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Abstract: Multimodal sentiment analysis (MSA) models often use simple integration methods that
overlook diverse intramodal relationships. Vietnamese, with its rich and complex grammatical and
lexical features, presents significant challenges. This paper proposes a new ViMACSA-GAT model
using a graph attention network with two parallel branches and a multimodal integration converter.
The model has the following main steps: The text modality branch employs the PhoBERT encoder
to process Vietnamese text, and the graph attention networks (GAT) model contextual dependencies.
For the image modality, the Image branch uses a vision transformer (ViT) to extract features, with
nodes representing both the global image and specific regions of interest (ROIs). Then, GAT is
used to capture the relationships between the extracted image elements. Next, using a cross-modal
transformer, deep merging is performed by simultaneously processing node-level representations
from both graphs, allowing for detailed intermodal alignment. The model is optimized with focal
loss to handle class imbalance and evaluated on the Vietnamese dataset called ViMACSA, achieving
advanced performance in Accuracy (Acc = 85.50%), Precision = 74.01%, Recall = 72.04%, F1-score
= 72.63%. The results evaluate the generality of the proposed model for Vietnamese MSA.

Keywords: Multimodal sentiment analysis, graph attention networks, multimodal fusion, vision
transformers, Vietnamese language processing, region of interest.

1. Introduction

Sentiment analysis is a key task in natural
language processing, aiming to identify and
categorize the sentiment or opinion expressed
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in text, such as positive, negative, or neutral
sentiment. With the development of social
media platforms, the field of sentiment analysis
has become important for applications such as
customer feedback analysis, market research,
and public opinion monitoring. Traditional
sentiment analysis is primarily based on text
data, but real-world communication often
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involves multiple modes, such as text combined
with images, videos, or audio. This has
spurred MSA, integrating information from
different modes to capture a more comprehensive
understanding of user intent and sentiment [1].
Currently, multimodal approaches have improved
performance by leveraging complementary
signals between modes, such as an image
accompanying a text post that can provide
visual context to clarify ambiguous sentiments
found only in text. GATs [2–6] address key
problems of MSA, such as efficiently modeling
complex relationships within methods and
between methods combined together. The
hardest problem in MSA is understanding
interactions. For example, a phrase ”Great trip!”
accompanied by a picture of a stormy day can
carry ironic connotations. GATs help capture
these nuances by constructing and analyzing
graphs representing multimodal data. However,
most advances in multimodal sentiment analysis
have focused on resource-rich languages like
English and Chinese, leaving resource-poor
languages like Vietnamese undervalued and less
popular. Vietnamese is particularly noteworthy
due to its tonal nature, syllabic structure, and the
frequent use of informal slang, abbreviations,
and spelling errors in the context of social media
[7]. These linguistic features complicate NLP
tasks, and the limited number of annotated
multimodal datasets restricts the development
of deep learning models for the Vietnamese
language. Addressing this gap through pre-
trained models on standard datasets such as
PhoBERT, a monolingual BERT-based model
pre-trained on a large Vietnamese corpus, has
improved performance for tasks such as part-of-
speech tagging and named entity recognition [8].
Similarly, the ViSoBERT model [7], specifically
designed for Vietnamese social media texts, has
improved the ability to handle informal language
and achieved good results in sentiment-related
tasks. However, multimodal sentiment analysis
for Vietnamese remains limited. Datasets

such as UIT-VSFC [9], containing over 16,000
student responses annotated by sentiment and
topic, provide a foundation for text analysis but
lack multimodal elements. The UIT-ViQuAD
Vietnamese machine-reading comprehension
dataset [10], with 23,000 question-answer pairs.
The ViMACSA multimodal aspect-category
sentiment analysis dataset [11], with text-image
pairs in the hotel sector, highlights the increasing
availability of resources. However, there is a need
for models that effectively combine multimodal
data while addressing the specific challenges of
the Vietnamese language.

This paper introduces a MSA model based on
graph convolutional neural networks, designed to
process Vietnamese data by modeling intermodal
interactions. We conduct experiments on a
multimodal Vietnamese dataset, evaluating the
model’s ability to integrate textual and visual
features to improve sentiment classification. The
main contributions of this paper include:

• Proposed multimodal processing model
based on a graph attention network.

• Deep merging mechanism using intermodal
transformers for multimodal Vietnamese
data, including images and text.

• Model optimized using focal loss to handle
class imbalance in the dataset.

• Model achieved experimental results on
the advanced ViMACSA dataset with an
accuracy of 85.50% and an F1-score of
72.63%.

The remainder of the paper is organized as
follows: Section 2 evaluates related works,
Section 3 describes the proposed model, Section
4 details the experimental setup and results, and
Section 5 concludes.

2. Related Work

MSA is a dynamic field of research that aims
to understand and categorize sentiment from a
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variety of data modes. Work in this field can be
categorized into several main approaches.

2.1. Approaches in Multimodal Sentiment
Analysis

Early studies on SA [12, 13] often focused
on unimodal approaches. Text-based sentiment
prediction is the most traditional and common
approach, exploiting linguistic content. Image-
based methods analyze visual elements such
as facial expressions, color, and context, while
sound-based methods use features such as tone
and pitch to identify sentiment. However,
relying solely on unimodal approaches is
often insufficient to predict the complexity of
human sentiment. Therefore, a multimodal
integration approach is needed for new research.
This approach integrates information from
two or more modes to provide more accurate
predictions [1]. Integration techniques vary
widely, from joining feature vectors (early
integration) to combining decisions from
individual models (late integration), and more
complex architectures such as tensor-based and
attention-based integration to model intermodal
interactions [14].

2.2. Applications of Graph Neural Networks in
Multimodal Learning

Graph Neural Networks (GNNs) [15] have
addressed many challenges in the field of
multimodal learning. GNNs allow modeling
multimodal data as graph structures. In
this, nodes can represent words, objects in
images, or different modes. The edges of
the graph represent the relationships between
these nodes. Variants of GNNs [16], such as
graph convolutional neural networks and graph
attentional networks, can learn context-dependent
representations, effectively capturing complex
interactions within the same mode and between
different modes. This approach is suitable
in MSA because it can model the interaction

between a word in a comment and a specific
object in the accompanying image.

In summary, advanced techniques such as
GNNs have been successfully applied in MSA
on resource-rich languages like English, but
there is still a research gap on Vietnamese data.
The Vietnamese language has unique linguistic
characteristics (isolating language, tones) and
informal expressions on social networks, creating
new challenges with unique characteristics [17].
Currently, to our knowledge, the number of
research works applying GCN or GAT to
Vietnamese multimodal data is still very limited.
The FCMF method [11] has pioneered the
proposal of an efficient model for merging two
methods, creating a standard for future research
on the ViMACSA dataset. However, building
a graph-based architecture to explicitly model
intramodal relationships for Vietnamese remains
a challenge. This paper aims to directly address
that problem, proposing a GAT-based architecture
to further exploit the multimodal data structures
of the Vietnamese language.

3. Proposed Method

3.1. Problem Statement
Consider a multimodal data sample from the

dataset D denoted as S = [XT ,XI], where:
XT ∈ RT×dT represents the text modality, T is
the number of tokens in the sentence or comment,
and dT is the hidden representation size of each
token; XI ∈ RNimg×dI represents the image
modality, Nimg is the number of images in sample
S , and dI is the size of the image feature vector.
The notation I (short for Image) represents the
entire image component associated with the post
or comment. Each data sample S (i) = [X(i)

T ,X
(i)
I ]

is associated with a corresponding sentiment
label y(i) ∈ Y = {negative, neutral, positive}.

The goal of the MSA problem is to determine
a parameterization mapping:

min
θ

1
N

N∑
i=1

L
(

fθ
(
X(i)

T ,X
(i)
I

)
, y(i)
)

(0)
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where ŷ is the sentiment label predicted by the
model and θ is the entire set of parameters to be
trained.

The problem is modeled as experimental risk
optimization on the dataset D = {(S (i), y(i))}Ni=1,
where N is the total number of training samples,
by minimizing the average loss function:

min
θ

1
N

N∑
i=1

L
(

fθ
(
X(i)

T ,X
(i)
I

)
, y(i)
)

(0)

where, L(·) is the loss function Focal Loss,
which helps reduce the influence of easy patterns
and focus on difficult patterns to address class
imbalance in sentiment data. In the proposed
model, the text component XT is represented
as a token-level graph to model contextual
relationships between words, while the image
component XI is represented as a region-level
graph to learn spatial relationships between
regions of interest (ROI) in the image. The
ultimate goal is to learn a unified multimodal
representation:

h = Fθ(XT ,XI) (0’)

where h is a composite feature vector containing
both linguistic and visual information, enabling
the model to accurately identify sentiment in
multimodal posts, even when the data is noisy or
partially missing information.

3.2. Overall Model Architecture
To address the challenges in MSA on

Vietnamese data, we propose a ViMACSA-GAT
architecture as shown in Figure 1, comprising
three main components: two parallel branches
for encoding features for text and images, a
transformer-based method merging module, and
a classification head for predicting sentiment.
The text processing branch is designed to
capture sequential contextual relationships
between words. Using the PhoBERT method, a
transformer model pre-trained for Vietnamese,
we extract text features to generate feature

vectors for each token. Instead of using a
dependency tree-based syntactic graph, which
often has high error rates on informally structured
social network evaluation data, we construct a
custom sequence graph with a neighborhood
window of k = 2. This design is calculated
based on the monosyllabic nature of Vietnamese,
where compound words are often composed
of two syllables. Connecting neighboring
nodes within a narrow range allows for this.
Through its attention mechanism, GAT enables
the model to automatically learn and assign
weights to important tokens, thereby effectively
capturing local semantic dependencies and
the lexical structures specific to Vietnamese.
As a result, GAT extracts context-rich node
representations before performing intermodal
interactions. These representations are then
aggregated to create a global representation
vector for the text. Simultaneously, the image
branch extracts visual features and models the
spatial relationships between objects. ViT is used
to extract features. The ROI features, together
with the global image features, are used to
construct a fully connected graph, which is then
fed into another GAT. This mechanism allows
the model to identify and focus on image regions
that have the most influence on overall sentiment.
Next, instead of using crude merging methods
(such as vector joining or feature addition),
we propose a deep cross-modal alignment
mechanism via a cross-modal transformer. Here,
the model doesn’t simply mix information but
maps node-level representations from text and
image graphs into a shared attention space. The
self-attention mechanism in the transformer
acts as a multi-dimensional correlation filter.
It allows each text token (e.g., “dirty room”)
to directly query and match its weights against
ROIs. This detailed alignment process helps
the model detect subtle inconsistencies (such as
irony) or complementarities between text and
image-features that traditional merging methods
often miss due to the loss of data locality.
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Finally, this representation is passed through a
classification head to predict logits for the three
sentiment classes. The entire model is optimized
using Focal Loss, which addresses the problem of
data imbalance by focusing on learning difficult
patterns.

To learn the mapping fθ, we propose the
architecture ViMACSA-GAT. The fθ model is
decomposed into three main components: (i) the
text processing branch ET with the representation
ZT = ET (XT ); (ii) the image processing branch
EI with the representation ZI = EI(XI); and (iii)
the fusion and classification module consisting of
Ffusion and Chead, where hfused = Ffusion(ZT , ZI)
and Logits = Chead(hfused). In the above notation,
XT and XI are the input data (section 3.1); ZT

and ZI are the node-level feature representations
from each branch (details in sections 3.3 and 3.4);
hfused is the final fusion vector representation
(section 3.5); and Logits is the output of the
classification layer (section 3.6).

3.3. Text Processing Branch

Assume the text input is a string of T tokens
W = {w1,w2, . . . ,wT } This token string is fed into
PhoBERT to extract the hidden representations as
follows:

Ht = PhoBERT(W) ∈ RB×T×dbert (1)

where Ht = {ht
1, h

t
2, . . . , h

t
T } is the string of

feature vectors; B is the batch size; and dbert is the
hidden dimension of PhoBERT (768).

Next, the chain graph Gt = (Vt, Et) is
constructed with tokens as nodes (Vt = Ht). The
adjacency matrix At is generated based on the
neighborhood window. The node representations
are updated via GATEncoder as follows:

Zt = GATEncoder(Ht, At) ∈ RB×T×dmodel (2)

where Zt = {zt
1, z

t
2, . . . , z

t
T } are the node

features after GAT, and dmodel is the hidden
dimension of model (256).

The global vector representing the text,
denoted tgraph, is obtained by masked mean
pooling on the nodes:

tgraph = MaskedMeanPooling(Zt) ∈ RB×dmodel

(3)

3.4. Image Processing Branch
Assume the input is a set of Nimg images, each

image containing R regions of interest (ROI).
Image features are extracted using ViT, where
each image Ik is fed into ViT to obtain a patch
feature grid Pk ∈ R(G×G)×dvit , with dvit being
the hidden dimension of ViT (768). For the
jth ROI region, the feature rk j is calculated by
averaging the patches belonging to that region. In
addition, a global node gk is created by averaging
all the patch features of the image. The node
representation for image Ik is defined as follows:

Hik = { gk, rk1, . . . , rkR } ∈ R(1+R)×dvit (4)

Next, the nodes in Hik are encoded using GAT.
A fully connected graph Gik is constructed,
where Afull is the corresponding adjacency
matrix. The node representations are updated by
GATEncoder:

Zik = GATEncoder(Hik , Afull) ∈ R(1+R)×dmodel

(5)
where dmodel is the hidden dimension of the model
(256). The global representation for each image
is obtained by mean pooling on the nodes. Then,
the final representation for all images in a sample
is calculated by averaging over Nimg images:

igraph =
1

Nimg

Nimg∑
k=1

MeanPooling
(
Zik
)
∈ RB×dmodel

(6)
where B is the batch size.

Additionally, ROI-level node representations
from the entire image are combined into a tensor
Zi ∈ RB×maxR×dmodel to serve the subsequent
merging steps. This study uses available ROI
labels from the ViMACSA dataset to ensure
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Figure 1. Overall architecture of the ViMACSA-GAT model.

accuracy in training and alignment; the graph
architecture of the Image branch is compatible
with automated extraction methods. In practical
applications, manual ROI labels can be replaced
with proposed regions from object detection
models such as Faster R-CNN or YOLO.
Additionally, the model can also be adapted to use
virtual nodes extracted from the regions with the
highest attention weight in the ViT attention map,
completely eliminating the reliance on manual
labeling while maintaining the ability to focus on
important local features.

3.5. Bimodal Fusion
The representations from the two branches

are combined with a special token [CLS] and type
embeddings Etype to form the merged input string:

S = [ xcls; Zt; Zi ] + Etype ∈ RB×(1+T+maxR)×dmodel

(7)
where B is the batch size, T is the number of
text tokens, and maxR is the maximum ROI. The
string S is then fed into the Transformer encoder
to model the cross-interaction between modalitys:

Hcross = TransformerEncoder(S ) ∈ RB×(1+T+maxR)×dmodel

(8)
In the Transformer output, the representation of
the token [CLS] (first position) is used as the final
merged vector representation:

clsout = Hcross[:, 0, :] ∈ RB×dmodel (9)

3.6. Classification Head

The vector clsout is passed through a feed-
forward neural network (FFN) to compute logits
for C = 3 of the sentiment class:

Logits = FFN
(
LayerNorm(clsout)

)
∈ RB×C (10)

3.7. Focal Loss Function

The Focal Loss function is defined as follows:

FL(pt) = −αt(1 − pt)γ log(pt) (11)

where:

• pt is the model’s prediction probability for
the correct class;

• γ is the focusing parameter, with γ ≥ 0;

• αt is the balancing coefficient to handle
imbalances between classes.

3.8. ViMACSA-GAT Algorithm

The following algorithm summarizes the
complete processing pipeline of the proposed
model, clearly illustrating the input–output
relationships among its components.
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Algorithm 1 ViMACSA-GAT Model
Require: Dtext: Text comment dataset; Dimg: Image

list dataset; Droi: ROI dataset; θ: Model
parameters

Ensure: Ŷ: Predicted label vector
1: Main-Procedure:

MSA Pipeline(Dtext,Dimg,Droi, θ)
2: // Stage 1: Data Preparation
3: dataset← ViMACSADataset(Dtext,Dimg,Droi)
4: dataloader ← DataLoader(dataset, collate fn =

CollateFn)
5: // Stage 2: Batch Processing
6: for each batch in dataloader do
7: input ids, att mask ←

batch[′input ids′], batch[′attention mask′]
8: px values list, roi lists ←

batch[′pixel values list′], batch[′roi lists′]
9: // Step 2.1: Intra-modal Encoding

10: t nodes, t mask ←

TextBranch(input ids, att mask)
11: i nodes, i mask ←

ImageBranch(px values list, roi lists)
12: // Step 2.2: Cross-modal Fusion
13: clsout ← CrossModalFusion(t nodes, t mask,

i nodes, i mask)
14: // Step 2.3: Classification
15: logits← ClassificationHead(clsout)
16: ŷbatch ← arg max(softmax(logits))
17: Append ŷbatch to Ŷ
18: end for
19: return Ŷ

4. Experimental Setup

4.1. Dataset Characteristics

In this study, we employ the ViMACSA [11]
which is a novel multimodal dataset for sentiment
analysis in Vietnamese. ViMACSA is built in
the context of the hotel industry, where customer
experiences and sentiments are often expressed
simultaneously through text and images. The
dataset includes 4,876 text-image pairs, collected
from online review and experience-sharing
platforms. A special feature of ViMACSA is
that in addition to the overall sentiment label, the
data also comes with 14,618 detailed annotations
assigned specifically to both text and images.

Algorithm 2 Text Branch
Require: input ids, att mask
Ensure: Tnodes, att mask

1: Ht ← PhoBERT(input ids, att mask)
2: At ← ConstructChainGraph(Ht)
3: Tnodes ← GATEncoder(Ht,At)
4: return Tnodes, att mask

Algorithm 3 Image Branch
Require: px values list, roi lists
Ensure: Inodes batch, corresponding mask

1: Inodes batch ← [ ]
2: for each (sample imgs, sample rois) do
3: Hi

sample ← [ ]
4: for each (img, rois) do
5: P← ViT(img)
6: Hi ← ROIPooling(P, rois)
7: Ai ← ConstructFullyConnectedGraph(Hi)
8: Zi ← GATEncoder(Hi,Ai)
9: Append Zi to Hi

sample
10: end for
11: Inodes padded ← PadOrTruncate(Hi

sample)
12: Append Inodes padded to Inodes batch

13: end for
14: return Inodes batch, corresponding mask

This allows the model to learn not only general
sentiment but also to delve deeper into the
relationship between language and visuals. The
training dataset consisted of 2,876 reviews, with
an average length of approximately 42.42 words,
each containing an average of 3.01 sentimental
aspects, 6,421 positive labels, 1,402 neutral
labels, and 830 negative labels, accompanied
by 5,428 images and 8,656 ROI. The validation
dataset consisted of 1,000 reviews, with an
average length of 39.36 words, an average of 2.98
sentimental aspects per review, 2,230 positive
labels, 463 neutral labels, and 291 negative labels,
along with 1,789 images and 2,880 ROI. The
test set also included 1,000 reviews, with an
average length of 42.17 words, an average of
2.98 aspects per review, 2,178 positive labels, 485
neutral labels, 318 negative labels, along with
1,841 images and 3,097 ROI.
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4.2. Implementation Details
This study employs the following training

configurations. The model is trained for 20
epochs, representing the maximum number of
full passes over the training dataset. Early
stopping with a patience of 8 is applied; training
terminates if the F1-score on the validation set
does not improve for 8 consecutive epochs, which
helps prevent overfitting and reduces unnecessary
computational cost.

A batch size of 16 is used, indicating the
number of samples processed in each parameter
update step. The initial learning rate is set
to 1 × 10−5 using the AdamW optimizer, a
commonly adopted small learning rate for fine-
tuning transformer-based models. The learning
rate is decayed by 20% after each epoch, with
a decay factor γ = 0.8, to facilitate better
convergence in later training stages.

To address class imbalance, we adopt the
focal loss function. The focusing parameter γ is
set to 2.0 to emphasize hard-to-classify samples,
while the balancing parameter α is fixed at 1.0,
implying no additional class-wise weighting.

For the GAT and cross-modal transformer
layers, the hidden size is set to 256, with 2 layers
and 4 attention heads. The maximum text length
is limited to 128 tokens, and longer comments are
truncated accordingly. To ensure reproducibility,
the random seed is fixed at 42. The model
is implemented in PyTorch and trained on an
NVIDIA GeForce RTX 4070 Ti SUPER GPU.

4.3. Evaluation Metrics
Accuracy (Acc): is defined as the ratio of

correctly predicted samples to the total number
of samples in the dataset:

Acc =
Number of correctly predicted samples

Total number of samples
(12)

Precision, Recall, and F1-score: These
metrics provide a comprehensive evaluation of
the model’s performance across classes. In this

multi-class classification task (Negative, Neutral,
Positive), we adopt the macro-average scheme,
where the metric is computed independently for
each class and then averaged without weighting.
This ensures that all classes contribute equally,
regardless of their frequency.

• Precision: Measures the reliability of
positive predictions. High precision for a
class indicates that when the model predicts
a sample as belonging to that class, it is
likely to be correct.

• Recall: Measures the model’s ability to
identify all true positive samples. High
recall indicates that most actual samples of
a class are correctly detected.

• F1-score: The harmonic mean of Precision
and Recall, providing a balanced evaluation
metric. It is the primary metric used
in this study to compare overall model
performance.

F1-score = 2 ×
Precision × Recall
Precision + Recall

(13)

4.4. Experimental Results and Discussion
After the training process, the ViMACSA-

GAT model performed best on the test set
(selected based on the highest F1-score on the
test set). Table 1 summarizes the model’s final
performance.

The model achieved an overall F1-score of
72.63%, demonstrating balanced classification
across sentiment classes. The 85.50% accuracy
also confirms the superior performance of the
proposed model. Although the results were
recorded in the hotel sector, the model’s high
performance is partly due to PhoBERT’s ability
to extract generalized features for text and ViT
for images. This suggests that the model has the
potential to maintain stable performance when
applied to other multimodal data domains with
similar linguistic characteristics.
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Table 1. Performance comparison of ViMACSA-GAT with baseline models on the ViMACSA dataset

Modality Model Precision Recall F1-score (%) Accuracy (%)
Text MemNet* 57.71 51.53 51.88 –

GCAE* 61.92 54.06 55.39 –
IAN* 65.02 59.05 60.28 –

Text + Visual ESAFN* 64.70 59.79 60.32 –
MIMN* 67.01 62.74 63.73 –
MACSA-LSTM* 72.53 69.04 69.54 –

Text RoBERTa* 66.76 61.69 62.53 –
LCF-RoBERTa* 73.63 69.69 70.96 –

Text + Visual FCMF* 81.43 78.80 79.73 –
ViMACSA-GAT (ours) 74.01 72.04 72.63 85.50

*Results are reported from FCMF [11].

4.5. Ablation Study
To verify the contribution of each component

in the proposed ViMACSA-GAT architecture, we
conduct an ablation study in which key modules
are systematically removed or replaced, and the
model performance is re-evaluated accordingly.
The results are reported in Table 2

Analysis of the results in Table 2 and Figure
2 shows:

• Text branch ablation: When using only
image information, performance decreased
most significantly (Acc = -7.1% and F1
= -25.76%). This confirms that text
information plays a crucial role and provides
indispensable supporting emotional signals.

• Image branch ablation: When using only
text information, performance decreased
significantly (Acc = -1.1% and F1 =
-3.01%). This confirms that image
information and the objects within it play
a crucial role and provide indispensable
supplementary emotional signals.

• Cross-modal transformer ablation: When
replacing the Transformer merging module
with a simpler method of concatenating
the two image and text feature vectors and
passing them through a feedforward network

(FFN), performance decreased (Acc= -1.1%
and F1 = -4.47%). This result demonstrates
that the cross-attention mechanism in the
transformer is effective at capturing complex
interactions between the two modalities,
outperforming simple fusion methods.

• GAT ablation in both branches: When
replacing the GAT encoders in both branches
with simple mean pooling, performance
decreased (Acc = -1.1% and F1 = -2.54%).
This demonstrates the importance of GAT in
modeling intramodal relationships between
words in text and between regions in images
to learn matching feature representations
efficiently.

In summary, the excisional experimental
portion of this study confirms that all proposed
components, including both processing branches,
the graph attention mechanism, and the
transformer unification module, contribute
positively to the model’s final performance.

5. Conclusions and Future Work

This paper introduces the ViMACSA-
GAT architecture, which effectively combines
graph attention networks and transformers to
address the challenge of Vietnamese text and
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Table 2. Results of the ablation study

Model Acc (%) Prec. Rec. F1 (%)
Full model (ViMACSA-GAT) 85.50 74.01 72.04 72.63
Without Text Branch 78.40 57.65 45.50 46.87
Without Image Branch 84.40 69.29 70.04 69.62
Without Cross-Modal Transformer 84.40 68.09 68.24 68.16
Without GAT (Mean Pooling) 84.40 71.85 69.00 70.09

Figure 2. Comparison of model performance.

image datasets the first of its kind in the field
of MSA, to our knowledge. Experimental
results show that the model achieves good
performance with an accuracy of Acc = 85.50%
and F1-score = 72.63%. Component removal
studies convincingly demonstrate that the
integration of image information, text, relational
modeling using GAT, and the transformer
merging mechanism are all core components
that directly contribute to the model’s success.
This paper affirms the potential of combining
graph architectures and attention mechanisms for
complex MSA problems. In the future, research
will extend the evaluation of ViMACSA-GAT
to Vietnamese multimodal datasets across
various fields to verify its generalizability.
Simultaneously, domain-adaptive approaches
and less pattern learning will be studied to

reduce reliance on large annotation datasets.
Furthermore, integrating an automatic object
detection module and further exploiting the
cross-attention mechanism between text and
images is expected to help build a multimodal
end-to-end sentiment analysis system, enhancing
its applicability in real-world scenarios.
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