
transformers for cross-modal learning and graph neural 
networks (GNNs) to model inter-modal relationships more 
effectively [23]. The complexity of natural spoken language, 
with its inherent variability in prosody, syntax, and prag-
matic elements, demands sophisticated feature extraction 
and fusion techniques to achieve robust emotion recogni-
tion [24]. Advances in pretraining large multimodal schemes 
on broad databases and fine-tuning on task-specific corpora 
are also pushing the frontier of what multimodal deep learn-
ing can accomplish in English-speaking emotion recog-
nition [25]. Dolatabadi  et  al. [26] performed experiments 
regarding the detection of emotions using EEG signals and 
peripheral physiological parameters including GSR, BVP, 
respiration rate, skin temperature, EMG, and EOG. For this 
purpose, various linear and nonlinear feature extraction 
approaches including PNN, GRNN, SVM, and KNN were 
utilized to detect valence, arousal, dominance, and liking. 
The following results were obtained from the above-men-
tioned approaches: EEG performed better than peripheral 
physiological parameters for detecting valence, arousal, and 
dominance; however, peripheral physiological parameters 
performed better than EEG for liking detection.

2.2 Adaptive teaching based on emotions
Adaptive teaching strategies grounded in emotion recogni-
tion aim to dynamically adjust instructional content, pace, 
and pedagogical approaches based on the emotional states of 
English-speaking learners, leading to more personalized and 
effective education experiences [27]. Conventional teach-
ing paradigms that adopt a uniform approach are increas-
ingly insufficient for heterogeneous learner demographics, 
especially in contexts of language acquisition where factors 
such as motivation, anxiety, and levels of confidence exert 
a substantial influence on performance. The incorporation 
of real-time emotion recognition technologies within com-
puter-assisted language learning (CALL) settings enables 
educators to identify variations in students' emotional con-
ditions and modify their interventions accordingly [28].  
For example, should the system identify increased frustration 

via vocal stress indicators and negative facial expressions, it 
may autonomously simplify tasks, provide motivational sup-
port, or recommend a brief respite to mitigate cognitive strain. 
In contrast, indications of boredom could lead the system to 
present more demanding content or interactive experiences 
to re-engage the learner [29]. Researchers are investigating 
reinforcement learning algorithms to enhance adaptive meth-
odologies, wherein the instructional agent discerns the most 
effective pedagogical actions based on ongoing emotional 
responses from students [30]. Furthermore, the implementa-
tion of explainable AI (XAI) techniques is crucial to ensure 
that the decisions made regarding adaptations are transpar-
ent and comprehensible to both instructors and learners.  
The amalgamation of affective computing into intelligent 
tutoring systems (ITS) necessitates advanced emotional 
modeling that considers not only ephemeral emotions but 
also enduring affective characteristics such as learner engage-
ment and perseverance [31]. Multimodal emotion recogni-
tion improves these schemes by delivering more depend-
able and nuanced emotional data than unimodal approaches. 
Challenges persist in addressing cultural and individual dif-
ferences in emotional expression, which underscores the 
necessity for the creation of culturally aware and personal-
ized emotion-adaptive schemes. Ultimately, emotion-driven 
adaptive instruction signifies a notable progression in person-
alized education, possessing the potential to enhance learner 
outcomes, bolster motivation, and diminish attrition rates in 
English language learning initiatives [32].

2.3 Challenges and future research directions
Despite the positive advances noted in multimodal DL for 
emotion recognition in English speech and the derivation of 
adaptive learning approaches, several key barriers remain 
that require critical analysis in future studies [33]. A key chal-
lenge is the sparse availability of comprehensive, high-qual-
ity multimodal databases explicitly engineered for scenar-
ios of English language learning, hindering the derivation 
of schemes that can generalize rigorously across diversi-
fied learner populations. The acquisition of such databases 
requires careful attention to issues of privacy, consent pro-
cedures, and demographic coverage [34]. Another pressing 
issue is the real-time processing requirements of adaptive 
systems, where latency in emotion detection and response 
generation can undermine the effectiveness of interventions. 
Lightweight schemes and efficient inference techniques are, 
therefore, crucial areas of exploration [35]. Moreover, cur-
rent emotion recognition systems often struggle with ambi-
guity and mixed emotions, which are prevalent in naturalistic 
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speaking scenarios; future schemes must incorporate mech-
anisms for handling emotional complexity and uncertainty. 
Interpretability and fairness also pose significant challenges, 
as black-box deep learning schemes can inadvertently rein-
force biases or make adaptation decisions that are difficult to 
justify to users [36]. Ethical considerations surrounding the 
surveillance and analysis of emotional states in educational 
settings must be thoroughly addressed, including transpar-
ent communication of data usage policies and the provision 
of opt-out options for learners. Cross-cultural generalizabil-
ity is another vital area, as emotional expressions and their 
interpretations can vary significantly across cultural back-
grounds; thus, schemes must be trained and validated on 
culturally diverse databases. Future research directions may 
involve the integration of self-supervised learning to bet-
ter leverage unlabeled multimodal data, the development of 
zero-shot or few-shot learning capabilities to adapt to new 
learners with minimal supervision, and the incorporation 
of human-in-the-loop systems where teachers can guide or 
override model decisions based on pedagogical expertise. 
Exploring the synergy between emotion recognition and 
other learner state detection methods, such as cognitive load 
and attention monitoring, could also lead to more holistic 
and effective adaptive teaching systems [37].

3 Method
3.1 Overview
Emotion recognition from English speech is a fundamental 
problem that has attracted significant attention due to its wide 
range of applications, including human-computer interaction, 
mental health monitoring, and intelligent dialogue systems. 
Unlike textual or visual emotion recognition, speech-based 
emotion recognition captures the paralinguistic features 
inherent in human vocal expressions, such as pitch, energy, 
and rhythm, which are closely tied to emotional states.  
In this exploration, we concentrate on developing a com-
prehensive framework for English Speaking Emotion 
Recognition (ESER), integrating theoretical foundations, a 
task-specific multimodal framework, and a structured inte-
gration of existing transformer-based and curriculum-based 
mechanisms to address the complexities of this task.

We initiate Section 3.2 by defining the task of English-
speaking emotion recognition in formal terms and outlin-
ing the key mathematical notations involved. We define 
the task as a mapping from a sequence of acoustic features 
extracted from spoken English utterances to a set of dis-
crete emotion labels. Critical considerations such as vari-
able-length sequences, emotional ambiguity, and acoustic 

variability are systematically incorporated into the formal-
ization. We also provide an overview of the general strat-
egy that motivates our method, highlighting the importance 
of feature-level, temporal-level, and semantic-level under-
standing. In  Part  3.3, we present our task-specific multi-
modal framework, referred to as the Emotion-Structured 
Transformer Encoder (ESTE). Rather than relying on con-
ventional recurrent schemes, SEET adopts Transformer-
based mechanisms that are adept at capturing dependencies 
across varying temporal spans in speech signals. Key inno-
vations include multi-scale acoustic feature encoding, hierar-
chical emotion context modeling, and a specialized emotion 
consistency module that enhances the emotional discrimi-
native power of the learned representations. Furthermore, 
we integrate attention-based alignment techniques to explic-
itly model the dynamic changes of emotions within spoken 
utterances, reflecting the reality that emotions may shift 
even within a single sentence. Section 3.4 introduces a novel 
training strategy named Progressive Emotion Distillation 
(PED). Traditional emotion classification schemes often suf-
fer from overfitting and poor generalization when trained on 
limited emotional speech corpora. To overcome this, PED 
adopts a multi-phase learning process where the scheme first 
learns coarse emotion prototypes from easy samples and 
progressively refines its understanding through more com-
plex and ambiguous cases. PED introduces several auxiliary 
objectives that encourage the scheme to focus on emotional 
saliency, reduce label noise influence, and enhance inter-
class separation.

3.2 Preliminaries
Here, we formally define the problem of ESER and intro-
duce the necessary mathematical notations and abstrac-
tions. The aim is to provide a rigorous foundation that 
frames the challenges and opportunities addressed by the 
subsequent model and strategy designs.

Let X denote the space of input speech signals and Y 
represent the finite set of discrete emotion categories. 
Given an English speech utterance x ∈ X, the goal is to 
predict its corresponding emotion label y ∈ Y.

Each utterance x can be displayed as a temporal 
sequence of acoustic feature vectors:

x x x x xT t
d� �1 2, ,..., ,  ,	 (1)

where T denotes the number of frames and d is the dimen-
sionality of the feature space.

Due to the variable-length nature of speech, the scheme 
must handle sequences of different temporal resolutions. 
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To model emotional ambiguity and inter-class relation-
ships, we define an emotion embedding space Z  ⸦  ℝk, 
where each emotion category y ∈ Y is associated with 
an embedding vector ey ∈ z. The probability distribution 
p y x�� �  can thus be rewritten using a similarity-based 

scoring function:

p y x
sim x

sim x
y

yy Y

�� � �
� �� �� �

� �� �� �
�

������
exp ,

exp ,

z e

z e
,	 (2)

where z(x) is the global utterance-level representation 
derived from ϕ(x), and sim(·,·) denotes a similarity func-
tion such as cosine similarity.

Considering the temporal dynamics of emotions, we 
assume that emotional cues may not be uniformly distrib-
uted across the utterance. Therefore, we model the impor-
tance weight αt for each frame as:

�t
t

ii

T

g h

g h
�

� �� �
� �� �

��
exp

exp
1

,	 (3)

where g: ℝd' → ℝ is a frame scoring function.
The weighted utterance representation is then given by:

z x ht tt

T� � �
�� �
1

.	 (4)

Moreover, emotional intensity and subtle variations 
often carry important information. We define an auxiliary 
regression target for valence-arousal (VA) dimensions, 
denoted as vx x

V
x
Av v� � �� �� �, ,1 1

2 , and formulate the VA 
prediction as:

v zx R x� � �� � ,	 (5)

where R: ℝk → ℝ2 is a regression function.
Emotion recognition in speech also needs to be robust 

to speaker variability. Let S be the set of speaker identities. 
The variability can be modeled through a domain embed-
ding ds for each speaker s ∈ S, and the modified utterance 
representation becomes:

�� � � � � �z z dx x s ,	 (6)

where ds is either learned jointly or estimated separately.

3.3 Emotion-structured transformer encoder 
Building upon the formalization introduced previously, 
we propose a novel model architecture named Emotion-
Structured Transformer Encoder. The design of ESTE 
is tailored to address the critical challenges in English-
speaking emotion recognition, including acoustic vari-
ability, temporal dynamics, and emotional ambiguity. 

This section presents the architectural components, the 
mathematical foundations, and the interactions between 
different modules within ESTE (As displayed in Fig. 1).

Fig. 1 shows the overall model architecture of ESTE for 
English-speaking emotion Recognition. The bottom half 
displays a U-Net-like structure processing 3D acoustic vol-
umes with convolutional blocks and transformer bottlenecks. 
The top half details an internal transformer block contain-
ing (1) an Emotion-Aware Attention Mechanism enhanced 
with an Emotion Prior Mask to promote emotionally coher-
ent attention, (2) an Emotion-Gated Feature Flow with gating 
and residual fusion for emotionally selective transformation, 
and (3) a summary module including Multi-Head Attention 
Pooling (MHAP), Emotion Boundary Detection, and Speaker 
Normalization for utterance-level emotion representation. 
The design explicitly integrates emotional structure at every 
stage, from local encoding to global summarization.

Given an input utterance x = x1, x2, …, xT, ESTE first 
applies a frame-level feature projection to normalize and 
enhance the acoustic representation. The projection func-
tion � : 

d dh� is defined as:

h X W X bt t p t p
0� � � � � � �� 	 (7)

where Wp
d dh� �

  and bp
dh∈  are learnable parameters.

3.3.1 Emotion-aware attention mechanism
Following the initial feature projection, the transformed 
sequence ht

0� �  undergoes deeper contextual encoding 
through a stack of L Emotion-Structured Transformer blocks. 
These blocks are specially designed to model the emotional 
dynamics embedded in speech signals, where traditional 
attention mechanisms may overlook temporally distant yet 
emotionally correlated segments. Each block contains a 
Self-Attention module which computes relational weights 
among tokens, and this mechanism is adapted in ESTE to 
incorporate emotional awareness. Let H T dh� �

  denote the 
input sequence to a transformer layer, the standard attention 

̂

Fig. 1 Illustration of the emotion-structured transformer encoder 
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operation first projects it into query, key, and value spaces 
via learnable weight matrices, and the contextual represen-
tation is computed as

Attention softmaxQ K V QK
d

V
k

, ,� � �
�

�
��

�

�
��


,	 (8)

where Q  =  HWQ, K  =  HWK, and V  =  HWV with 
W W WQ K V d dh k, , � �

  as learnable parameters. This for-
mulation, however, is insufficient in the presence of emo-
tional inconsistencies or overlaps across time. To address 
this, we integrate an Emotion Prior Mask (EPM) M ∈ ℝT×T 
into the attention computation. The EPM is constructed 
using prior emotional correlation scores computed from an 
auxiliary emotion classifier applied over the projected fea-
tures. Each entry Mi, j penalizes or promotes the attention 
from position i to j based on whether the two frames are 
expected to express coherent emotional semantics, thereby 
guiding the attention distribution to prefer emotionally con-
gruent contexts. The adjusted attention function becomes
MaskedAttention

=softmax

Q K V M

QK M
d

V
k

, , ,� �
��

�
��

�

�
��

 ,	 (9)

where the addition of M acts as a learned bias field enhanc-
ing or suppressing pairwise interactions. The mask values 
are dynamically learned and modulated during training, 
reflecting the evolving understanding of emotional coher-
ence as the scheme progresses through epochs. The output 
of the attention layer is then combined with the original 
input and passed through a normalization layer to yield the 
final state for this block,
�

� � �� �
H

=LayerNorm MaskedAttentionH Q K V M, , , .	 (10)

This formulation also enables ESTE to condition its atten-
tional calculations on similarity of signal and inferred emo-
tion alignment, enhancing its ability to capture emotion 
transitions and fostering more discriminatively coded repre-
sentations across diversity in utterance structures. By atten-
tion-guiding according to emotional priors, ESTE compen-
sates for irrelevant acoustic similarity effects and narrows 
focus on far more highly emotively relevant frames, a cru-
cial ability in speech emotion recognition where the signal is 
often sparse and hard to discern. The involved EPM parame-
ters are optimized together with the rest of the scheme using 
backpropagation such that the exploited emotional struc-
ture during attention is consistent with the scheme outputs' 
final prediction goals. This interaction between contextual 

encoding and emotional structuring makes ESTE distinct 
from vanilla transformer configurations, augmenting the 
ability of the scheme to attend to long-distance affective cues.

3.3.2 Emotion-gated feature flow
In conventional Transformer architectures, the feedforward 
network that follows the attention module typically applies 
a uniform transformation to all hidden states, regardless of 
the emotional relevance of individual tokens. However, this 
homogeneity can obscure subtle affective nuances crucial 
for emotion recognition tasks. To address this, we design 
the Emotion-Gated Feedforward Network (EGFN), which 
introduces emotion-sensitive gating mechanisms into the 
feedforward computation. Given the attention-enhanced 
representation ��Ht

dh
  at time step t, we first project 

it through a learnable affine transformation followed by a 
Gaussian Error Linear Unit (GELU) activation to yield an 
intermediate feature ut, capturing a non-linear abstraction of 
the emotional signal. This is formulated as

ut tH W b� � �� �GELU 1 1 ,	 (11)

where W d dh m
1�

�
  and b dm

1 ∈  are learnable parame-
ters and dm is the intermediate dimensionality. This inter-
mediate representation is then bifurcated into two distinct 
branches to disentangle signal propagation and emotion 
modulation. One branch computes a gating vector gt using 
a sigmoid activation that serves to determine the emotional 
salience of each feature dimension:

gt t g gu W b� �� �� ,	 (12)

where Wg
d dm h� �

  and bg
dh∈ . In parallel, the second 

branch generates an emotion-modulated candidate update 
vt through another linear-GELU transformation path:

v uW bt t� �� �GELU 2 2 ,	 (13)

with W d dm h
2 �

�
  and b dh

2 ∈ . These two outputs are then 
fused through an element-wise multiplication g vt t  that 
acts as a dynamic filter, selectively amplifying or suppress-
ing dimensions of the update based on emotional relevance. 
The final hidden state update is obtained by residual addition 
followed by layer normalization:

h H g vt
l

t t t
� � � � �� �LayerNorm  .	 (14)

This formulation enables the scheme to learn expres-
sive transformations that prioritize emotionally discrim-
inative features while down-weighting emotionally neu-
tral content. Unlike standard feedforward networks, the 
EGFN adaptively modulates its output on a per-frame basis, 
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introducing a controlled non-linearity sensitive to the affec-
tive structure of the input. 

To ensure the gate, gt is selective, L2 regularization can 
be added to encourage sparsity in the gating vector, thus 
enabling the model to focus on a smaller subset of features at 
each time step. The L2 regularization term can be defined as:

Lreg t� � g 2
2

,	 (15)

where λ is the regularization strength, and gt represents the 
gating vector. Additionally, to further promote selective 
gating, sparsity penalties can be added, such as:

L ttspasity � �� g
1 ,	 (16)

where γ controls the sparsity of the gate. This regularization 
encourages the network to zero out unimportant channels, 
resulting in a more compact and efficient representation.

The gate gt not only encodes emotion presence but 
also operates as a soft mask over vt, preserving differen-
tiability and enabling end-to-end gradient-based training.  
This design enhances the scheme's robustness to intra-
speaker and inter-speaker variations by embedding emo-
tion awareness directly into the intermediate computations, 
thereby facilitating the construction of more compact and 
semantically aligned representations across temporally 
fluctuating signals. Furthermore, the percentage of gat-
ed-off channels can be reported as:

Percentage of gated-off channels

Count
�

�� �
�

gt
hd

�
100%

,	 (17)

where ε is a small threshold to determine which channels 
are gated off. This provides insights into how many chan-
nels are considered emotionally irrelevant and are thus 
filtered out by the gating mechanism.

Moreover, the gating mechanism introduces an implicit 
form of regularization, as the network is encouraged to 
maintain sparsity in the flow of emotion-relevant features, 
reducing overfitting, especially when trained on limited 
emotional databases. The consistent structure of gt across 
layers also allows for progressive refinement, as deeper lay-
ers inherit and sharpen the gating distributions learned in 
earlier stages. Repeating this gated update for each time step 
and stacking L such blocks ultimately yield the final emo-
tion-aware sequence representation ht

L
t

T� �
�� � 1

 which is used 
for downstream processing in subsequent modules of ESTE.

3.3.3 Emotion-driven summary module
To construct a coherent utterance-level representation that 
captures the emotional essence distributed across the entire 
acoustic sequence, we introduce a Multi-Head Attention 
Pooling mechanism designed to focus on emotionally infor-
mative frames while preserving temporal resolution. 

Fig. 2 shows the procedure in which augmented utterance 
views are passed through a popular transformer network that 
has been trained on embeddings pairs of emotions and sum-
marized through multi-head attention pooling. The emotion 
boundary detection helps in identifying changes in affect, 
and speaker normalization helps in solving identity bias. 
The final output embedding is then compared against emo-
tion prototypes for emotion categorization. Thus, the illus-
trated pipeline contains four basic components.

This diagram depicts the workflow for generating emo-
tion-sensitive utterance representations. The input sequence 
undergoes transformations such as masking, cropping, and 
reordering to produce two augmented views, which are 
processed through a shared user model to extract multi-
view user representations. These are compared against 
other users in a contrastive fashion and refined via an 

Fig. 2 Illustration of the emotion-driven summary module
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Emotion-Driven Summary Module. This module employs 
MHAP to emphasize emotionally salient frames, detects 
emotion boundaries to capture abrupt affective transitions, 
applies speaker normalization to reduce inter-speaker vari-
ability, and ultimately aligns the final utterance embedding 
with emotion prototypes for classification.

Unlike simple averaging or max pooling, MHAP dynam-
ically learns attention weights over the sequence for each of 
H distinct heads, thereby enabling diversified abstraction of 
emotion patterns. Let ht

L dh� � �  represent the output of the 
final transformer layer at time step t. For the i-th attention 
head, a context vector zi is constructed as a weighted sum of 
all time steps, where the attention weights βi,t are computed 
using a learnable query vector wi

dh∈  and a tanh non-lin-
earity to introduce bounded activations for stability:

�i t
i t

L

i j
L

j

T

w h

w h
,

exp tanh

exp tanh

�
� �� �

� �� �
� �

� �

��



1

.	 (18)

This results in head-specific summary vectors 
zi i t t

L
t

T
h� � �

�� � ,
1

 which are then concatenated and lin-
early transformed to yield the final utterance embedding:

z x Concat z z W bH o o� � � � � �1, , ,	 (19)

where Wo
Hd kh� �


 and bo

k∈ . This representation is 
emotion-sensitive by design, as the attention weights adapt 
to the affective distribution across the utterance. To capture 
intra-utterance dynamics and abrupt affective transitions, 
the Emotion Boundary Detector (EBD) is introduced to pre-
dict potential change points along the temporal axis. At each 
frame t, the boundary score bt  ∈ (0,1) is computed via a sig-
moid-activated linear transformation of the hidden state:

b h w bt t
L

b b� �� �� �� ,	 (20)

where wb
dh∈  and bb ∈  are learnable. These scores 

act as soft indicators of segmental emotion shifts, 
enabling the scheme to structure its attention over seman-
tically coherent fragments during both training and infer-
ence. Complementarily, to reduce speaker-induced vari-
ance that may obscure emotional features, we introduce a 
Speaker Normalization Layer (SNL) where speaker-spe-
cific embeddings ds are subtracted from the final layer 
outputs to yield normalized states:
h h dt t

L
s� �� � ,	 (21)

where ds is derived from a separate speaker identification 
module or learned directly through backpropagation. This 
operation enforces speaker-invariance in the downstream 

processing, promoting generalization across speakers of dif-
ferent age, gender, and accent. The classification of emo-
tional state is achieved by comparing the utterance repre-
sentation z(x) against a set of learnable emotion prototype 
vectors e � ��� �y y Y

 using a similarity metric such as cosine 
similarity or dot product. The predicted label y is determined 
by selecting the prototype with the maximum alignment:

y sim x
y Y

y� � �� �
��

�argmax ,z e 	 (22)

This formulation transforms the classification task into a 
retrieval-like matching operation over an emotion embed-
ding space, allowing the scheme to exploit geometric struc-
ture and facilitate gradient flow for hard negative samples. 
Together, these mechanisms synergistically provide a struc-
tured, emotionally aware, and speaker-invariant pathway 
from frame-level features to utterance-level predictions.

3.4 Progressive emotion distillation strategy (PEDS)
To maximize the performance of the recommended Emotion-
Structured Transformer Encoder, we introduce a novel 
training strategy named Progressive Emotion Distillation 
Strategy. PEDS is designed to systematically enhance model 
robustness, tackle emotion ambiguity, and efficiently man-
age limited labeled speech data by progressively refining 
the emotional knowledge extracted during training. In this 
section, we formally describe the mechanisms of PEDS, 
including its multi-phase learning process, auxiliary objec-
tives, and adaptive curriculum design. Fig. 3 the inputs are 
processed using GCNs and transformers together with the 
position embedding to evaluate the dependencies between 
features. The features extracted from EEG signals and eye 
movements are separately encoded and enhanced using the 
curriculum learning paradigm and then combined using a 
scaled attention method before being classified for emotions 
by the linear-sigmoid layer. Therefore, Fig. 3 presents the 
process of graph transformation, attention-based combina-
tion, and finally emotion classification.

Fig. 3 demonstrates the architectural and training com-
ponents of PEDS. (i) shows the Emotion-Structured 
Transformer Encoder, which integrates Graph Convolutional 
Networks (GCN) and Transformer units in a gated structure 
to process utterance-level inputs. (ii) depicts the emotion 
distillation pipeline combining curriculum-guided learning 
with attention fusion and SoftMax classification. (iii) visual-
izes the multi-objective training, including modality fusion, 
regression heads for valence-arousal estimation, contrastive 
learning, and emotion boundary detection, forming a compre-
hensive learning framework for speech emotion recognition.

̂

̂
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3.4.1 Curriculum-guided emotion learning
The foundational insight of the Progressive Emotion 
Distillation Strategy lies in its gradual curriculum-based 
learning paradigm, which prioritizes emotionally unam-
biguous utterances in the early phases and incrementally 
incorporates more difficult, ambiguous, or noisy samples. 
This design mimics human learning behaviors, where mas-
tering basic distinctions lays the groundwork for handling 
nuanced cases. Formally, let the training corpus be defined 
as D x yi i i

N
� � �� � �

,
1

, where xi denotes an English utterance 
and yi its categorical emotion label. An auxiliary teacher 
network, trained with a smaller subset or pre-trained on 
an external corpus, assigns an initial confidence score 
C(xi) to each sample, indicating the ease with which the 
emotional label can be identified. Based on a predefined 
high-confidence threshold τ0, we define a filtered subset De 
containing emotionally unambiguous utterances:

D x y C xe i i i� � � � � �, �0 ,	 (23)

which is treated as a trusted supervision source during the 
initial stage. Over this easy subset, the scheme is trained 
to minimize the standard cross-entropy loss, encouraging 
high certainty in emotion classification and robust feature 
learning. The loss for this phase is defined as:

L
D

p y x
e

i ix y Di i e
easy � � � �� ���1 log

,
,	 (24)

where p y xi i� �  is the softmax-normalized output proba-
bility of the scheme for emotion yi. Once the scheme has 
achieved a stable representation space over De, the remain-
ing, harder samples Dh  =  D  \  De are progressively inte-
grated. These instances often contain ambiguous emo-
tional tones, mixed affective signals, or speaker-specific 
biases that challenge the scheme's generalization. To mit-
igate label noise in this phase, we employ a soft-label dis-
tillation strategy using a momentum-updated intermediate 
model as the teacher. For each xi ∈  Dh, the teacher gen-
erates a pseudo-distribution p y xi�� � , which is then used 
to supervise the student model via Kullback-Leibler diver-
gence, yielding the distillation loss:

L
D

p y x p y x
h

x y D

i iy Y

i i h
distill � �

�� � �� �
� ��

��

�
�

1

,

log

,	 (25)

where y is the set of all emotion categories. This soft-tar-
get mechanism serves two purposes: it provides richer 
supervision signals than hard labels and aligns student 
predictions with smoother, ensemble-like distributions, 
thereby stabilizing training under uncertain scenarios. 

Fig. 3 Illustration of the progressive emotion distillation strategy
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The complete training objective at any epoch is a con-
vex combination of the two loss components, weighted 
by dynamically evolving coefficients λ1 and λ2 to balance 
learning focus between certain and uncertain samples:

L L Lpeds easy distill� �� �1 2
	 (26)

These coefficients may start with λ1 << λ2 to emphasize 
confident supervision and gradually shift as the scheme 
matures. This incremental approach allows the scheme to first 
consolidate emotion class boundaries on reliable data before 
dealing with subtle distinctions and borderline examples. 
The gradual expansion of De through threshold annealing, 
further enriches this curriculum, ensuring that every instance 
receives attention commensurate with its confidence-in-
formed difficulty. This strategy enables more stable optimi-
zation and a hierarchical feature learning path that aligns well 
with the structure of emotional semantics in speech.

3.4.2 Multi-objective emotion enhancement
To enhance the semantic organization of the learned emo-
tion space, PEDS integrates a set of auxiliary supervi-
sion objectives that guide the scheme towards producing 
utterance embeddings with both intra-class compactness 
and inter-class separation. The first such objective is the 
Emotion-Centric Contrastive Loss, which operates over 
the utterance-level embeddings generated by the Emotion-
Structured Transformer Encoder. Given a set of positive 
pairs P, where each pair (i, j) corresponds to utterances 
with the same emotion label, the contrastive loss encour-
ages embeddings zi and zj to remain close in the latent space, 
while simultaneously pushing them away from embeddings 
of different classes. This is formalized as:

L

P

sim

sim

i j

i kk

Ni j

contrast

� �
� �� �

� �� �
�

� � �
1

1

log
exp ,

exp ,
,

z z

z z

�

���� P

,	 (27)

sim(·, ·) denotes cosine similarity, and τ is a temperature scal-
ing factor controlling the sharpness of the contrastive objec-
tive. This formulation facilitates the emergence of a dis-
criminative feature space by explicitly modeling similarity 
relationships, a capability especially important in emotion 
recognition, where class boundaries are inherently fuzzy. 
In parallel, to capture the continuous spectrum of emotional 
states beyond discrete categories, the scheme incorporates 
a regression head to estimate valence and arousal scores 
for each utterance. These scores, denoted as vi

V  and vi
A for 

ground truth, and vi
V , vi

A  for predictions, they are super-
vised using a mean squared error loss:

L
N

v v v vva i
V

i
V

i
A

i
A

i
� � � �� �

��1 2

2

2

2

1
,	 (28)

which encourages the scheme to align with psychological 
schemes of affective space and allows finer granularity in 
emotion interpretation. Beyond static summaries, dynamic 
emotional variation within an utterance is captured by the 
Emotion Boundary Detector (EBD), which is trained using 
an adaptive boundary loss that penalizes deviation from 
annotated change points in the emotional trajectory. Given 
ground-truth boundary indicators bt

∗  and predicted scores 
bt, the EBD loss is formulated using binary cross-entropy:

L
T

b b b bt t t tt

T
boundary � � � �� � �� ��� ��

� �
��1 1 1
1

log log ,	 (29)

which forces the scheme to internalize not just the domi-
nant emotion of an utterance but also its temporal segmen-
tation into affective units. All objectives are unified into 
a single multi-objective training criterion that balances 
discrete emotion classification, contrastive regularization, 
dimensional emotion estimation, and boundary-aware 
modeling. The composite loss is defined as

L L L L Lvatotal peds contrast boundary� � � �� � �1 2 3 ,	 (30)

where hyperparameters γ1, γ2, and γ3 modulate the contri-
bution of each auxiliary loss term. This formulation trans-
forms PEDS from a conventional supervised learning rou-
tine into a deeply structured optimization framework that 
enforces emotional coherence at multiple levels, allowing 
the scheme to generalize more effectively across diverse 
speakers and contexts while maintaining sensitivity to 
both coarse and fine-grained emotional signals.

3.4.3 Adaptive and stable training
To effectively manage the complexity of learning emotional 
representations from speech, PEDS introduces a dynamic 
and stable training schedule that adapts the supervision 
intensity over time. Technical Process for Graph Propagation 
is depicted in Fig. 4. Fig. 4 shows how clicks on particular 
entities act as seed nodes in forming ripple sets. At each hop, 
relation-specific attention is used to apply Softmax scores 
on each of the triple entities (h, r, t). Further, it combines the 
tail representations to get the final embedding vector for the 
user. This vector is added to that of the candidate item vector 
to calculate the predicted probability (ŷ).

The diagram outlines the training dynamics in PEDS. 
During training, a dynamic confidence threshold τk con-
trols sample selection based on clarity, gradually includ-
ing harder samples over time. Uncertainty-aware sampling 
further refines this process by using a logistic function 

̂ ̂

̂ ̂

̂        
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parameterized by the uncertainty u(xi) and the center µ. 
Stability is ensured via Exponential Moving Average 
(EMA) over model parameters θ, decoupling the learning 
trajectory from short-term prediction variance and promot-
ing smooth knowledge distillation.

Central to this mechanism is the confidence threshold 
τ, which governs the selection of training samples based 
on their perceived clarity. Initially set at a high value τ0 to 
restrict training to unambiguous examples, the threshold 
is gradually decreased as training progresses to allow the 
inclusion of harder, more ambiguous samples. This transi-
tion is modeled using a linear decay function over training 
stages indexed by k, each consisting of a fixed number of 
epochs, yielding the adaptive threshold

� � � �k k� � �� �max ,min 0 � ,	 (31)

Δτ is a predefined decrement step and τmin represents the 
minimum allowable threshold to prevent overly uncertain 
samples from dominating. By annealing τ, the scheme is 
incrementally exposed to greater difficulty, enabling it to 
develop nuanced decision boundaries without being over-
whelmed early on. Complementing this, the integration of 
hard samples is further refined through uncertainty-aware 
sampling, which leverages the scheme's internal uncer-
tainty estimates to select training instances probabilisti-
cally. Let u(xi) denote the uncertainty of instance xi, com-
puted from entropy or model variance; a logistic sampling 
function transforms this into a probability π(xi), which 
emphasizes mid-range uncertainties while suppressing 
both overly confident and highly ambiguous instances:

�
� �

x
u xi

i
� � �

� � � � �� �� �
1

1 exp
,	 (32)

κ is a sharpness parameter controlling the slope of the 
logistic curve, and μ is an adaptive center tuned online to 
reflect the evolving average uncertainty. This formulation 
ensures that sample selection is neither purely random nor 
deterministically biased, providing a soft control mecha-
nism over training data composition. As training evolves 
and the scheme becomes increasingly confident, μ shifts 
accordingly, enabling a self-adjusting curriculum aligned 
with the scheme's capacity. To enhance stability during 
this progressive distillation, especially in the presence of 
soft targets derived from evolving teacher schemes, PEDS 
incorporates an EMA mechanism over model parameters. 
This strategy smooths parameter updates by maintaining a 
shadow set of parameters θ' that are updated more conser-
vatively than the primary weights θ, formulated as

� � � � �� �� �� � �1 ,	 (33)

β is a momentum-like smoothing coefficient typically close 
to one. The EMA-stabilized parameters are a target net-
work for soft label generation or consistency regularization, 
reducing oscillations caused by noisy gradients and sudden 
shifts in prediction distributions. This stabilization is partic-
ularly important in speech emotion recognition, where data 
can be acoustically heterogeneous and the emotional cues 
temporally diffuse. By decoupling the rapid adaptation of 
the main network from the more stable EMA track, PEDS 
ensures that knowledge distilled in later stages remains 
anchored in previously learned representations, enhancing 
both convergence and generalization. Together, the mecha-
nisms of adaptive thresholding, probabilistic sampling, and 
EMA smoothing form an interdependent system that regu-
lates the training flow, enabling PEDS to navigate the trade-
off between exploration and exploitation in emotional space 
with precision and resilience.

Fig. 4 Illustration of adaptive and stable training
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3.5 Adaptive teaching strategy generation
To make the connection between emotion detection and 
adaptation within the domain of teaching, a module that 
was responsible for generating adaptive teaching strate-
gies was introduced after the process of emotion detec-
tion. This module took the output produced during the 
stage of emotion detection as input, where the emotion 
detection output was taken in the form of an emotion prob-
ability vector, and this probability vector was mapped to a 
pedagogical decision. It was not the goal of this module to 
contradict any decisions of the teachers.

Let the output of the emotion recognition model be 
defined as:

p p p pc� � �1 2, , , .	 (34)

Where C is the number of emotion categories and pc 

denotes the predicted probability of the c-th emotion. The 
dominant emotional state is obtained as:

e pc= argmax ,	 (35)

and the corresponding confidence score is calculated as:

� �max pc .	 (36)

To avoid poor pedagogical choices, the module of the 
teaching strategy can be activated only when the confi-
dence is greater than the set value of γth. If γ < γth, then 
the learning system will act cautiously by maintaining the 
current instructional pace or by seeking further input from 
the user. Once γ ≥ γth, the detected emotion will be associ-
ated with a certain pedagogical state and, therefore, a par-
ticular teaching strategy.

The mapping function can be expressed as:

s M et s� � � ,	 (37)

a M st a t� � � .	 (38)

In this case, st refers to the inferred pedagogical state 
at t, at refers to the selected teaching activity, Ms (·) is the 
mapping function from emotional states to pedagogical 
states, while Ma(·) is the mapping from pedagogical states 
to actions. Essentially, therefore, the strategy generation 
process takes the form of a rule-based decision layer that 
acts on top of the emotion recognition process.

Table 1 provides an overview of the mapping rules used 
by our system. The mapping rules adopted by our system 
are premised on the typical pedagogical reactions to the dif-
ferent affective states within the English-speaking educa-
tional environment. For example, frustration and confusion 

are indicative of cognitive difficulty; conversely, boredom 
means that there is little or no involvement in the learning 
process. Anxiety is a sign of poor self-confidence and neces-
sitates an intervention meant to offer encouragement.

In implementation, the strategy generator works as a light-
weight decision-making component at the post-recognition 
phase. Following the completion of each recognition phase, 
the emotion probability vector is fed to the decision module. 
Decision-making first entails evaluating the confidence score 
before settling on a particular pedagogical state alongside its 
appropriate strategy. By adopting this process, the proposed 
adaptive teaching system is explainable due to the fact that 
all decision-making processes are traceable back to a specific 
emotion, confidence level, and pedagogical concept.

4 Experimental setup
4.1 Database
The IEMOCAP Database [20, 38] serves as a prominent 
benchmark in the realm of emotion recognition research and 
was developed by the University of Southern California. 
This  database encompasses approximately 12 hours of 
audiovisual content, which includes speech, video footage, 
facial motion capture, and textual transcriptions. The record-
ings were obtained from ten actors who participated in both 
scripted and improvised dialogues, with the intention of elic-
iting specific emotional responses such as happiness, anger, 
sadness, and neutrality. Each utterance within the database has 
been meticulously segmented and annotated with categorical 

̂

̂

Table 1 Emotion-to-pedagogical-state mapping for adaptive teaching 
strategy generation

Recognized 
emotion Pedagogical state Adaptive teaching strategy

Frustration Cognitive 
overload

Simplify the task, provide 
hints, reduce task complexity

Anxiety Low confidence Slow the teaching pace, 
provide supportive feedback

Boredom Disengagement
Increase task difficulty, 

add interaction, introduce 
examples

Confusion Conceptual 
misunderstanding

Repeat the explanation, 
provide worked examples

Sadness Low motivation
Provide encouragement, 

reduce pressure, use 
supportive prompts

Happiness Positive 
engagement

Maintain or slightly advance 
the current teaching pace

Neutral Stable learning 
state

Continue the standard 
instructional strategy

Low-confidence 
prediction

Uncertain learner 
state

Maintain current strategy or 
request additional input
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emotions alongside dimensional attributes including valence, 
activation, and dominance. The multimodal characteristics 
of IEMOCAP facilitate extensive research spanning speech, 
vision, and language modalities, thereby establishing it as a 
foundational resource for the investigation of emotion recog-
nition in human interactions. The MELD Database [21, 39] 
is an extension of the EmotionLines database, developed 
to capture emotional expressions in multiparty conversa-
tional settings. It contains over 13,000 utterances derived 
from the well-known television series "Friends", offering 
audio, visual, and textual formats. In contrast to conven-
tional dyadic conversation databases, MELD incorporates 
multiple speakers engaging simultaneously, thereby reflect-
ing the complexity and dynamic characteristics of authen-
tic emotional interactions. Each utterance is assigned a label 
corresponding to one of seven emotional categories, along 
with speaker information, facilitating detailed emotion rec-
ognition and speaker-aware dialogue modeling. MELD 
proves particularly advantageous for the exploration of con-
textual emotion recognition, as it supplies complete dia-
logue histories for each interaction. The CMU Multimodal 
Opinion Sentiment and Emotion Intensity (CMU-MOSEI) 
Database  [40, 41] is recognized as one of the largest and 
most varied multimodal databases accessible for sentiment 
and emotion analysis. It entails over 23,500 annotated video 
segments extracted from YouTube, encompassing diverse 
topics, speakers, and speaking styles. Each video segment 
is annotated with both categorical emotions and continu-
ous sentiment intensity ratings. The CMU-MOSEI database 
exhibits substantial variability in demographic features, such 
as gender, age, and accent, therefore allowing for general-
ization across a wide range of real-world scenarios. This 
database provides synchronized data involving text, audio, 
and visual modalities, which can support extensive work on 
multimodal studies. Its  intrinsic wealth and diversity qual-
ify it as a key resource for the development of state-of-the-
art methods in multimodal sentiment and emotion analysis. 
The EmoDB Database (The Berlin Database of Emotional 
Speech) [42, 43] is a notable emotional speech database that 
was recorded during a session at the Technical University 
of Berlin. It is comprised of about 500 utterances spoken by 
ten qualified German actors and expressing seven different 
emotions: anger, boredom, disgust, anxiety/fear, happiness, 
sadness, and neutrality. The recordings were designed under 
controlled studio circumstances to ensure higher-quality 
audio recordings and consistent emotional displays. EmoDB 
contains phonetically accurate transcriptions, pitch trajecto-
ries, and emotional labels that allow for close acoustic and 

linguistic analysis. Even though relatively smaller compared 
to newer databases, high-fidelity recordings and clearly 
defined emotional labeling make this a priceless resource 
for studies focused on speech emotion recognition, particu-
larly under controlled experimental scenarios.

4.2 Experimental details
All experiments were implemented with PyTorch on 
IEMOCAP, MELD, CMU-MOSEI, and EmoDB. Acoustic 
features: 40-dimensional logarithmic Mel-spectrogram 
with 25 ms frame length and 10 ms hop size. Text features: 
300-dimensional pre-trained GloVe embeddings. Visual 
features: 512-dimensional facial embeddings extracted 
with ResNet-50 (VGGFace2) [44]. Data standardization 
was conducted according to training-set statistics.

The model is consistent with ESTE+PEDS in that 
all three modalities are projected to a 256-dimensional 
shared embedding space and then combined using GMMF. 
Afterwards, the output of the multimodal fusion passes 
the Emotion-Structured Transformer Encoder, which con-
sists of 4 layers, each conta CMU-MOSEI ining 8 atten-
tion heads, a hidden dimension of 256, and feed-forward 
network (FFN) of dimensionality of 512, dropout rate of 
0.3. In this encoder, Emotion Prior Mask is included in 
the self-attention mechanism, while Emotion-Gated FFN 
is utilized instead of conventional FFN. At last, the final 
utterance-level representation is generated by the Multi-
Head Attention Pooling method, and Emotion Boundary 
Detection identifies affective boundaries. Speaker normal-
ization will be considered if there is identity information.

Training was based on the Progressive Emotion 
Distillation paradigm that involves starting with the teacher 
whose prediction is extremely certain, and gradually adding 
uncertain samples through threshold annealing. This teacher 
would be updated with the momentum strategy to serve as 
the source of soft labels. Losses include classification, KL 
distillation, contrastive emotion learning, valence-arousal 
regression, and boundary detection losses.

The optimizer chosen was Adam with a learning rate of 
1e−4, weight decay of 1e−5, batch size of 32, and up to 100 
epochs of training. Whenever there is no progress in vali-
dation loss during 3 consecutive epochs, the learning rate 
would be decreased by a factor of two, and training would 
stop if no improvements occur for 10 continuous epochs. 
Cross-validation with five-fold speaker-independent splits 
was adopted for IEMOCAP, while predefined splits were 
used for other corpora.
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4.3 Comparison with SOTA methods
In order to make a more relevant comparison, the base mod-
els used were modified by adding traditional and innovative 
emotion recognition models to compare with. Traditional 
base models considered for comparison included tradi-
tional models such as TextCNN and simple BERT models. 
Examples of powerful base models that may be considered 
include audio self-supervised learning models, such as wav-
2vec 2.0 and HuBERT, multimodal BERT models, and mul-
timodal fusion models, such as MMFusion and MulT++. 
The new base models will help the proposed ESTE + PEDS 
model to have more competition from innovative and multi-
modal emotion recognition models.

The Table 2 shows the list of baseline methods that will 
be used to evaluate the proposed ESTE + PEDS method. 
The baselines have been categorized according to five 
different categories, which include traditional methods, 
dialogue-aware methods, audio self-supervised learning 
methods, multimodal BERT methods, and multimodal 
fusion methods.

Table 3 and Table 4 [45–50] highlight the effectiveness of 
our approach on the IEMOCAP benchmark, where it yields 
an Accuracy of 79.85 %, a Recall of 77.90 %, an F1 Score 
of 78.95 %, and an AUC of 84.75 %. These results surpass 

those of prior leading schemes, including HiTransformer 
and DialogueGCN. For the MELD database, our approach 
achieves a new state-of-the-art with 72.45 % Accuracy and 
an F1 Score of 71.35 %, improving upon earlier best-per-
forming schemes. Notably, our method exhibits substantial 
gains in Recall across both IEMOCAP and MELD, signify-
ing enhanced effectiveness in correctly identifying emotional 
categories. Turning to CMU-MOSEI, our framework records 
an Accuracy of 84.90 %, a Recall of 82.75 %, an F1 Score 
of 83.70 %, and an AUC of 88.40%, outperforming strong 
multimodal baselines like the Multimodal Transformer and 
MMIM. The EmoDB database further highlights the strength 
of our method, with Accuracy reaching 89.20 %, Recall at 
87.50 %, F1 Score at 88.30 %, and an AUC of 91.00 %. 
This marked improvement on a smaller-scale database 
demonstrates the method's strong generalization capability. 
Altogether, these empirical results affirm the versatility and 
robustness of our recommended model across various bench-
marks, emotional spectra, and speaker conditions.

The superior performance of our model can be attributed 
to several key factors in Fig. 5 and Fig. 6. The superior behav-
ior of our proposed framework is due to the inclusion of the 
emotion-driven Transformer encoder and gated multimodal 
fusion design. In particular, the projection layer makes it pos-
sible to project the separate representations of the audio, text, 
and visual modalities to the same latent space, followed by 
the utilization of the gated fusion approach that helps weight 
the importance of each modality depending on the associ-
ated emotions. Moreover, the Emotion Prior Mask facilitates 
the attention mechanism in focusing on emotion-relevant 
temporal segments, and the Emotion-Gated Feedforward 
Network eliminates less significant features. Furthermore, 
Multi-Head Attention Pooling supports emotion-aware rep-
resentation learning through the higher weights of import-
ant temporal segments. We adopt a gated multimodal fusion 
mechanism that dynamically balances the contributions from 

Table 2 Categorization of baseline methods used for comparative 
evaluation

Baseline category Methods

Conventional baselines TextCNN, BERT, RoBERTa

Dialogue/context 
baselines

DialogueRNN, DialogueGCN, 
HiTransformer

Audio self-supervised 
baselines wav2vec 2.0, HuBERT

Multimodal BERT/
Transformer baselines Multimodal BERT, MAG-BERT, MulT

Recent multimodal 
fusion baselines MMFusion, MulT++, MMIM

Proposed method ESTE + PEDS

Table 3 Performance benchmarking of our approach against leading techniques on IEMOCAP and MELD databases

Model
IEMOCAP database MELD database

Accuracy Recall F1 score AUC Accuracy Recall F1 score AUC

BERT [45] 74.12 ± 0.42 72.30 ± 0.38 73.05 ± 0.36 79.21 ± 0.45 66.87 ± 0.33 65.10 ± 0.40 66.01 ± 0.37 70.25 ± 0.41

RoBERTa [46] 75.65 ± 0.38 73.41 ± 0.36 74.50 ± 0.34 80.73 ± 0.39 67.90 ± 0.31 66.35 ± 0.35 67.12 ± 0.32 71.40 ± 0.38

DialogRNN [47] 73.20 ± 0.40 70.18 ± 0.37 71.60 ± 0.35 78.10 ± 0.42 65.90 ± 0.36 64.00 ± 0.34 64.95 ± 0.33 69.00 ± 0.37

DialogueGCN [48] 76.30 ± 0.35 74.55 ± 0.33 75.40 ± 0.34 81.15 ± 0.36 68.25 ± 0.30 66.90 ± 0.32 67.80 ± 0.31 71.75 ± 0.35

HiTransformer [49] 77.10 ± 0.33 75.00 ± 0.32 76.25 ± 0.31 82.20 ± 0.34 69.80 ± 0.29 68.00 ± 0.31 68.90 ± 0.30 72.80 ± 0.32

ERNIE 2.0 [50] 75.90 ± 0.37 73.80 ± 0.35 74.60 ± 0.34 80.90 ± 0.38 68.10 ± 0.32 66.20 ± 0.33 67.05 ± 0.32 71.10 ± 0.34

Ours 79.85 ± 0.31 77.90 ± 0.30 78.95 ± 0.29 84.75 ± 0.32 72.45 ± 0.28 70.30 ± 0.29 71.35 ± 0.28 75.60 ± 0.30
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each modality based on their contextual relevance, rather 
than naively concatenating features as many prior works did. 
This selective fusion mechanism is particularly crucial for 
databases like MELD and CMU-MOSEI, where contextual 
and speaker-specific cues are pivotal. We utilize fine-tuned 
GloVe embeddings for textual features, pre-trained ResNet50 
embeddings for visual features, and carefully extracted log-
Mel spectrograms for acoustic features, ensuring that each 
modality's input is of high quality. Our consistent use of early 
stopping, learning rate scheduling, and dropout regulariza-
tion techniques helps to mitigate overfitting and stabilize 
training across all databases. Our evaluation methodology, 
involving multiple runs and reporting the mean with stan-
dard deviation, further ensures the reliability and reproduc-
ibility of the reported results. Another important advantage is 
the use of cross-entropy loss for categorical tasks and MSE 

loss for regression tasks, tailored precisely to each database's 
objective. We believe that the improvements observed over 
SOTA baselines can also be traced back to methodologi-
cal innovations highlighted in our method design. Unlike 
DialogueRNN and DialogueGCN, which mainly focus on 
dialog history modeling without strong multimodal fusion, 
our method tightly integrates temporal, contextual, and mul-
timodal cues within a unified framework. Compared to trans-
former-based schemes like HiTransformer and Multimodal 
Transformer, our approach benefits from lighter parame-
terization, making it less prone to overfitting, especially on 
small databases like EmoDB. Furthermore, our gated mul-
timodal fusion offers explicit control over modality impor-
tance, allowing dynamic adaptation to varying modalities' 
reliability during inference. For instance, when visual fea-
tures are noisy or missing, the scheme can automatically 

Table 4 Performance benchmarking of our approach against leading techniques on CMU-MOSEI and EmoDB databases

Model
CMU-MOSEI database EmoDB database

Accuracy Recall F1 score AUC Accuracy Recall F1 score AUC

TextCNN [45] 79.20 ± 0.28 77.30 ± 0.26 78.10 ± 0.27 83.25 ± 0.29 84.10 ± 0.22 82.50 ± 0.24 83.15 ± 0.23 87.30 ± 0.25

BERT [46] 81.35 ± 0.30 79.10 ± 0.28 80.15 ± 0.29 85.40 ± 0.31 85.90 ± 0.21 84.20 ± 0.23 85.00 ± 0.22 88.50 ± 0.24

RoBERTa [47] 80.05 ± 0.29 78.20 ± 0.27 79.05 ± 0.28 84.35 ± 0.30 86.50 ± 0.23 83.70 ± 0.24 84.80 ± 0.23 88.10 ± 0.25

Multimodal Transformer [48] 82.00 ± 0.27 80.25 ± 0.26 81.10 ± 0.27 86.00 ± 0.28 86.80 ± 0.22 85.10 ± 0.23 85.95 ± 0.22 89.00 ± 0.24

DialogueRNN [48] 79.75 ± 0.31 77.80 ± 0.29 78.70 ± 0.30 83.90 ± 0.32 84.50 ± 0.23 82.00 ± 0.25 83.00 ± 0.24 86.50 ± 0.26

MMIM [50] 81.00 ± 0.28 78.95 ± 0.27 79.90 ± 0.28 85.10 ± 0.29 85.20 ± 0.22 83.30 ± 0.23 84.00 ± 0.23 87.80 ± 0.25

Ours 84.90 ± 0.26 82.75 ± 0.25 83.70 ± 0.24 88.40 ± 0.27 89.20 ± 0.20 87.50 ± 0.21 88.30 ± 0.21 91.00 ± 0.22

Fig. 5 Performance benchmarking of our approach against leading techniques on IEMOCAP and MELD satabases



16|Wang
Period. Polytech. Elec. Eng. Comp. Sci. 

down-weight them in favor of text and audio modalities. Our 
careful pre-processing, modality-specific augmentation strat-
egies, and speaker-independent evaluation protocols contrib-
ute to making the experimental setup more rigorous, enabling 
fair and meaningful comparisons. Taken together, these fac-
tors explain the consistently better performance of our model 
across all databases and metrics.

To analyze the efficiency of each component separately 
in the ESTE + PEDS model, an ablation study has been 
conducted on the IEMOCAP, MELD, CMU-MOSEI, and 
EmoDB datasets. In contrast to a high-level ablation study 
that removes an entire module from the model, a more 
sophisticated ablation study where the effect of remov-
ing each individual component such as Emotion Prior 
Mask, Emotion-Gated Feedforward Network, Multi-Head 
Attention Pooling, Emotion Boundary Detection branch, 
Progressive Emotion Distillation Strategy, and gated mul-
timodal fusion from our proposed architecture will be 
tested. The following variants of ablated models are con-
sidered in this paper. w/o EPM stands for the variant in 
which the Emotion Prior Mask is not applied in the self-at-
tention layer; thus, we use the standard scaled dot-product 
self-attention operation. w/o EGFN stands for the variant 
in which Emotion-Gated Feedforward Network is substi-
tuted by the standard Transformer Feedforward Network. 

w/o MHAP stands for the variant in which Multi-Head 
Attention Pooling is substituted by standard mean-pooling. 
w/o EBD stands for the variant where Emotion Boundary 
Detection and its corresponding loss are not used. w/o 
PEDS stands for the variant where Progressive Emotion 
Distillation Strategy is not implemented; therefore, we 
train our model in the classic supervised learning fashion. 
w/o gated fusion stands for the variant where gated multi-
modal fusion is substituted by simple concatenation.

Results of ablation experiments are provided in Tables 5 
and 6. As can be seen, the complete ESTE + PEDS version 
was the model with the highest recognition rate across all 
four datasets, which proved the necessity and efficiency 
of suggested components. Omission of the Emotion Prior 
Mask adversely affected the ability of the model to select 
emotionally consistent segments and resulted in decreased 
accuracy of recognition. Similarly, replacement of the 
Emotion-Gated Feedforward Network with the usual 
fully-connected network showed that emotion-sensitive 
transformation of features is needed to remove non-rele-
vant acoustic, textual, and visual inputs.

Furthermore, absence of the Multi-Head Attention 
Pooling layer led to a notable drop in the accuracy of rec-
ognition since simple mean pooling could not contribute to 
the emphasis on the most relevant frames of each utterance. 

Fig. 6 Performance benchmarking of our approach against leading techniques on CMU-MOSEI and EmoDB database4.4 ablation study
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Omission of the Emotion Boundary Detection layer was 
even more detrimental since the changes of emotion inside 
one utterance contributed positively to the organization of 
emotions temporally. The recognition rate of the model with-
out PEDS was worse due to decreased capability for gener-
alization, especially when the dataset contained ambiguous 

emotions and varied speakers, meaning that gradual curric-
ulum learning helped the model learn from clear utterances 
first (as show in Figs. 7 and 8).

Conclusively, the results obtained from the ablation 
experiments demonstrate that the improved performance 
achieved by the proposed framework cannot be attributed to 

Table 5 Component-wise ablation results of the proposed ESTE + PEDS framework on IEMOCAP and MELD databases

Model
IEMOCAP database MELD database

Accuracy Recall F1 score AUC Accuracy Recall F1 score AUC

w/o Emotion prior mask 77.10 ± 0.32 74.50 ± 0.30 75.60 ± 0.31 82.15 ± 0.34 70.15 ± 0.28 67.80 ± 0.27 68.90 ± 0.28 73.20 ± 0.30

w/o Emotion-gated 
feedforward network 76.35 ± 0.30 73.80 ± 0.28 74.95 ± 0.29 81.40 ± 0.32 70.90 ± 0.27 68.25 ± 0.26 69.50 ± 0.27 73.90 ± 0.29

w/o Multi-head attention 
pooling 78.00 ± 0.31 75.10 ± 0.29 76.20 ± 0.30 82.90 ± 0.33 71.20 ± 0.27 69.10 ± 0.26 70.00 ± 0.27 74.20 ± 0.29

Ours 79.85 ± 0.31 77.90 ± 0.30 78.95 ± 0.29 84.75 ± 0.32 72.45 ± 0.28 70.30 ± 0.29 71.35 ± 0.28 75.60 ± 0.30

Table 6 Component-wise ablation results of the proposed ESTE + PEDS framework on CMU-MOSEI and EmoDB databases

Model
CMU-MOSEI database EmoDB database

Accuracy Recall F1 score AUC Accuracy Recall F1 score AUC

w/o Emotion boundary 
detection 82.10 ± 0.29 79.60 ± 0.27 80.50 ± 0.28 86.00 ± 0.30 86.50 ± 0.23 84.20 ± 0.22 85.00 ± 0.23 88.10 ± 0.24

w/o Progressive emotion 
distillation 83.00 ± 0.28 80.50 ± 0.26 81.40 ± 0.27 86.90 ± 0.29 87.30 ± 0.22 85.00 ± 0.21 85.90 ± 0.22 88.90 ± 0.23

w/o Gated multimodal 
fusion 82.45 ± 0.30 80.10 ± 0.28 81.00 ± 0.29 86.50 ± 0.31 87.90 ± 0.21 85.60 ± 0.22 86.40 ± 0.21 89.30 ± 0.22

Ours 84.90 ± 0.26 82.75 ± 0.25 83.70 ± 0.24 88.40 ± 0.27 89.20 ± 0.20 87.50 ± 0.21 88.30 ± 0.21 91.00 ± 0.22

Fig. 7 Performance benchmarking of our approach against leading techniques on IEMOCAP and MELD databases
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any single module of the framework. Instead, it is through 
the integration of emotional attention, gated feature transfor-
mation, guided utterance summarization, auxiliary learning 
based on boundaries, knowledge distillation, and multimodal 
adaptation that the improvement in performance is realized.

4.4 Evaluation of adaptive teaching strategy generation
As this research is mostly concerned with the recognition 
of emotions through multiple sensory channels, the testing 
of the generation module of adaptive teaching strategies 
was carried out via a simulation method instead of conduct-
ing an experiment involving many users in the classroom 
environment. Predictions of emotion labels and the confi-
dence scores of emotion recognition by the ESTE + PEDS 
approach were considered as the input data in the simulation 
process, and all of them were submitted to the decision-mak-
ing pedagogical module to generate the teaching action and 
measured according to three criteria: decision coverage, 
confidence validity, and pedagogical consistency.

Decision coverage means the ratio of test samples that 
the proposed system could make any teaching action. 
Confidence validity is the ratio of decisions that could only 
be made when the emotion recognition confidence was 

greater than the pre-set threshold value. Lastly, pedagogical 
consistency refers to verifying whether the teaching strategy 
fits the predefined emotion-pedagogical state relationship 
shown in Table 1.

From the results of the simulations, it was realized that 
the decision-making component produced sensible deci-
sions that followed up consistently with the educational 
approach, owing to high levels of confidence in emotion 
recognition. When faced with low levels of confidence in 
emotion recognition, the decision-making module pro-
duced cautious decisions such as maintaining the current 
education level or requesting more data about the learner. 
This makes it unlikely that pedagogic interference will 
occur due to the low confidence in the recognition of emo-
tions. Although simulation cannot replace validation in a 
real classroom environment, the latter helps evaluate the 
flexibility of the teaching approach.

Finally, the evaluation of the interpretability of the 
emotion awareness capability of the developed model was 
conducted through attention visualization and feature 
attribution analysis. As part of the attention visualization, 
attention scores for emotion prior mask and multi-head 
attention pooling blocks were visualized to reveal which 

Fig. 8 Performance benchmarking of our approach against leading techniques on CMU-MOSEI and EmoDB databases
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temporal frames had the most impact on the output emo-
tion classification. In particular, frames with higher atten-
tion scores were considered as emotionally salient regions.

The modality-level contribution analysis was then per-
formed to determine the relative contribution of the three 
modalities to predicting the emotion. Each modality's gate 
value during multimodal fusion showed how much a specific 
modality contributes to predicted emotion. High gate values 
imply that a certain modality is more significant in convey-
ing the information related to emotions in this particular case. 
This analysis helped reveal whether there were cases when 
acoustic modality was particularly important and vice versa.

As a final part of the interpretation procedure, emo-
tional feature attribution analysis was carried out using a 
gradient-based method. The importance of individual fea-
tures was defined in terms of sensitivity of the probability 
of emotion to an input feature. Therefore, with the help 
of the described method, emotionally significant frames 
and features from various modalities were identified. For 
example, it was revealed that the proposed model focused 
more on emotionally intense speech segments and words, 
as well as emotional facial expressions.

5 Conclusions and future work
In this study, we aim to enhance the field of English-
speaking emotion recognition and adaptive teaching 
strategy generation, responding to limitations observed 
in existing methods that often struggle with dynamic 
emotional shifts, long-term dependencies, and speaker 

variability. To address these issues, we recommended a 
novel framework that combines the Emotion-Structured 
Transformer Encoder with a Progressive Emotion 
Distillation Strategy. ESTE integrates an emotion-prior 
masked attention mechanism, EGFNs, and MHAP to 
dynamically model temporal emotional structures while 
adapting robustly to different speakers. Meanwhile, PEDS 
refines emotional understanding through a multi-phase 
curriculum training strategy, uncertainty-aware sam-
pling, and auxiliary tasks like valence-arousal regression 
and emotion boundary detection. Our experiments on 
benchmark databases show that this integrated approach 
significantly improves robustness and accuracy over tra-
ditional methods, advancing the capabilities of multi-
modal affective computing and intelligent adaptive learn-
ing technologies.

However, despite the notable improvements, our method 
still has two primary limitations. The reliance on labeled 
data for progressive emotion distillation can limit scalability 
across different languages or domains where annotated data-
bases are scarce. Future work could explore unsupervised or 
semi-supervised learning techniques to mitigate this depen-
dency. While the scheme effectively captures temporal emo-
tional structures, it currently lacks interpretability, making 
it difficult for users to understand the rationale behind its 
emotion predictions. Addressing this through explainable 
AI strategies could enhance trust and usability in real-world 
educational and interactive systems.
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