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Abstract

Speech emotion recognition (SER) is important in healthcare, education, human–computer interaction, and
customer service. Multimodal emotion recognition (MER) integrates audio and textual modalities to achieve
a comprehensive understanding of human affect, but still suffers from limited labeled data and complex
cross-modal relations. To address these challenges, we propose HyperDyG, a dynamic hypergraph-driven
MER framework. The HyperDyG leverages the strengths of dynamic hypergraph learning (DHL), cross-modal
transformer (CMT), and an adaptive gated multimodal unit (GMU) for robust multimodal fusion. HyperDyG
is further enhanced with a semi-supervised learning strategy that incorporates weak–strong augmentation,
confidence-filtered pseudo-labeling, and consistency regularization to effectively exploit large-scale unlabeled
data. The HyperDyG achieves state-of-the-art (SOTA) performance on the benchmark emotion dataset and
maintains stable accuracy across varying unlabeled ratios. The findings of HyperDyG highlight the effectiveness
and scalability of the proposed architecture in real-world low-label MER scenarios.
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1. Introduction
Speech emotion recognition (SER) is a crucial task
in the field of Human-Computer Interaction (HCI),
where computer systems can detect emotional states
through signal processing [1]. SER models utilize
features from the voice, including pitch, energy,
rhythm, intensity variation, and time–frequency spectral
characteristics [2]. SER technology plays an essential
role in healthcare, smart education, customer service,
intelligent conversation technology, and psychological
support systems. However, SER uses only the acoustic
modality, making the model effective in the presence of
environmental noise, speaker variability, and acoustic

∗Corresponding author. Email: ducdnm2@fe.edu.vn

distortions, which significantly affect emotional cues.
Additionally, speech-only emotion recognition often
lacks contextual information and suffers from inherent
ambiguity in emotional expression, as a single utterance
may be insufficient to capture the semantic nuances
or intensity of sentiment [3, 4]. Therefore, multimodal
emotion recognition (MER) has emerged to address
these challenges by incorporating additional modalities
to enhance emotional understanding and improve
robustness.

MER integrates multiple types of information, includ-
ing audio, text, visual signals, and electroencephalogram
data, to facilitate comprehensive learning of emotional
states [5, 6]. MER reduces prediction errors, enhances
model generalization, and captures deeper cross-modal
relationships by coordinating multiple information
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sources [7]. In MER, several novel techniques are applied,
including cross-modal attention for semantic alignment
between text and audio [8, 9], contrastive learning to
minimize modality-specific representation gaps [10–12],
and graph-based modeling to capture the relational
structures among multimodal features [13–15]. However,
the limitation of MER is the modality fusion. Traditional
fusion strategies rely on static mathematical operations.
These operations fail to capture the dynamic and contex-
tual contribution of each modality. The overall robust-
ness of the model is reduced, particularly when certain
modalities are noisy, overly dominant, or semantically
ambiguous.

Additionally, in real-world conditions, most MER data
remain unlabeled due to the high cost and subjectivity of
manual annotation. The scarcity of labeled samples leads
to overfitting, limits the model’s ability to learn cross-
modal dependencies, and reduces generalization [16].
To address these challenges, semi-supervised learning
is introduced as an effective paradigm that leverages
both labeled and unlabeled data [17, 18]. The semi-
supervised frameworks such as Pseudo-Labeling [19],
Mean Teacher [20], and Noisy Student [21] emphasize
prediction stability and teacher–student consistency. The
FixMatch [22] is a novel framework for semi-supervised
learning that combines confidence-based pseudo-
labeling with weak-strong data augmentation. These
approaches generate pseudo-labels, enforce consistency,
and introduce augmentation diversity, enabling models
to learn from noisy samples, reduce representation
drift, and expand the decision boundary in latent
space. When integrated with cross-modal modeling,
semi-supervised learning further stabilizes MER and
significantly enhances effectiveness in scenarios with
low-label or heterogeneous data [23, 24].

Labeled dataset

Unlabeled dataset

Pseudo-labeled dataset

Pre-train HyperDyG 
on labeled data

Train HyperDyG on labeled
and pseudo-labeled dataset
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Figure 1. The overview workflow of HyperDyG architecture

To address these challenges, we propose HyperDyG,
a dynamic hypergraph-based MER architecture that
integrates a cross-modal transformer and a gated
multimodal fusion mechanism. In this architecture,
we employ two modalities, text and audio, as the
primary sources for emotion prediction. HyperDyG

captures higher-order structural dependencies between
nodes through Dynamic Hypergraph Learning (DHL),
enabling the model to learn multidimensional relational
patterns that are often overlooked in traditional pairwise
graph representations. In parallel, the Cross-Modal
Transformer (CMT) performs bidirectional alignment
across modalities, enhancing contextual relevance and
cross-modal coherence. The Gated Multimodal Unit
(GMU) adaptively regulates the contribution of each
modality based on contextual cues, thereby overcoming
the limitations of static fusion methods. Furthermore,
we apply a semi-supervised approach on the HyperDyG
architecture with 3 stages, visualized in Figure 1.
First, the model is pre-trained on the labeled dataset.
Second, unlabeled data are passed through the model
to generate high-confidence pseudo-labels using a
pseudo-threshold. Third, the labeled and pseudo-
labeled samples are combined to retrain HyperDyG for
improved performance.

In this paper, our contributions are as follows:

• Introducing a novel MER architecture, HyperDyG,
that leverages audio and text modalities and
integrates a dual-stream design combining DHL
and CMT.

• Designing a GMU-based fusion strategy that
adaptively balances structure-aware hypergraph
representations and context-aware cross-attention
features to handle varying modality reliability.

• Developing a semi-supervised learning framework
for MER by incorporating weak–strong augmenta-
tion, confidence-filtered pseudo-labeling, and con-
sistency regularization to better leverage unlabeled
data.

• Achieving state-of-the-art (SOTA) performance for
MER in supervised settings on two benchmark
datasets, Interactive Emotional Dyadic Motion
Capture (IEMOCAP) and Emotional Speech
Dataset (ESD).

The structure of this paper is organized as
follows: Section 2 reviews related work on MER
and the underlying technologies. Section 3 presents
the proposed HyperDyG architecture and its key
components. Section 4 describes the experimental setup,
datasets, evaluation metrics, and implementation details.
Section 5 reports and discusses the experimental results,
including ablation studies and comparative analyses.
Finally, Section 6 concludes the paper and outlines
future research directions.
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2. Related works
2.1. Graph-based MER approaches
Nguyen et al. [13] proposed a dual-stream framework
that combined a Cross-modal Heterogeneous Graph
Attention Network (CH-GAT) with a Cross-modal
Convolutional Block Attention Mechanism (xCBAM).
CH-GAT modeled intra- and inter-modal dependencies
through heterogeneous graph reasoning, while xCBAM
refined emotionally salient cues via cross-modal channel
and spatial attention. This combination enabled more
discriminative feature representations and enhanced
performance on benchmark datasets.

Qi et al. [14] proposed a multimodal fusion graph
convolutional network that modeled SER as message
passing on a multimodal graph. The model constructed
acoustic and textual word nodes and defined intra-
modal edges that encoded sentiment, semantic, and
temporal dependencies, allowing graph convolution
to capture intrinsic structure within each modality.
The mechanism introduced inter-modal acoustic–textual
edges together with a multi-perspective fusion module
that retained supplementary unimodal cues while
propagating information across modalities. A multi-
angle loss was jointly optimized for multimodal and
unimodal branches, so that each modality-specific graph
remained discriminative and the fused representation
was strengthened.

Fan et al. [15] presented a fusion framework that
employed a dual-channel Bidirectional Long Short-Term
Memory to capture temporal features from modality
pairs. These features were represented as graphs
using a graph convolutional network with speaker
embeddings. A novel density loss reduced redundant
information, yielding more distinct and comprehensive
representations. Evaluations on benchmark datasets
confirmed superior performance over existing SOTA
baselines.

Although these methods effectively exploit graph
structures, they are still primarily built on pairwise
graphs, where each edge links only two nodes. This
design limits their ability to capture higher-order
interactions. Pairwise graphs often rely on manually
designed edge types or fixed similarity thresholds and
are typically static. When hypergraphs are constructed
dynamically, they can adapt to the connectivity
of each utterance and better reflect the evolving
audio–text interactions. These properties make dynamic
hypergraph modeling a compelling choice for MER,
motivating the design adopted in our work.

2.2. Feature fusion in MER approaches
Khan et al. [8] presented MemoCMT, a cross-modal
transformer that integrated audio features from HuBERT
and textual features from BERT. The architecture

explored multiple aggregation techniques (CLS, mean,
max, and min), with MIN yielding the best results.
Evaluations on benchmark datasets showed that
MemoCMT achieved SOTA weighted and unweighted
accuracies, advancing robust MER.

Kyung et al. [25] introduced a robust MER system to
handle Automatic Speech Recognition (ASR) induced
textual errors. The approach combined an ASR error
compensation strategy with preference learning-based
fine-tuning of a large language model (LLM). A cross-
modal transformer fused speech and ASR-generated
text embeddings, while the Kullback–Leibler divergence
aligned ASR text with the ground truth. RankNet-
based preference learning further improved the LLM’s
sensitivity to emotional nuances. Experiments on the
emotional dataset confirmed significant gains, especially
under high ASR error rates.

Wang et al. [26] proposed a modality-sensitive MER
framework that explores complementary features from
pre-trained acoustic and linguistic representations.
They employ pre-trained transformer-based encoders
to obtain self-supervised audio and text embeddings,
followed by modality-specific transformer encoders
and self-attention–based frame weighting to emphasize
emotionally salient segments. A self-attention–based
fusion mechanism, together with a modality interaction
transformer equipped with learnable emotion query
tokens, is then used to integrate the two modalities and
construct utterance-level representations.

Despite these advances, most multimodal fusion
strategies still rely on statistical fusion. Modalities are
combined using fixed mathematical operators such as
concatenation, summation, element-wise product, or
simple pooling over pre-aligned features. These static
schemes implicitly assume that all modalities contribute
equally to the overall outcome. They fail to adapt when
one modality becomes noisy, missing, or semantically
ambiguous. Attention-based fusion enhances flexibility
by learning importance weights for individual tokens or
frames. However, most existing designs operate only at
the feature level. They do not explicitly model higher-
order interactions among modalities or provide fine-
grained control over modality dominance in MER. These
limitations motivate adaptive fusion architectures that
can dynamically regulate modality contributions and
exploit both contextual and structural dependencies
across modalities.

2.3. Semi-supervised MER approaches
Zhang et al. [16] proposed a framework that combined
cross-modal knowledge transfer and semi-supervised
learning to address the lack of high-quality labeled
data in SER. The method exploited large amounts of
unlabeled audio-visual data. Emotion cues from facial
expressions were transferred to the audio modality.
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At the same time, pseudo-labels were generated
from the audio stream using a FixMatch-based semi-
supervised approach. Two fusion strategies were
designed. Consistent and random retention of consistent
cross-modal labels and random inclusion of additional
visual labels. Weighted fusion aggregated soft label
distributions from both modalities.

Tsouvalas et al. [27] introduced the first privacy-
preserving SER framework based on semi-supervised
federated learning. Unlike centralized SER systems, their
method kept raw speech data on user devices and trained
local models collaboratively via the Federated averaging
algorithm. To address the scarcity of labeled data, they
integrated a self-training mechanism that generated
pseudo-labels from unlabeled on-device speech and
combined them with limited labeled samples. The model
further employed a spectro-temporal channel attention
mechanism to capture emotional cues without increasing
computational complexity. This work highlighted the
feasibility of federated SER, even under highly non-IID
data distributions, while ensuring data privacy.

Agarla et al. [23] addressed the challenge of cross-
lingual SER, where models trained on one language
typically degraded when applied to another. They
proposed a semi-supervised learning framework that
combined labeled data from a source language with large
amounts of unlabeled data from a target language. The
method relied on pseudo-labeling, experimenting with
both high-confidence predicted labels and distribution-
based strategies, and further introduced an utterance
rebalancing mechanism to mitigate the imbalance
between source and target corpora.

These approaches emphasize the significance of
semi-supervised learning for MER. Multiple modalities
must be annotated and aligned simultaneously. This
process often occurs under severe class imbalance
and distribution shifts across domains. Therefore,
leveraging abundant unlabeled multimodal speech
while maintaining robust fusion is crucial for building
scalable and generalizable MER systems. This motivates
the development of semi-supervised MER architectures
that can jointly exploit labeled and unlabeled data, adapt
to modality-specific noise, and preserve discriminative
cross-modal representations.

3. Methodology
The overall HyperDyG framework is illustrated in
Figure 2. In stage A, the supervised HyperDyG
architecture first encodes audio and text using pre-
trained WavLM and BERT models, respectively. The
resulting embeddings are fed into two parallel streams:
the DHL module constructs dual heterogeneous
hypergraphs to capture higher-order intra- and inter-
modality dependencies, while the CMT module
performs bidirectional cross-modal attention to model

fine-grained contextual alignment. Their outputs are
fused by the GMU, which adaptively regulates modality
contributions and produces a joint representation
for emotion classification. Stage B illustrates the
semi-supervised pipeline, where weakly and strongly
augmented views of unlabeled audio–text pairs are
processed through HyperDyG to obtain predictions.
Stage C illustrates pseudo-labeling and consistency
regularization, where high-confidence predictions on
weakly augmented samples are used as pseudo-labels to
supervise their strongly augmented counterparts, which
are then optimized jointly with the labeled data.

3.1. Modality embedding extraction
For the acoustic representation, we employ the
WavLM [28] for the audio encoder. The transformer-
based self-supervised model is pre-trained on large-
scale multilingual corpora. WavLM effectively captures
both low-level spectral cues, such as pitch, energy, or
timbre, and high-level semantic patterns relevant to
emotional expression. Each input utterance is converted
into a fixed-length embedding vector by averaging
the hidden states from the last transformer layer. For
textual representation, we adopt BERT [29] to generate
rich context-aware embeddings by modeling token-level
dependencies. This allows the model to capture fine-
grained linguistic emotion cues, including sentiment
polarity, semantic intensity, and nuanced contextual
variations within utterances.

To adapt the pre-trained encoders to emotion
recognition, we apply partial fine-tuning. Only the top
transformer layers of WavLM and BERT are fine-tuned
during multimodal training, whereas the lower layers
are frozen to preserve the generic acoustic and linguistic
knowledge learned from large-scale corpora. This
strategy ensures efficient optimization and enhances
emotion-specific sensitivity in the embeddings.

After extracting the features, the feature embeddings
of text and audio are presented in Eq. (1), which serve as
the input representations for subsequent CMT and DHL
modules.

Ft = {ut
1, u

t
2, . . . , u

t
N }, Fa = {ua

1, u
a
2, . . . , u

a
N }, (1)

where ut
i and ua

i denote the utterance-level embeddings
for the i-th utterance in the text and audio modalities,
respectively, and N is the number of utterances.

3.2. Dynamic hypergraph learning (DHL)
In the proposed HyperDyG architecture, the DHL
module operates in parallel with the CMT module. The
DHL module performs structural-level modeling by
constructing and learning a dynamic hypergraph [30]
to capture higher-order dependencies both within
and across modalities. This parallel design enables
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Figure 2. Detailed overview of the HyperDyG framework, showing the supervised pipeline with a dual-stream architecture combining 
DHL and CMT, together with the semi-supervised process where augmented unlabeled samples are processed to generate predictions 

for pseudo-labelin

HyperDyG to jointly benefit from fine-grained feature
exchange and relational reasoning, leading to a more
comprehensive multimodal representation. The DHL
process consists of two main components: hypergraph
construction and graph learning.

Hypergraph construction. To overcome the limitation of
pairwise graph structures for modeling simple binary
relations between nodes, hypergraphs allow each hyper-
edge to connect multiple nodes simultaneously. The
hypergraph construction enables the model to encode
higher-order relationships, thereby enhancing multi-
modal representation learning and contextual integra-
tion across modalities. Given the audio and text feature
embeddings Fa and Ft , the DHL module dynamically
constructs a dual heterogeneous hypergraph to model
both intra- and inter-modal dependencies. Each modal-
ity is first represented as a node set, which is presented
in Eq.(2).

Vt = {ut
1, u

t
2, . . . , u

t
N }, Va = {ua

1, u
a
2, . . . , u

a
N }, (2)

where each node corresponds to an embedding vector in
either the text or audio modality.

For each node, the Top-K most similar nodes
from the opposite modality are selected to form
heterogeneous cross-modal hyperedges, enabling multi-
node aggregation between semantically and acoustically
correlated instances. In contrast, the homogeneous
connections capture modality-internal correlations,
such as semantic coherence within text and acoustic
smoothness within audio, as expressed in Eq. (3).

E intrat =
1
N

Nt∑
i=1

ut
i , E intraa =

1
N

Na∑
i=1

ua
i . (3)

To capture inter-modal relationships, similarity
between the normalized node embeddings of the two
modalities is computed through dot-product attention.
The inter-relationship is formulated in Eq. (4).

St→a = FtF
⊤
a , Sa→t = FaF

⊤
t . (4)

For each node, the Top-K most similar nodes
from the opposite modality are selected to form
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heterogeneous cross-modal hyperedges, enabling joint
aggregation between semantically or acoustically
correlated instances. In Eqs. (5) and (6), the inter-
modal hyperedge construction with mean pooling
is used as a lightweight aggregator. Mean pooling
summarizes the features of the Top-K algorithm of
the cross-modal neighbors into a single hyperedge
representation. The higher-order relations are primarily
induced by the similarity-based neighborhood selection,
which determines which nodes are grouped into each
hyperedge.

E intert = Mean
(
[ut

i ,Top-Kt→a(ua
j )]

)
, (5)

E intera = Mean
(
[ua

j ,Top-Ka→t(u
t
i )]

)
. (6)

Finally, the intra- and inter-modal hyperedges are
fused to form dual heterogeneous hyperedge representa-
tions that jointly capture both local modality-specific
context and cross-modality associations. The feature
representation for heterogeneous graph construction is
defined in Eqs. (7) and (8).

H
hyper
t =

1
2

(E intrat + E intert ), (7)

H
hyper
a =

1
2

(E intraa + E intera ). (8)

The graph construction enables the model to
dynamically adapt hyperedge connections based on the
evolving similarity between modalities, thereby laying
the foundation for subsequent hypergraph learning and
multimodal fusion in HyperDyG.

After hyperedge construction, the DHL module
performs message passing to propagate information
between nodes and hyperedges in a node–edge–node
manner. This mechanism enables the model to capture
both local and global relational structures across
modalities, complementing the direct attention-based
interactions of the CMT module. The propagation
process consists of two main stages:

• In the node-to-edge phase, node embeddings are
aggregated to form hyperedge representations,
allowing the model to learn higher-order con-
textual patterns by combining information from
multiple semantically or acoustically related nodes.
This stage effectively captures group-level corre-
lations, such as emotion-consistent clusters across
utterances or acoustic segments.

• In the edge-to-node phase, each node updates its
representation by averaging the features of the
hyperedges it participates in, enabling it to absorb
both intra-modal coherence and inter-modal
associations propagated through the hypergraph
structure. In our implementation, we apply mean

pooling to incident nodes for computational
efficiency and robustness.

This update enriches each node’s embedding with
cross-modal contextual cues, enhancing emotional align-
ment between modalities. Through this propagation, the
DHL process facilitates hierarchical relational reasoning,
effectively bridging the structural gap between modal-
ities and reinforcing the synergy between attention-
based and structure-based learning that underpins the
HyperDyG architecture.

Graph learning. The graph learning module refines node
representations through relational modeling, utilizing
the hypergraph construction via Relational Graph
Convolutional Networks (R-GCN) [31] and Graph
Transformer [32] layers. This stage enables HyperDyG
to capture complementary relational patterns, localized
dependencies through graph convolution, and global
contextual interactions via transformer-based attention,
thereby enhancing the multimodal representations
before fusion.

The R-GCN layer performs the neighborhood
aggregation across the dual heterogeneous hypergraph,
where each relation type is associated with a distinct
transformation matrix. For the node um

i belonging to
modality m, the representation of this node is presented
in Eq (9).

h
(l+1)
i = σ

∑
r∈R

∑
j∈N r

i

1
ci,r

W
(l)
r h

(l)
j + W

(l)
0 h

(l)
i

 , (9)

where R denotes the set of relation types, N r
i is the

neighborhood of node i under relation r, ci,r is a

normalization term, and W
(l)
r and W

(l)
0 are learnable

weight matrices. In HyperDyG, there are three relation
types to guide R-GCN aggregation. The identity relations
help preserve the self-connection of each node. The intra-
modal relations capture the node dependencies within
the same modality, and the inter-modal relations model
cross-modal interactions. This design enables R-GCN
to effectively integrate both structural and cross-modal
relational cues.

The feature representation of R-GCN is subsequently
passed to a Graph Transformer layer, which captures
long-range dependencies and global structural inter-
actions that extend beyond immediate neighborhoods.
The Graph Transformer applies self-attention over the
graph topology. Unlike standard attention that treats
all tokens equally, the graph-based attention preserves
topological constraints, allowing the model to focus
on structurally and semantically relevant nodes. After
the graph transformer, the final feature representation
produced by the DHL module is presented in Eq. (10).

FDHL = Transformer(R-GCN(Z)), (10)
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where Z denotes the relation-aware embeddings
obtained from the R-GCN layers.

With the R-GCN and Graph Transformer layers, the
graph learning module jointly captures relation-aware
local dependencies and global contextual structures.
The resulting node embeddings encode rich multimodal
relationships that provide a strong foundation for the
GMU to perform adaptive fusion.

3.3. Cross-modal transformer (CMT)
The CMT module aims to enable fine-grained interaction
between the audio and text modalities before integrating
them into the hypergraph construction stage. Parallel to
the DHL module, this module focuses on embedding-
level alignment by allowing both modalities to
attend to one another through bidirectional attention
mechanisms.

Given the modality embeddings Fa and Ft , the CMT
module performs two complementary cross-attention
operations: audio-to-text (A→T ) and text-to-audio
(T→A). These operations ensure that each modality
incorporates contextual cues from the other, thereby
enhancing consistency in emotional representation
across modalities.

In the first stage, the audio-to-text attention, which is
presented in Eq. (11), treats Fa as the query and Ft as the
key-value pair, allowing the speech modality to attend
to linguistically relevant text tokens.

CMA→T = Softmax

FaWQa

(
WKt

)⊤
(Ft)

⊤√
dk

FtWVt
, (11)

where WQa
, WKt

, and WVt
are trainable projection

matrices for query, key, and value spaces, respectively,
and dk is the key dimension used for normalization.

Similarly, text-to-audio attention, defined in Eq. (12),
uses Ft as the query and Fa as the key-value pair,
enabling the text modality to integrate relevant
paralinguistic and prosodic cues from speech.

CMT→A = Softmax

FtWQt

(
WKa

)⊤
(Fa)⊤√

dk

FaWVa
, (12)

where WQt
, WKa

, and WVa
correspond to the text

modality’s query, key, and value transformations.
After each attention operation, a dropout layer is

applied to prevent overfitting and ensure regularization.
The features from both directions are then concatenated
to form the final multimodal representation, as shown
in Eq. (13).

FCMT = [CMA→T ∥CMT→A], (13)

where ∥ denotes concatenation. The resulting FCMT
serves as a unified embedding containing complemen-
tary emotional information from both modalities.

3.4. Gated multimodal fusion
To adaptively combine the structure-aware representa-
tion from DHL and the context-aware representation
from CMT, we employ a feature-wise GMU. In the
GMU workflow, the gating vector z, defined in Eq. (14),
determines the relative contribution of each modality
during fusion. These functions act as a soft attention
controller, assigning adaptive weights to the features
derived from the DHL and CMT modules based on their
contextual relevance.

z = σ (Wg [FDHL∥FCMT] + bg ), (14)

where σ (·) denotes the sigmoid activation, ∥ represents
feature concatenation, and Wg and bg are learnable
parameters. The z is a feature-wise gating vector z ∈ Rd ,
Wg ∈ Rd×2d . With feature-wise gating, each embedding
dimension is adaptively weighted via element-wise
gating, rather than being controlled by a single global
scalar.

The final fused representation of the GMU is
formulated in Eq. (15).

Ffused = z ⊙ tanh(FDHL) + (1 − z) ⊙ tanh(FCMT), (15)

where ⊙ denotes element-wise multiplication. The FDHL
and FCMT are feature representations obtained from the
DHL and CMT modules, respectively. When z is close
to 0, the fusion prioritizes information from the CMT
branch, whereas values is close to 1 favor representations
from the DHL branch. The tanh activation introduces
non-linearity, promoting smoother feature interactions
and stabilizing the scaling of the fused output.

Through this adaptive gating mechanism, the GMU
directly addresses the limitations of traditional fusion
strategies by dynamically balancing the contributions of
contextual and relational information. By integrating
context-aware features from the CMT module with
structure-aware representations from the DHL module,
the GMU enables flexible, content-dependent fusion
that adapts to variations in modality reliability. This
design ensures that the model emphasizes the most
expressive modality under different emotional contexts,
thereby achieving a unified, discriminative, and robust
multimodal representation for emotion classification.

3.5. Semi-supervised learning framework
The HyperDyG employs a semi-supervised learning
framework that leverages both labeled and unlabeled
data, thereby enhancing representation robustness and
overall generalization. First, HyperDyG is pre-trained
using the labeled dataset to establish a stable multimodal
representation space. After that, the unlabeled data are
passed through the pre-trained model to obtain high-
confidence pseudo-labels, which serve as supervisory
signals for reliable samples. Finally, the labeled
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and pseudo-labeled datasets are combined to retrain
HyperDyG, enabling the model to refine decision
boundaries and benefit from a substantially larger
training set. The framework is divided into 2 parts:
supervised pre-training and semi-supervised learning
via weak–strong augmentation.

Supervised pre-training. In the first stage, the HyperDyG
architecture is trained on labeled data to establish
a reliable multimodal representation space. With
the labeled dataset DL = {(xi , yi)}

NL
i=1, the model is

optimized using a class-weighted cross-entropy loss that
compensates for emotional category imbalance. The
function of supervised learning loss is presented in
Eq. (16).

LCE = − 1
NL

NL∑
i=1

wyi log pθ(yi |xi), (16)

where wyi compensates for emotional class imbalance.
This stage enables the CMT and DHL modules to

learn context-aware and structure-aware embeddings,
respectively, while the GMU fuses them into a
unified, discriminative multimodal representation. This
pre-trained model subsequently serves as a strong
initialization for effectively exploiting unlabeled data
in the semi-supervised learning stage.

Semi-supervised learning via weak–strong augmentation.
We employ a FixMatch-inspired strategy [22] in the
HyperDyG architecture to leverage real-world emotion
corpora, which often contain abundant unlabeled
multimodal samples. The framework integrates pseudo-
labeling and consistency regularization to effectively
utilize these data. In this approach, confident model
predictions on weakly augmented inputs are used
as pseudo-labels to guide the labeling of unlabeled
samples. The model is then trained to produce
consistent predictions across weakly and strongly
augmented versions, thereby improving stability under
perturbations.

We use two augmented views for each unlabeled input:
a weak version xweak for stable pseudo-labeling and
a strong version xstrong for consistency training. The
weakly augmented sample is used to generate a reliable
pseudo-label, as shown in Eqs. (17) and (18).

ŷj = arg max
k

pθ(yk|xweakj ), (17)

cj = max
k

pθ(yk|xweakj ), (18)

where cj denotes the prediction confidence. Only
samples with confidence above a threshold τ are
retained, forming a pseudo-labeled subset D̂U. These

pseudo-labeled samples contribute to a confidence-
weighted cross-entropy loss, as defined in Eq. (19).

Lsemi =
1
|D̃U|

∑
(xj,ỹj,cj)∈D̂U

cj LCE(xstrongj , ŷj). (19)

Weak and strong augmentations are applied to both
text and audio modalities to enhance model robustness.
For the text modality, weak augmentation applies low-
rate word dropout, while strong augmentation increases
the dropout intensity to introduce greater variability.
For the audio modality, Gaussian noise is added to
the embeddings, with weak augmentation using mild
perturbations and strong augmentation applying more
substantial distortions. These transformations simulate
natural variations in speech and language, improving the
model’s resilience to noise and contextual fluctuations.

The overall loss function of the semi-supervised
HyperDyG framework is presented in Eq. (20), integrat-
ing the supervised, pseudo-label, and consistency terms.

Ltotal = LCE + λuLsemi, (20)

where λu is a balance coefficients th at re gulate the 
influence of unlabeled data.

The semi-supervised HyperDyG framework encour-
ages the model to expand decision boundaries into 
high-confidence regions while maintaining prediction 
stability under perturbations, effectively utilizing both 
labeled and unlabeled data. By integrating weak–strong 
augmentation with pseudo-label consistency, HyperDyG 
achieves robust, context-aware, and structure-consistent 
learning even in low-label scenarios.

4. Experiment settings
4.1. Datasets
We employ the IEMOCAP and ESD datasets to evaluate 
the HyperDyG architecture. The dataset varies in terms 
of language, speaker diversity, and recording conditions. 
Their key statistics are summarized in Table 1.

Table 1. The statistics of two experimental datasets

Datasets Number
of classes

Utterances Duration (h)
Train Valid Test

IEMOCAP 4 4,479 498 554 12
ESD 5 13,996 1,750 1,750 13.44

The IEMOCAP dataset [33], published in 2008,
is a multimodal, multi-speaker dataset collected
at the SAIL Lab at the University of Southern
California. The IEMOCAP dataset is widely used as
a benchmark for emotion recognition tasks, which
comprises approximately 12 hours of audiovisual data.
We divide the dataset into four classes: anger (1,103
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utterances), happiness (1,636 utterances), neutral (1,708
utterances), and sadness (1,084 utterances).

The ESD dataset [34] developed by the National
University of Singapore and the Singapore University of
Technology and Design addresses the growing need for
high-quality emotional voice conversion research. ESD
comprises 350 parallel utterances from 10 native English
and 10 native Mandarin speakers, covering five emotions:
neutral, happiness, anger, sadness, and surprise. In this
study, we utilize the English subset of the ESD dataset
to evaluate our proposed approach for emotional voice
conversion.

4.2. Implementation details
The experiments using the HyperDyG architecture
are implemented with the PyTorch framework and
conducted on an NVIDIA Tesla V100 GPU. To ensure
reproducibility, each experiment is repeated 5 times
with different random seeds, and the mean performance
is reported. The models are trained using the Adam
optimizer with an initial learning rate of 1 × 10−4 and
a batch size of 32. A learning rate reduction strategy is
applied, where the learning rate is decreased by a factor
of 0.1 every 30 epochs if the validation performance
does not improve, promoting stable convergence. Early
stopping is also employed to prevent overfitting based
on validation loss. All other hyperparameters are
determined empirically through cross-validation.

To evaluate the semi-supervised learning framework,
we experiment with multiple unlabeled ratios. The unla-
beled ratio denotes the proportion of training samples
without ground-truth labels. In our experiments, we
consider unlabeled ratios of 10%, 30%, 50%, 70%, and
90%, where only the remaining samples are treated as
labeled data. We fix Top-K = 5 for hypergraph neighbor
selection across both modalities, and tune the pseudo-
label confidence threshold τ and the loss weight λu
based on the unlabeled ratio and validation performance.
To reduce implementation overhead, dynamic hyperedge
construction is vectorized on GPU using L2-normalized
embeddings, batched similarity computation, and a GPU
Top-K operation, avoiding explicit Python loops.

4.3. Evaluation metrics
To comprehensively evaluate the performance of the
proposed HyperDyG architecture, we employ four
standard metrics: Accuracy (Acc), Weighted Accuracy
(WA), Unweighted Accuracy (UA), and Weighted F1-
score (WF1). These metrics jointly capture overall
classification performance and class-level balance, which
are particularly important in emotion recognition due to
dataset imbalance.

WA is a weighted average of class-wise accuracies,
with weights that increase the contribution of classes
with larger sample sizes to the final score. In contrast,

the UA measures the average accuracy across all emotion
classes equally, mitigating the bias toward majority
classes [35]. The formulations of WA and UA are
expressed in Eqs. (21) and (22).

WA =
K∑
i=1

wi ·
T Pi

T Pi + FNi
, (21)

UA =
1
K

K∑
i=1

TPi

TPi + FNi
, (22)

where TP, TN, FP, and FN denote the True Positives,
True Negatives, False Positives, and False Negatives.
Furthermore, K represents the total number of emotion
classes, and wi represents the weight assigned to class i.

The WF1 introduces class-specific weights wi that
reflect the class distribution to account for class
imbalance. The formulation of WF1 is given in Eq. (23).

WF1 =
K∑
i=1

wi · F1i , (23)

In addition to performance, we also report computa-
tional complexity in terms of the number of parame-
ters, floating-point operations per second (FLOPs), and
inference time. These measures collectively reflect the
model’s memory footprint, computational efficiency, and
real-time feasibility during deployment.

5. Performance results
5.1. Experimental results of the HyperDyG
architecture
The experimental result of the proposed HyperDyG
confirms the effectiveness and robustness across
multiple datasets and supervision settings. As shown
in Tables 2 and 3, HyperDyG consistently outperforms
the supervised baseline when pseudo-labeling is
enabled, particularly at moderate unlabeled ratios. With
supervised learning, the HyperDyG improves robustness
with 82.53% on WA, 83.54% UA and 82.52% on WF1.
The architecture also outperforms baselines on the
ESD dataset, achieving 95.64% across the WA, UA, and
WF1 metrics. A similarly high level of performance is
observed on the ESD dataset, where HyperDyG reaches
95.64% across WA, UA, and WF1. These results indicate
that the core architecture is competitive even without
semi-supervised enhancements.

For the semi-supervised learning evaluation, the
HyperDyG architecture shows further improvements,
especially under mid-range unlabeled conditions. At
10% unlabeled ratio on the IEMOCAP dataset, WA
increases by 2.46%, which goes from 79.42% to 81.88%,
while UA improves by 2.03%. At larger unlabeled
ratios, such as 70% and 90%, HyperDyG continues
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Table 2. Performance comparison between supervised and semi-supervised learning under different unlabeled data ratios on the 
IEMOCAP dataset. Bold values denote the best overall performance across the entire table, while underlined values denote the best 

performance within each unlabeled-ratio pair. The (↑) indicates that higher values are better

Unlabeled
ratio

Pseudo-
labeling

Angry Happy Sad Neutral Overall performance

Acc (%) ↑ F1 (%) ↑ Acc (%) ↑ F1 (%) ↑ Acc (%) ↑ F1 (%) ↑ Acc (%) ↑ F1 (%) ↑ WA (%) ↑ UA (%) ↑ WF1 (%) ↑
0% ✗ 86.75 88.26 84.42 82.77 85.38 85.79 77.58 76.95 82.53 83.54 82.52

10%
✗ 84.64 85.53 81.33 79.03 87.92 83.33 68.79 72.49 79.42 80.67 79.28
✓ 85.60 86.98 83.47 82.17 86.42 84.65 75.14 76.29 81.88 82.70 81.83

30%
✗ 86.56 85.00 78.80 78.95 87.17 82.76 69.48 72.67 79.24 80.50 79.09
✓ 85.12 85.75 82.53 80.55 85.28 82.49 71.56 74.26 80.43 81.46 80.30

50%
✗ 84.48 83.34 74.53 76.14 85.66 80.78 69.83 71.89 77.44 78.63 77.32
✓ 85.44 85.44 78.53 78.79 84.72 82.95 73.53 74.27 79.71 80.55 79.67

70%
✗ 81.28 80.32 69.07 71.58 85.47 75.75 63.93 67.78 73.36 74.94 73.16
✓ 83.20 83.40 75.07 75.42 82.45 79.66 70.64 71.73 76.93 77.84 76.88

90%
✗ 83.04 74.40 52.27 58.97 85.85 72.17 56.88 62.96 67.08 69.51 66.22
✓ 83.50 78.59 62.96 62.81 81.23 76.01 62.92 61.84 72.16 72.87 72.10

Table 3. Performance comparison between supervised and semi-supervised learning under different unlabeled data ratios on the ESD 
dataset. Bold values denote the best overall performance across the entire table, while underlined values denote the best performance 

within each unlabeled-ratio p air. T he (↑) symbol d enotes a h igher-is-better m etric

Unlabeled
ratio

Pseudo-
labeling

Angry Happy Sad Neutral Suprise Overall performance

Acc (%) ↑ F1 (%) ↑ Acc (%) ↑ F1 (%) ↑ Acc (%) ↑ F1 (%) ↑ Acc (%) ↑ F1 (%) ↑ Acc (%) ↑ F1 (%) ↑ WA (%) ↑ UA (%) ↑ WF1 (%) ↑
0% ✗ 96.94 95.89 93.68 93.20 97.15 97.44 98.10 97.44 93.76 94.66 95.64 95.64 95.64

10%
✗ 96.34 95.36 91.37 91.76 97.14 96.76 96.74 97.05 92.46 93.10 94.81 94.81 94.81
✓ 95.54 94.95 93.03 92.21 97.23 96.74 97.43 97.40 92.17 93.45 95.08 95.08 95.07

30%
✗ 95.37 94.86 91.89 91.60 96.91 96.50 96.57 97.01 92.23 93.00 94.59 94.59 94.59
✓ 96.03 94.89 92.25 92.86 96.43 96.80 97.74 97.26 92.35 93.70 94.96 94.96 94.96

50%
✗ 94.91 93.95 89.20 90.10 95.66 95.63 96.17 96.36 92.17 92.04 93.62 93.62 93.62
✓ 96.01 94.25 92.31 90.89 95.88 95.92 96.67 96.38 91.30 92.82 93.84 93.84 93.85

70%
✗ 93.71 92.35 84.74 86.62 95.89 93.93 93.94 95.19 88.57 88.70 91.37 91.37 91.35
✓ 96.14 93.23 87.28 88.30 95.38 95.29 96.60 96.16 91.75 90.35 92.53 92.53 92.52

90%
✗ 92.11 89.08 73.43 78.06 90.46 89.56 91.03 91.00 83.20 81.89 86.05 86.05 85.94
✓ 94.48 89.66 78.68 79.73 92.80 79.73 91.77 91.10 82.06 82.81 86.51 86.51 86.42

to demonstrate strong resilience. Specifically, at 70%
unlabeled data, WA rises by 3.57%, and at 90%, the
improvement reaches 5.08%, indicating that the semi-
supervised framework maintains stable gains even
under extremely limited labeled conditions. Similarly,
on the ESD dataset, HyperDyG exhibits consistent
improvements across all unlabeled ratios. At lower
unlabeled ratios, such as 10% and 30%, the performance
improves by approximately 0.2–0.3% across WA, UA,
and MF1 when comparing semi-supervised learning
to the supervised baseline. At higher unlabeled ratios,
the distance between the two methods becomes more
significant. For example, at 70% unlabeled data, the gap
reaches 1.16%, favoring the semi-supervised approach.
This trend demonstrates that HyperDyG can effectively
exploit unlabeled data and maintain stable learning
dynamics even when the availability of labeled samples
are severely limited.

Figure 3 also shows the trend of performance on
IEMOCAP and ESD across the unlabeled ratio increases.
On IEMOCAP, the supervised curves exhibit a clear
downward slope as the unlabeled ratio increases. This

shows the model is sensitive to the limited labeled
data. In contrast, the semi-supervised curves decline
at a significantly slower rate, indicating that pseudo-
labeling and consistency regularization help stabilize
learning. On the ESD dataset, both supervised and semi-
supervised curves maintain relatively high accuracy due
to the dataset’s larger volume and cleaner distribution.
However, the semi-supervised version consistently
outperforms the supervised baseline across all ratios,
with the gap becoming more visible at extreme ratios.

We also evaluate the model complexity of the
HyperDyG architecture, which is presented in Table 4.
The high computational cost originates from the pre-
trained encoders, which contain WavLM and BERT. The
parameters of the audio and text encoders reach 95.67M
and 110.52M, respectively. In contrast, the learning
model remains only 5.38M parameters and 0.08 GFLOPs,
contributing minimally to the overall computational
load. During inference, the learning model achieves
the lowest latency of 3.15 ms/sample, while the total
end-to-end processing time remains acceptable at 17.71
ms/sample. These results demonstrate that although
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Figure 3. Performance comparison between supervised (dashed lines) and semi-supervised (solid lines) learning across different 
unlabeled data ratios for IEMOCAP and ESD datasets

Table 4. Model complexity analysis of the HyperDyG architecture 
and the encoder components. The (↓) indicates that lower values are 

better

Modules Model complexity

Params ↓ GFLOPs ↓ Inference time ↓
(ms/sample)

WavLM 95.67M 0.34 7.41
BERT 110.52M 6.89 7.15
HyperDyG 5.38M 0.08 3.15

Total 211.57M 7.31 17.71

the full pipeline is dominated by high complexity in
encoders, the proposed HyperDyG module introduces
minimal overhead and is efficient enough for practical
deployment scenarios.

HyperDyG performs well in both supervised and
semi-supervised learning. The framework delivers solid
baseline accuracy when trained solely on labeled data.
The semi-supervised variant exhibits slower degradation
under extreme unlabeled ratios, reduced sensitivity to
label scarcity, and improved cross-modal consistency.
The HyperDyG performance also maintains stronger
cross-modal consistency. These behaviors confirm the
robustness, scalability, and practical applicability of
HyperDyG in real-world low-label scenarios. The decline
in performance in the supervised setting is not severe
across unlabeled ratios. This indicates that the core
architecture remains relatively stable even as the
proportion of labeled data decreases. However, the

trade-off is that the performance gradually declines
when labeled data becomes extremely scarce, although
the semi-supervised strategy consistently mitigates this
drop. In the future, we need to further enhance semi-
supervised performance, particularly for a larger ratio of
unlabeled data or more challenging data distributions.

5.2. Comparison between SOTA methods and the
proposed approach

Table 5 presents a comprehensive comparison between
the proposed HyperDyG framework and recent SOTA
in MER approaches under supervised learning. On the
IEMOCAP dataset, HyperDyG achieves 82.53% WA
and 83.54% UA, outperforming strong competition
approaches, such as Khan et al. [8], Fan et al. [41], and
Wang et al. [42]. Compared with approaches that rely
exclusively on cross-modal attention, such as MemoCMT,
HyperDyG demonstrates clear advantages by improving
WA by 0.68% and UA by 2.21%, confirming the benefits
of integrating DHL with CMT for modeling higher-order
multimodal dependencies. A similar trend is observed on
the ESD dataset, where HyperDyG achieves 95.64% on
both WA and UA, surpassing previously reported results
and demonstrating strong generalization across datasets
with different emotional distributions and recording
conditions. Overall, these results confirm the robustness
and superiority of the proposed HyperDyG framework
over current SOTA approaches.
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Table 5. Performance comparison of SER methods. The bold font denotes the best result, while the underlined font denotes the 
second-best result. In the modalities column, A represents audio and T represents text. The (*) denotes that this study employed only 

4 emotions: anger, happiness, neutral, and sadness

References Years Modalities IEMOCAP ESD

WA (%) ↑ UA (%) ↑ WA (%) ↑ UA (%) ↑
Khan et al. [36] 2023 A 72.75 - - -
Prisayad et al. [37] 2023 A + T 76.80 77.30 - -
Pham et al. [38] 2023 A + T 63.10 63.00 90.47∗ 90.46∗

Wang et al. [26] 2023 A + T 75.20 76.40 - -
Khurana et al.[39] 2024 A + T 73.00 73.00 - -
Khan et al.[9] 2024 A + T 76.80 77.30 - -
Kyung et al. [25] 2024 A + T 76.11 77.16 - -
Yang et al. [40] 2024 A + T - - 88.50 88.50
Fan et al. [41] 2025 A + T 80.29 81.04 - -
Qi et al. [14] 2025 A + T 77.30 78.20 - -
Wang et al. [42] 2025 A + T 78.87 80.24 - -
Khan et al. [8] 2025 A + T 81.85 81.33 91.84 91.93

HyperDyG 2025 A + T 82.53 83.54 95.64 95.64

Table 6. Evaluation of module contributions and configuration order effects on the performance of the HyperDyG model on 
the IEMOCAP dataset

Evaluations Settings Performance results

WA (%) ↑ UA (%) ↑ WF1 (%) ↑
HyperDyG Original 82.53 83.54 82.52

Modules w/o DHL 80.40 81.52 80.32
w/o CMT 81.05 82.27 80.92

Graph learning w/o R-GCN 81.62 82.56 81.58
w/o Graph transformers 81.34 82.35 81.28

Configuration DHL→ CMT 80.32 81.25 80.32
CMT→ DHL 80.04 81.03 79.98

5.3. Ablation study
Impact of module and modality contributions. Table 6
presents the ablation analysis evaluating the contribu-
tions of individual modules and the influence of sequen-
tial configurations within the HyperDyG architecture.
Removing either the DHL or the CMT modules leads
to a noticeable performance degradation, confirming
their complementary roles in capturing relational and
contextual dependencies. Specifically, removing the
DHL module reduces WA by 2.13% and WF1 by 2.20%,
a greater decline than that observed when removing
CMT, with a 1.48% and 1.60% drop in WA and WF1,
respectively. This suggests that structural modeling via
DHL is particularly critical for enhancing multimodal
interactions and relational reasoning.

The graph learning components also contribute
positively to feature refinement. Excluding the R-
GCN decreases WA by 0.91%, while removing the

Graph Transformer results in a 1.19% reduction,
indicating that both modules jointly improve local
and global dependency modeling. Moreover, when
comparing sequential configurations, from the DHL
to the CMT (DHL→CMT) and from the CMT to the
DHL (CMT→DHL) variants show a substantial decrease
of 2.21% and 2.49% in WA, respectively, compared
to the parallel fusion design. This demonstrates that
HyperDyG’s dual-branch configuration with gated
multimodal fusion achieves a more balanced integration
of contextual and structural cues.

On the other hand, we evaluate the impact of
modality on the HyperDyG architecture across the
IEMOCAP and ESD datasets. In Table 7, the IEMOCAP
integrating text with audio yields notable gains of
6.54% in WA and 6.60% in WF1 over the audio-only
setting, reflecting the value of semantic context in
conversational emotion disambiguation. In contrast,
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Table 7. Performance comparison of the HyperDyG model 
under different modality configurations across two benchmark 

datasets
Datasets Modality Performance results

WA (%) ↑ UA (%) ↑ WF1 (%) ↑

IEMOCAP
Audio + Text 82.53 83.54 82.52
Audio only 75.99 77.23 75.92
Text only 55.42 53.73 53.74

ESD
Audio + Text 95.64 95.64 95.64
Audio only 95.26 95.26 95.26
Text only 20.00 20.00 6.67

on ESD, the improvement from multimodal fusion
is marginal, suggesting that audio alone captures
sufficient prosodic cues in short, acted utterances. Across
all datasets, the text modality performs substantially
worse, underscoring the limited expressiveness without
prosodic support. These results highlight that while
audio serves as the dominant modality for emotional
salience, incorporating text enhances robustness and
contextual understanding, particularly in spontaneous
or linguistically rich scenarios.

Impact of supervised pre-training in semi-supervised framework.
In Tables 8 and 9, we evaluate the role of supervised
pre-training before the semi-supervised phase across
different unlabeled data ratios. For the IEMOCAP
dataset, the inclusion of supervised pre-training leads to
performance improvements of approximately 0.5–1.5%
across both metrics, particularly at mid and high
unlabeled ratios. On the ESD dataset, supervised pre-
training yields only modest gains, with the performance
gap between the pre-trained and non-pre-trained models
generally remaining within 0.4-0.9% for unlabeled ratios
of 30–90%. At a 10% unlabeled ratio, the difference
is negligible and marginally favors the non-pretrained
model. Overall, incorporating supervised pre-training
into the semi-supervised learning framework establishes
a robust multimodal embedding space that effectively
aligns the DHL and CMT branches. The approach
mitigates noise amplification from low-confidence
pseudo-labels, enabling the model to maintain stable
performance under extreme unlabeled conditions.

Impact of the balance coefficients in the loss function. The
sensitivity in Figure 4 shows the interaction between the
pseudo-label balance coefficient λu and the unlabeled
ratio. At a low unlabeled ratio, the optimal coefficient
is approximately 0.1, indicating that the Lsemi must
remain weak. Training on these cases follows the LCE
objective, as sufficient labeled data remain available. At
a moderate ratio, the best performance is achieved when
λu = 0.3, reflecting the increased contribution of pseudo-
labeled samples and the need for stronger consistency
regularization. At the extreme 90% unlabeled ratio, the
optimal coefficient rises sharply to 1.3, demonstrating

Table 8. Impact of supervised pre-training on the IEMOCAP 
dataset for the semi-supervised HyperDyG framework across 
different unlabeled ratios. The underlined values denote the best 

performance within each unlabeled-ratio pair

Unlabeled
ratio

Supervised
pre-training

Overall performance

WA (%) ↑ UA (%) ↑ WF1 (%) ↑

10%
✗ 81.37 82.40 81.27
✓ 81.88 82.70 81.83

30%
✗ 80.03 80.83 80.17
✓ 80.43 81.46 80.30

50%
✗ 78.30 79.05 78.27
✓ 79.71 80.55 79.67

70%
✗ 76.04 76.85 76.03
✓ 76.93 77.84 76.88

90%
✗ 71.08 72.01 70.93
✓ 72.16 72.87 72.10

Table 9. Impact of supervised pre-training on the ESD 
dataset for the semi-supervised HyperDyG framework across 
different unlabeled ratios. The underlined values denote the best 

performance within each unlabeled-ratio pair

Unlabeled
ratio

Supervised
pre-training

Overall performance

WA (%) ↑ UA (%) ↑ WF1 (%) ↑

10%
✗ 95.15 95.15 95.15
✓ 95.08 95.08 95.07

30%
✗ 94.47 94.47 94.47
✓ 94.96 94.96 94.96

50%
✗ 93.45 93.45 93.45
✓ 93.84 93.84 93.85

70%
✗ 91.93 91.93 91.92
✓ 92.53 92.53 92.52

90%
✗ 85.56 85.56 85.48
✓ 86.51 86.51 86.42

that the model must rely heavily on consistency
constraints to compensate for the severely limited
labeled data.

On the other hand, all five sensitivity plots
consistently demonstrate the necessity of incorporating
Lsemi. When λu = 0, meaning that Lsemi is not applied,
the performance remains at the lowest level across all
settings. When the λu > 0, the accuracy curves increase
noticeably, confirming that pseudo-label supervision
and consistency regularization provide meaningful
performance gains even when the unlabeled ratio varies.

In summary, the sensitivity plots consistently
demonstrate the necessity of incorporating Lsemi. The
analysis also highlights the crucial role of Lsemi in
stabilizing representations, suppressing noise in pseudo-
labels, and maintaining coherent multimodal alignment
when labeled data are scarce. These observations
underscore the importance of striking a dynamic balance
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(d) Unlabeled ratio 70%.
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(e) Unlabeled ratio 90%.

Figure 4. Sensitivity analysis of the balance coefficient associated with the IEMOCAP dataset with pseudo-label contributions in
L total under varying unlabeled data ratios

between supervised and semi-supervised objectives,
adjusting the proportion of unlabeled data to fully
leverage the benefits of hybrid learning. Nevertheless,
at high unlabeled ratios, Lsemi mitigates degradation
but also amplifies pseudo-label noise if overweighted,
emphasizing the need for carefully adjusted balance
coefficients and pseudo-label thresholds.

Impact of pseudo-label confidence threshold. For the
semi-supervised learning framework, the confidence
threshold τ is a critical hyperparameter that governs
the trade-off between the quality of pseudo-labels
and their coverage. We sweep τ ∈ [0.88,0.98] under
unlabeled ratios with identical training settings
and report performance in Figure 5. At lower
unlabeled ratios, which range from 10% to 50%,
performance peaks near τ ≈ 0.94 and declines for larger
values. Under sufficient labeled supervision, excessive
threshold stringency prunes valuable unlabeled samples,
suppresses acceptance, and diminishes accuracy. At
higher unlabeled ratios from 70% to 90%, the optimal
threshold shifts upward to 0.96, reflecting the need
to filter noisier pseudo-labels when labeled guidance
is scarce. However, excessively large τ again collapses
acceptance and harms accuracy.

The observed trend is consistent with known
limitations of FixMatch-style self-training. As labeled
supervision weakens, pseudo-labels become noisier,

and incorrect high-confidence predictions are more
easily reinforced, amplifying errors. In the setting,
the τ acts as a minimal noise-control mechanism by
suppressing unreliable pseudo-labels, while an overly
conservative τ prevents the model from effectively
leveraging unlabeled data. These findings motivate
more robust adaptive strategies, including scheduling
τ according to uncertainty and training dynamics.
Moreover, integrating confidence calibration and teacher-
based stabilization can further improve robustness
under large unlabeled ratios.

Impact of fusion strategies in HyperDyG architecture.
Figure 6 illustrates the comparative performance of
various fusion strategies integrated into the HyperDyG
framework on the IEMOCAP dataset. Among all
approaches, the GMU achieves the highest accuracy
and F1-scores, demonstrating its superior ability to
dynamically regulate modality contributions based on
contextual relevance. Traditional methods, such as
simple concatenation or element-wise operations, exhibit
inferior performance due to their inability to adaptively
weight the importance of modalities.

Although static fusion schemes are simpler and
more computationally efficient, the learnable gating
mechanism in GMU provides fine-grained control over
multimodal interactions, yielding more discriminative
emotional representations. This adaptive strategy
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Figure 5. Sensitivity to pseudo-label confidence threshold τ on IEMOCAP dataset

enables HyperDyG to effectively balance structural cues
from DHL and contextual cues from CMT, forming
a unified feature space that enhances robustness and
generalization in MER.

Impact of supervised and semi-supervised HyperDyG framework
under noisy conditions. Table 10 presents the performance
of the HyperDyG architecture under various NoiseX-92
environments [43] at different Signal-to-Noise Ratios
(SNRs). Across all noise types, the supervised model
exhibits gradual degradation as noise intensity increases,
particularly under low SNRs (0–10 dB), where acoustic
distortion significantly affects emotional cues. However,
the semi-supervised configurations often outperform the
purely supervised baseline, especially at moderate SNR
levels, demonstrating enhanced robustness through the
utilization of unlabeled data.

Among the tested noises, the Babble and Volvo
conditions cause the most substantial degradation due
to overlapping speech and engine harmonics, which

interfere with temporal dynamics. In contrast, HF
Channel and White noise show relatively smaller
performance gaps, indicating HyperDyG’s resilience to
stationary disturbances. Notably, even with 50%–70%
unlabeled data ratios, the semi-supervised variant
maintains stable WA and UA scores, confirming the
model’s capacity to learn noise-invariant features from
weakly supervised signals. These findings highlight that
integrating semi-supervised learning not only alleviates
data scarcity but also improves generalization and
robustness against real-world acoustic perturbations.

5.4. Limitation and discussion

In our experiments, HyperDyG achieves competitive
supervised results and maintains relatively stable
performance as the unlabeled ratio increases. The
dual-branch architecture within DHL for higher-order
structure and CMT for contextual alignment provides
complementary cues. The GMU fusion improves
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Figure 6. The performance of the HyperDyG model on the IEMOCAP dataset across different fusion methods 

Table 10. Performance result of the HyperDyG architecture on the IEMOCAP dataset under each NoiseX-92 type

Noise type SNRs (dB) Supervised SSL (10% U) SSL (30% U) SSL (50% U) SSL (70% U) SSL (90% U)

WA (%) ↑ UA (%) ↑ WA (%) ↑ UA (%) ↑ WA (%) ↑ UA (%) ↑ WA (%) ↑ UA (%) ↑ WA (%) ↑ UA (%) ↑ WA (%) ↑ UA (%) ↑

Babble

20 74.55 75.46 75.09 76.05 72.38 72.34 69.13 70.29 67.87 68.55 60.11 62.29
15 69.68 69.68 68.95 69.97 68.77 68.59 63.54 64.31 62.82 62.99 56.32 57.99
10 61.37 61.37 58.66 59.81 59.75 58.95 54.87 54.67 53.25 52.62 47.65 48.71
0 38.09 38.09 39.89 41.64 41.16 41.02 38.99 36.71 39.89 37.87 35.02 35.89

F16

20 66.97 67.91 66.43 67.87 63.90 64.39 61.19 63.51 60.65 62.21 51.99 54.32
15 60.38 61.55 58.12 59.40 57.40 57.77 54.15 56.29 51.08 52.85 40.25 43.06
10 51.44 52.19 48.92 49.95 48.74 49.29 42.96 45.18 40.25 42.39 31.41 34.85
0 31.41 33.69 30.51 33.63 30.32 33.18 26.90 30.56 24.01 24.01 21.84 27.17

HF Channel

20 65.16 64.38 64.98 64.32 63.90 62.47 63.54 64.29 64.80 65.94 57.94 59.82
15 60.47 59.10 62.45 61.08 60.29 58.75 61.19 61.36 61.19 61.71 56.32 57.76
10 57.22 55.35 57.04 55.01 55.42 53.05 58.12 57.11 57.76 56.97 54.15 54.66
0 38.45 33.60 39.53 34.65 37.91 32.40 39.53 34.67 42.24 37.66 43.32 40.80

Volvo

20 75.09 75.99 74.91 75.99 73.83 73.66 71.30 72.54 68.41 69.30 63.90 66.11
15 73.47 74.45 73.65 74.87 73.10 73.22 70.40 71.77 67.87 69.06 62.64 65.01
10 71.84 73.02 71.12 72.76 72.38 72.68 67.69 69.59 66.43 68.13 57.40 60.37
0 65.34 67.80 64.08 66.77 64.08 65.74 57.58 61.23 54.69 58.16 43.50 48.46

White

20 66.97 67.71 65.52 66.69 64.08 64.80 62.09 64.50 62.82 64.68 56.32 58.93
15 63.36 63.40 62.82 63.34 59.93 60.10 60.11 62.25 59.75 61.67 55.23 57.47
10 60.11 59.29 60.29 59.84 56.50 55.74 58.12 59.51 54.33 55.8 51.44 53.14
0 40.43 37.64 40.97 38.46 38.81 36.70 38.45 37.53 37.91 38.05 34.66 35.93

consistent gains over static fusion baselines. We further
observe robustness under acoustic noise perturbations
in the evaluated settings, suggesting practical potential
in adverse conditions.

Due to the limitations of the HyperDyG architecture,
the pseudo-label balance coefficient λu in the total
loss is fixed rather than dynamically adapted to the
training dynamics, data difficulty, or calibration status.
As a result, the static weighting can become misaligned
across different label ratios and epochs, leading to
suboptimal performance. The modality embedding
extractors dominate parameters and FLOPs, thereby
inflating the training and inference costs. Our current
evaluation focuses on the audio-text setting and does

not include the visual modality. In future work, we
will extend HyperDyG to tri-modal fusion and validate
it with visual signals. Finally, like most self-training
pipelines, error propagation from noisy pseudo-labels
remains a risk, particularly for minority classes and at
extreme unlabeled ratios. Moreover, mean pooling in
hyperedge aggregation is lightweight but may under-
model node importance and subset interactions. We will
explore attention-based pooling in future work.

In future work, we plan to make the pseudo-
label balance λu and the confidence threshold τ
adaptive, driven by uncertainty- and curriculum-
based signals [44–46]. The technology can be applied,
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such as temperature-scaled calibration, agreement-
based filtering [47, 48], and the exponential moving
average teacher ramps [49, 50]. We will further explore
dynamic neighborhood selection in DHL. To reduce
encoder complexity, we will investigate knowledge
distillation [51], structured pruning with post-training
quantization [52], and lighter backbones, aiming to
preserve accuracy under tighter compute budgets. We
will incorporate reliability-aware consistency losses,
prototype refinement, and co- and tri-training to
mitigate pseudo-label drift. These directions aim to
retain HyperDyG’s benefits while improving efficiency,
robustness, and scalability.

6. Conclusion
In this work, we introduce HyperDyG, a dynamic
hypergraph-driven MER framework that integrates semi-
supervised learning to effectively leverage both labeled
and unlabeled data. The proposed dual-stream architec-
ture combines the DHL and CMT modules together with
a novel GMU fusion mechanism. HyperDyG achieves
successful structural dependencies, contextual align-
ment, and content-specific interactions across audio
and text modalities. The dual-stream modeling enables
the architecture to construct richer relational repre-
sentations while preserving fine-grained cross-modal
coherence. The HyperDyG achieves SOTA on IEMOCAP
and ESD, outperforming strong multimodal baselines
in both supervised and semi-supervised settings and
demonstrating robustness under acoustic noise. These
findings substantiate the efficacy of combining dynamic
hypergraph reasoning with attention-based alignment
and gated fusion for scalable MER. In the future, we need
to enhance HyperDyG with adaptive pseudo-labeling,
dynamic neighborhood selection in DHL, and efficiency-
oriented encoders to improve scalability without sacri-
ficing accuracy.

Abbreviations

Abbreviation Definition

Acc Accuracy
ASR Automatic Speech Recognition
BERT Bidirectional Encoder Representa-

tions from Transformers
CH-GAT Cross-modal Heterogeneous Graph

Attention Network
CMT Cross-Modal Transformer
DHL Dynamic Hypergraph Learning
ESD Emotional Speech Dataset
F1 F1-score
GFLOPs Giga Floating-Point Operations Per

Second
GMU Gated Multimodal Unit
GPU Graphic Processing Unit
HCI Human-Computer Interaction
IEMOCAP Interactive Emotional Dyadic

Motion Capture
LLM Large Language Model
MER Multimodal Emotion Recognition
R-GCN Relational Graph Convolutional

Network
SER Speech Emotion Recognition
SNRs Signal-to-Noise Ratios
SOTA State-of-the-art
UA Unweighted Accuracy
WA Weighted Accuracy
WF1 Weighted F1-score
xCBAM Cross-modal Convolutional Block

Attention Mechanism

Data availability
In this manuscript, we use publicly available datasets,
including IEMOCAP and ESD, obtained from their
respective sources. We provide additional details on
dataset access and preprocessing procedures in the
manuscript. Our source code is publicly available
at https://github.com/nhut-ngnn/HyperDyG.
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