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Abstract—Group emotion recognition (GER) involves modeling
emotional dynamics across multiple individuals using diverse
data types. We propose a transformer-based framework that
integrates visual, audio, and text information through hierarchi-
cal feature aggregation and self-attention mechanisms to capture
both intra- and inter-modal dependencies. A dedicated fusion
layer further refines the joint representations, while multitask
learning facilitates concurrent optimization for recognizing emo-
tions on both individual and group levels. This approach improves
contextual understanding and generalization across different
group sizes. Evaluations on MELD, IEMOCAP, and VGAF
datasets show that our approach outperforms strong baselines
such as SCFA and VGAFNet. Ablation studies confirm the
significance of hierarchical aggregation, multitask learning, and
multimodal fusion. Overall, our framework provides a flexible
and effective solution for real-world GER applications.

Index Terms—Group Emotion Recognition, Multimodal Trans-
former, Attention, Fusion, Hierarchical Aggregation

I. INTRODUCTION

In recent years, affective computing has emerged as a crucial
area of research, enabling machines to recognize, interpret,
and respond to human emotions. Emotion Recognition (ER)
plays a vital role in diverse domains, such as enhancing learn-
ing experiences in classrooms, improving human-computer
interaction, tailoring content recommendations in multimedia
platforms, and analyzing group dynamics in social settings.
While significant advancements have been made in recog-
nizing individual emotions through modalities such as facial
expressions, speech, and text, the task of Group Emotion
Recognition (GER) poses additional complexities .

ER has traditionally focused on identifying the affective
states of individuals, relying on cues such as facial expressions,
vocal tone, and textual sentiment. However, GER introduces a
distinct set of challenges that go beyond the sum of individual
emotions . Unlike individual ER, GER must account for
complex interpersonal dynamics, contextual dependencies, and
the collective emotional state that emerges from the interaction
among group members. For example, while individual mem-
bers of a group may exhibit varied expressions, the group’s
overall emotion may reflect a shared response to a common
stimulus, such as agreement, tension, or excitement during a
conversation. These unique challenges demand models capable
of capturing both individual signals and their interrelations
within a shared context, making GER a more nuanced and
socially informed task than its individual counterpart.

GER is the task of identifying and analyzing the collective
emotional state of a group of individuals based on various
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data modalities, such as facial expressions, body language,
speech, and contextual cues. Similar to individual ER, GER
utilizes techniques from computer vision, natural language
processing, and audio analysis. Due to the added complexity
of assessing the emotion state of a group, fusion of multimodal
signals from multiple users and integration of deep learning
models developed for different modalities are more critical
and challenging for improving the accuracy and robustness
of GER. Challenges remain in dataset acquisition and feature
harmonization [5]. Data noise and bias present significant
hurdles, as real-world data often contain noises, and datasets
may have inherent biases that affect model performance. The
computational complexity of advanced models, particularly
those that combine multiple modalities, requires significant
computational resources, making them less accessible for some
applications. Ensuring generalizability remains a challenge, as
models need to perform well across different datasets and con-
texts. Integrating multiple modalities effectively is challenging
and requires advanced fusion techniques that preserve essential
information.

Group emotions are dynamic and context-dependent, requir-
ing a holistic understanding that integrates multiple modalities
effectively. Although advances have been made in unimodal
approaches [7], recognizing group emotions in dynamic multi-
modal contexts remains a significant challenge, mostly because
the existing models often fail to capture the complexity and
nuance of group interactions [5]. Real-world scenarios require
the integration of diverse data streams, including text, audio,
and visual cues, that interact in intricate ways to form a
holistic representation of group emotions. Furthermore, current
state-of-the-art models, such as SCFA [9] and VGAFNet [11],
exhibit limitations in scalability and accuracy. SCFA, while
leveraging speaker-aware cross-modal fusion, is restricted to
datasets with detailed speaker annotations. VGAFNet, op-
timized for audio-visual data, does not incorporate textual
information, resulting in incomplete emotion recognition in
scenarios where context from speech or text is crucial.

The primary research problem addressed in this paper is
the lack of a robust, scalable and accurate framework for
GER that integrates text, audio and visual modalities. Existing
approaches often prioritize one or two modalities, neglecting
the synergistic potential of combining all three. Furthermore,
current methods struggle with generalization across diverse
datasets and scenarios, limiting their applicability in real-world
settings. Our framework incorporates self-attention mecha-

955



nisms to effectively process and integrate text, audio, and
visual features. Leveraging the capabilities of transformers [6],
our framework aims to capture rich inter-modal dependencies
and deliver good performance. Our methodology involves de-
signing a multimodal architecture that processes each modality
using specialized pre-processing pipelines and feeds them
into a unified transformer-based fusion model. The framework
is evaluated against baselines on MELD, IEMOCAP, and
VGAF benchmark datasets. The accuracy and F1 scores are
analyzed to validate the effectiveness of our framework. The
contributions of this work are summarized as follows:

o A transformer-based architecture for GER that fuses
modality-specific features to improve accuracy and ro-
bustness;

o A unified preprocessing pipeline for text tokenization,
audio feature extraction, and visual data processing, en-
suring compatibility across diverse datasets;

o Strong performance on benchmark datasets (MELD,
IEMOCAP, VGAF), comparable to or surpassing state-
of-the-art methods.

II. RELATED WORK

ER has been extensively studied across multiple modalities,
each leveraging different computational techniques to enhance
accuracy and robustness. In facial ER, Convolutional Neural
Networks (CNNs) have been widely used for valence and
arousal estimation [3], [4], [20]. Speech-based methods rely on
Recurrent Neural Networks (RNNs) [1] and attention mecha-
nisms to extract temporal emotional cues from voice features,
highlighting the importance of prosody and tone in sentiment
analysis [12]. Text-based approaches utilize Support Vector
Machines (SVMs) , lexicon-based techniques, and advanced
BERT transformer models [13], which incorporate contextual
and speaker-aware information for more nuanced emotion
detection in textual data. Multimodal approaches have recently
gained traction in GER to improve the ability to analyze
collective emotional states [2], [14]. The effectiveness of GER
depends on robust fusion strategies (early,late and hierarchical)
to capture intricate cross-modal interactions. Deep learning
models, particularly CNNs for visual feature extraction [17],
[18], RNNs for sequential data processing [19], and transform-
ers for long-range dependencies [9], [11], play a crucial role
in ER. Attention mechanisms further enhance performance
by dynamically weighing features across different modalities,
ensuring that the most relevant information contributes to
emotion classification.

In summary, group emotion recognition has evolved sig-
nificantly, moving from focusing solely on facial features to
incorporating diverse data sources like local object features,
scene features, and audio. This shift towards multimodal
approaches has improved its accuracy, robustness, and inter-
pretability. Researchers have demonstrated the effectiveness
of multimodal fusion methods in achieving a more com-
prehensive understanding of group emotions by leveraging
complementary information from multiple data sources. How-
ever, challenges remain, including the difficulty of obtaining

and annotating multimodal datasets and harmonizing features
across modalities. Despite these hurdles, multimodal fusion is
expected to dominate GER research, with future efforts aiming
to refine integration techniques and expand datasets for broader
applicability.

III. METHODOLOGY
A. Problem definition

GER aims to predict the collective emotional state of a
group based on individual emotions and their interactions. Un-
like individual ER, GER must capture complex dependencies
among group members, considering factors such as shared
context, social dynamics, and multimodal cues. A unimodal
approach, relying only on facial expressions or speech, often
fails in real-world scenarios. For example, a group in a
meeting might have neutral facial expressions but display
excitement through their tone and gestures. Similarly, textual
conversations in a chat may lack emotional clarity without
vocal intonation or facial expressions. A multimodal approach,
which combines visual, audio, and textual data, ensures a more
comprehensive understanding of group emotions by leveraging
complementary cues, making it robust in diverse settings like
meetings, social gatherings.

B. Proposed Framework

We propose a framework built on three mechanisms: Trans-
formers, Attention, and Multitask Learning (see Fig.1). The
framework integrates state-of-the-art multimodal transformers
for robust group emotion recognition, leveraging advance-
ments in text, audio, and visual modality modeling. Attention
mechanisms are further used to enhance the framework’s
capability by capturing both intramodal and intermodal de-
pendencies. Self-attention mechanisms focus on relationships
within a single modality, ensuring comprehensive feature ex-
traction, while cross-modal attention captures interdependen-
cies between modalities, enabling a richer and more holistic
understanding of the data. The framework employs multitask
learning to improve robustness. By combining GER (primary
task), with individual sentiment analysis (auxiliary task), the
model benefits from shared learning signals, which improve
its predictive accuracy and generalization across related tasks.
Together, these components create a powerful system for
multimodal emotion analysis.

Our framework addresses Group Emotion Recognition
(GER) using a unified multimodal transformer architecture
with hierarchical aggregation. It begins by extracting modality-
specific features (text, audio, vision) for each individual in a
group. These features are encoded using respective encoders
(e.g., BERT for text, CNNs for visual and acoustic signals). To
handle variable group sizes, we introduce a learned separator
token between each individual’s representation, ensuring the
model distinguishes between different members.

The fusion layer applies intra-modal self-attention to refine
representations within each modality, followed by inter-modal
self-attention to capture dependencies across modalities. These
fused multimodal representations are hierarchically aggregated
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across individuals using attention-based pooling, enabling the
model to understand shared emotional context and inter-
personal dynamics. The prediction layer uses parallel task-
specific heads: one for individual emotion recognition (ER)
and one for GER. Each individual’s prediction is computed
independently using their own fused features. For GER, a
group-level representation is constructed from the aggregated
features of all individuals in the scene.

To train the model, we adopt a multitask learning (MTL)
objective combining both individual and group emotion loss.
This allows shared learning between tasks, improving both
levels of prediction. Our framework supports datasets with
variable group sizes and missing modalities, making it robust
and scalable.

1) Input Preprocessing Layer: The Input Preprocessing
Layer extracts meaningful features from each modality. For
the text modality, the BERT language transformer is used to
generate contextualized embeddings from dialogue transcripts,
capturing both syntactic and semantic nuances. The audio data
are converted into spectrograms and processed using the Au-
dio Spectrogram Transformer (AST), which extracts features
from the temporal and frequency domains. For visual data,
the Vision Transformer (ViT) encodes inputs such as facial
expressions and gestures, incorporating spatial and temporal
dynamics to capture non-verbal cues effectively.

2) Fusion Layer: The Fusion Layer employs a multi-modal
transformer (MMT) to align and integrate representations of
the three modalities. This layer uses self-attention and cross-
modal attention mechanisms to model intra-/intermodal inter-
actions. By dynamically aligning features across modalities,
the Fusion Layer creates a unified representation that captures
complex relationships and improves the interpretability of the
data.

Extraction MultiModal Transformer-based Fusion | Prediction
aa ResNet + o
AfE-n Vision
Visual Transformer Cross-
Intra- Modal . 5
Q_ BERT Modal Attention’ (picrarchical
Text Feature -based Featurej
4 Encoding Feature A
qEn ﬂ SR Fusion
gr— Audio |
Audio Transformer ) A

Fig. 1. Architecture of Proposed Multimodal GER Model

Intra-modal Feature Encoding: Within each modality, the
extracted features are processed independently through trans-
former encoders where self-attention mechanisms capture in-
tramodal dependencies by refining the individual modality
representations. For modality M € {text, audio, visual}

My = Transformer Encoder(Memp ), (1

where M., represents the input embeddings of the modal-
ity, and Mc,. € R7vm X dm represents encoded features. A

transformer encoder consists of a Multi-Head Self-Attention
(MHSA) mechanism:

MHSA(X) = Concat(heady, ..., heady) W, ()
QiK}"
Vd;

where Q; = XWP2, K; = XWK, V; = XW}, respectively
representing the Query, Key, and Value matrices, and d; is the
dimension of each head. W; typically represents the learnable
weight matrices used in linear transformations for an input
sequence X; and a Feed-Forward neural Network (FFN):

head; = Softmax(

Wi 3)

FFN(X) = ReLU(XW; + by)Wy + by, )

where W, and W, are learnable weight matrices for the first
and second linear transformations, respectively; b; and by are
bias terms.

Cross-Modal Attention-Based Fusion: the encoded features
from all three modalities are combined using a multimodal
transformer, where cross-attention layers facilitate intermodal
interactions. This mechanism allows the model to learn com-
plementary relationships between modalities, improving the
shared representation. The attention mechanism assigns higher
weights to more informative features, ensuring that critical
emotional cues are emphasized in the fusion process. Let
M usion = [Tenc, Aenc, Venc] be the concatenated features.

Myysea = Trans former Encoder(M fusion)- 5)

Hierarchical Aggregation and Final Representation: The
refined multimodal representations are progressively aggre-
gated using a hierarchical structure , where lower-level fused
features contribute to higher-level contextual embeddings. A
fully connected feedforward network (FFN) further refines
this aggregated representation before final classification. To
transition from individual to group emotion representation,
a hierarchical attention mechanism aggregates features from
all group members. The model assigns importance weights
to each member’s contribution based on context and group
dynamics, ensuring that dominant emotional signals drive the
final prediction. The hierarchical fusion strategy ensures that
the most relevant multimodal dependencies are preserved,
leading to robust GER.

3) Prediction Layer: The prediction layer of the proposed
framework employs a multitask learning (MTL) strategy to
enhance group emotion recognition by simultaneously learn-
ing individual and group-level emotion representations. This
design ensures that the model effectively captures fine-grained
emotional cues from individuals while leveraging these in-
sights to infer collective group emotions. The multitask learn-
ing mechanism operates through the following steps:
Parallel Task-Specific Heads: the output of the hierarchical
fusion layer is fed into two separate branches in the predic-
tion layer: (1) Individual Emotion Prediction Head: A fully
connected layer with a softmax activation function is used
to classify each individual’s emotional state (e.g., happy, sad,
angry, etc.). Our framework incorporates individual features
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and relevant group context for individual emotion prediction,
thus ensuring that the model learns precise individual-level
emotion representations; (2) Group Emotion Prediction Head:
another fully connected layer processes the fused multimodal
representation to predict the overall group emotion. This head
considers aggregated intra-group relationships, modeling how
individual emotions influence the collective emotional state.
Shared Feature Learning: a shared backbone, consisting
of transformer-based fusion layers, learns common features
beneficial for both tasks. By jointly optimizing both heads,
the model benefits from shared representations, allowing it
to generalize better across varying group compositions and
contextual emotional expressions.

z = Pooling(Mjysed), (6)

where Pooling can be mean pooling or max pooling to
summarize the sequence features.

Yprea = Softmax(zW, + b.), @)

where W, and b, are learnable parameters of the classification
layer and Y4 represents the predicted probabilities for each
emotion class. The predicted label and loss function are:

= argmaxz(Ypred,c) 8)

1
L= 7NE?]:lE(?:lyi7610g(rpred,i,c)7 (9)

where N is the number of samples, C' is the number of classes,
Yi,c is the ground truth label and Y4 ;. is the predicted
probability for sample 7 in class c.

Loss Function Optimization: the multitask learning setup
optimizes a combined loss function to balance both individual
and group emotion prediction tasks:

£Total = A1L"zﬁuiividual + A2£g7‘0upa (10)

where L;,dividuals [,gmup are the categorical cross-entropy
loss for individual/group-level emotion classification, Aj, Ao
are weighting factors to control each task’s contribution.

IV. EVALUATION
A. Datasets

This work considers three publicly available state-of-the-art
datasets, namely, IEMOCAP [8], MELD [10] and VGAF [11].
IEMOCAP (Interactive Emotional Dyadic Motion Capture)
is a multimodal dataset featuring 151 dyadic conversations
with 7,433 utterances, each labeled with one of six emo-
tions: happy, sad, angry, excited, frustrated, or
neutral. It also includes annotations for valence, arousal,
and dominance. It offers multimodal data: audio, video and
motion capture (3D movements of the head, hands, and face).
MELD (Multimodal EmotionLines Dataset) is a multimodal
conversational dataset that includes audio, visual, alongside
with text transcriptions. It features 1,433 dialogues and 13,804
utterances from the TV series “Friends”, with multiple speak-
ers involved. Each utterance in the dialogue is labeled with
one of seven emotions: Anger, Disgust, Sadness, Joy,

Neutral, Surprise, Fear. The VGAF (Video Group
AFfect) dataset is a multimodal collection comprising 326
original video clips downloaded from youtube, for a total
number of 4,183 samples with 587,364 frames. Each video
lasts for five seconds on average and is annotated with one
of three group-level affective states: Negative, Neutral,
Positive. Table I summarizes the caracteristics of these
datasets.

TABLE I
DATASET SUMMARY
Dataset MELD IEMOCAP VGAF
Desc Transcripts Dyadic Environment

Instances 13804 utterances 7433 utterances 4183 samples
Modalities | Text/Audio/Visual | Text/Audio/Visual Audio/Visual
ER Classes 7 classes 6 classes 3 classes
ER Level Individual Individual Group
Group Size ~ 3 individuals ~ 2 individuals =~ 4 individuals

B. Implementation Details

The implementation of the proposed multimodal framework
for group emotion recognition is carried out in Python. The
framework relies on PyTorch for building and training deep
learning models, Hugging Face’s Transformers for text tok-
enization and embedding extraction, Librosa for audio feature
extraction, and OpenCV for visual data preprocessing. The
framework trains using the Adam optimizer with a learning
rate of 0.0001, and a batch size of 32. Training spans 50
epochs, allowing the model to achieve optimal convergence,
as evidenced by a steady reduction in the loss function
and stabilization of evaluation metrics. Cross-validation is
performed using a 5-fold strategy to ensure the robustness and
generalizability across diverse datasets.

C. Baselines

SCFA [9] is a model designed for multimodal emotion
recognition, focusing on integrating audio, visual, and text
data with speaker-aware cross-modal attention. It enhances
feature alignment by considering speaker dynamics. VGAFNet
[11] specializes in audio-visual group emotion recognition
by leveraging visual cues to refine audio representations. We
also compare our method with HIMER [1], a recent state-
of-the-art model for emotion recognition. HIMER models
hierarchical relationships using structured graphs to capture
speaker and group-level emotion dependencies in multi-party
dialogues. While highly effective in dialogue-centric datasets
like IEMOCAP, HiMER lacks the modular flexibility and
fusion adaptability offered by our multimodal transformer-
based framework, especially in group scenes with variable
compositions.

D. Ablation Study

The purpose of this ablation study is to evaluate the
contribution of each modality and the specific architectural
components to the performance of the proposed framework
for GER.
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1) Modality Importance: This study aims to analyze the
significance of individual modalities and their combinations
and compare the framework’s performance against baselines .
Table II presents the results. In analyzing the importance of

TABLE 11
MODALITY IMPORTANCE: TEXT (T), AUDIO (A), VISUAL (V)
IEMOCAP MELD VGAF

Criteria Acc F1 Acc F1 Acc F1
T 63.82 62.89 | 59.32 57.76 - -

A 49.24  48.66 | 47.37 44.18 | 49.11 48.57

v 40.12 38,23 | 50.37 46.16 | 70.96 69.98
TA 67.99 66.72 | 6497 63.89 - -
TV 66.81 6578 | 61.34 59.74 - -

AV 57.11 5523 | 4833 44.11 | 7256 7147
TAV 70.03 68.41 | 68.92 67.60 - -

each modality across the datasets, distinct insights emerge.
For MELD, text proves to be the most critical modality
as it encapsulates the primary semantic information within
conversational exchanges, enabling a deeper understanding of
context and intent. In contrast, IEMOCAP emphasizes the
importance of audio, which provides significant emotional
cues through tone, pitch, and rhythm, which is particularly
relevant in its focus on dyadic interactions. Meanwhile, VGAF
highlights the dominance of visual data, which effectively
captures group-level nonverbal dynamics such as facial expres-
sions and gestures, making it the most influential modality for
understanding collective emotions.

2) Architectural Components: This study aims to assess the
impact of the self-attention mechanism and transformer layers
on performance; evaluate the effectiveness of the attention-
based fusion mechanism compared to simpler fusion tech-
niques ; and evaluate the impact of multi-task learning. Table
III presents the results.

The self-attention mechanism plays a pivotal role in cap-
turing inter-modal dependencies, allowing the model to effec-
tively generalize across diverse datasets. Its ability to focus
on relevant features across multiple modalities ensures robust
performance in complex scenarios. Furthermore, experiments
reveal that reducing the number of transformer layers results in
significant performance degradation, underscoring the critical
importance of depth in accurately modeling the intricate
relationships between modalities. The attention-based fusion
method plays a crucial role in integrating modality-specific
features by dynamically weighing the contributions of each
modality based on their relevance to the emotion recognition
task. Unlike simpler fusion techniques, such as direct concate-
nation or averaging, which treat all modalities equally and may
overlook intricate interdependencies, the attention mechanism
selectively emphasizes the most informative features from
each modality. This results in a more effective and adaptive
fusion process, leading to significantly improved performance
in group emotion recognition. The multi-task learning method
outperforms single-task learning by up to 4% on IEMOCAP
and MELD, confirming that leveraging interpersonal relation-
ships with individual emotion predictions enhances GER.

TABLE III
IMPORTANCE OF ARCHITECTURAL COMPONENTS. WITHOUT SELF
ATTENTION (W/OSA), REDUCED TRANSFORMER 3-LAYERS (RT3L),
FULL TRANSFORMER 6-LAYERS (FT6L); AVERAGING (AVG),
CONCATENATION (CONC), ATTENTION (ATT); STL (SINGLETASK
LEARNING), MTL (MULTITASK LEARNING)

IEMOCAP MELD VGAF

Criteria Acc F1 Acc F1 Acc F1
W/o SA | 56.69 56.01 | 5536 54.08 | 49.08 47.73
RT3L 64.43 6294 | 6291 61.67 | 64.58 62.89
FT6L 70.03 68.41 | 68.92 67.60 | 72.56 71.47
Avg 54.62 52.67 | 53.54 51.82 | 5442 52.17
Conc 59.52  58.01 | 56.31 5497 | 56.59 5553
Att 70.03 68.41 | 6892 67.60 | 72.56 71.47
STL 70.03 6841 | 68.92 67.60 | 72.56 71.47
MTL 7491 7238 | 7295 71.57 | 72.56 7147

3) Comparison with State-of-the-Arts: To evaluate the ef-
fectiveness of the proposed framework, we conduct a compre-
hensive ablation study in table IV focusing on the impact of
key components through the Fl-score: the multimodal trans-
former architecture, hierarchical feature aggregation, multitask
learning (MTL), and a comparison with a simple feature
concatenation baseline. Additionally, we include a direct com-
parison with [1], [9], [11], a recent state-of-the-arts model
for Emotion Recognition (GER). The comparison with state-
of-the-arts shows that the proposed framework outperforms
SCFA and VGAFNet across all datasets, achieving state-of-
the-art results. Its advanced feature extraction, effective fusion
mechanism, and multimodal transformer architecture enable
robust modeling of inter-modal dependencies, ensuring high
accuracy and reliability in group emotion recognition.

TABLE IV
COMPONENT-WISE EVALUATION
Model Variant MELD | IEMOCAP | VGAF
W/o MTL 70.6 73.2 70.1
W/o Hierarchical aggragation 68.9 70.7 68.0
W/o Transformer (simple concat) 65.8 68.4 66.1
[9] 63.69 66.42 -
[11] - - 71.16
[1] 70.1 76.2 65.7
Full Framework (Ours) 72.4 75.6 72.1

- Multimodal Transformer + Aggregation: Removing the hier-
archical aggregation leads to a substantial drop, especially in
MELD and IEMOCAP, indicating its effectiveness in modeling
inter-personal and inter-modal dependencies.

- MTL: The absence of multitask learning causes a perfor-
mance drop (approx. -1.8 F1 on MELD), validating that joint
learning of group and individual emotion benefits both tasks.
- Simple Concatenation: Using simple feature concatenation
significantly underperforms across all datasets, underscoring
the need for structured attention-based fusion.

- [1] vs. Our Framework: While [1] slightly outperforms us
on IEMOCAP (due to its tailored hierarchical encoding for
dyadic interactions), our framework delivers superior results
on MELD and VGAF, thanks to its scalable multimodal design
and broader task generalization.
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This study confirms that each component plays a criti-
cal role in the success of the framework. Regarding trans-
former depth, reducing the number of layers caused significant
performance drops, highlighting its importance in modeling
complex dependencies. Similarly, removing inter- or intra-
modal self-attention mechanisms led to degraded accuracy,
underscoring their necessity for capturing both inter- and
intra-modal relationships. For hierarchical aggregation, replac-
ing attention-based pooling with simple averaging reduced
performance, demonstrating the value of modeling interper-
sonal dynamics. Our hierarchical fusion strategy was also
compared to a baseline that merely concatenates features
from all individuals; results showed that hierarchical fusion
substantially outperforms this naive approach, emphasizing
the effectiveness of our design. Furthermore, eliminating the
group-level prediction task and training solely for individual
emotion recognition caused a performance decline ( 1.4% drop
in Fl-score), indicating that multitask learning enables shared
representations that benefit both tasks. While the framework
introduces moderate computational overhead—primarily from
its multi-branch encoders and hierarchical fusion—the trans-
former blocks account for most of the cost, with complexity
O(n%d) where n is the multimodal sequence length and d
the hidden dimension. Nonetheless, modality-specific encoders
and hierarchical aggregation mitigate unnecessary cross-modal
interactions, and the multitask head adds minimal overhead by
reusing shared parameters.

V. CONCLUSION

This paper introduced a novel multimodal framework for
group emotion recognition that leverages hierarchical fea-
ture aggregation and a transformer-based architecture. By
modeling intra- and inter-modal dependencies through self-
attention mechanisms and employing multitask learning for
joint individual and group emotion prediction, the framework
achieves superior performance across diverse datasets. The
inclusion of a learned separator token and attention masking
strategies enables scalable handling of variable group sizes.
Extensive experiments and ablation studies validate the ef-
fectiveness of each component, demonstrating the advantages
of our approach over existing baselines such as SCFA and
VGAFNet. The framework’s flexibility, scalability, and robust
performance position it as a promising solution for real-
world applications in group affective computing. Future work
will focus on enhancing temporal modeling and extending
to spontaneous multimodal group interactions in dynamic
environments.
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