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Abstract

Recent advancements in Aspect-Based Senti-
ment Analysis (ABSA) have shown promising
results, yet the semantics derived solely from
textual data remain limited. To overcome this
challenge, we propose a novel approach by
venturing into the unexplored territory of gen-
erating sentimental images. Our method intro-
duce a synthetic image generation framework
tailored to produce images that are highly con-
gruent with both textual and sentimental in-
formation for aspect-based sentiment analysis.
Specifically, we firstly develop a supervised
image generation model to generate synthetic
images with alignment to both text and sen-
timent information. Furthermore, we employ
a visual refinement technique to substantially
enhance the quality and pertinence of the gen-
erated images. After that, we propose a multi-
modal model to integrate both the original text
and the synthetic images for aspect-based sen-
timent analysis. Extensive evaluations on mul-
tiple benchmark datasets demonstrate that our
model significantly outperforms state-of-the-
art methods. These results highlight the ef-
fectiveness of our supervised image generation
approach in enhancing ABSA.

1 Introduction

Aspect-based sentiment analysis (ABSA) repre-
sents a fine-grained approach to text sentiment
analysis, which pinpoints sentiment information
pertinent to specific aspects and offers businesses
and organizations deeper market insights. (Pon-
tiki et al., 2014) ABSA is commonly divided into
two independent subtasks: Aspect Term Extrac-
tion (ATE) and Aspect Sentiment Classification
(ASC). ATE aims to extract all aspect terms from
a given text, while ASC is concerned with deter-
mining the sentiment polarity of each aspect (Ju
et al., 2021).

Previous studies have demonstrated significant
advancements in ABSA by utilizing pre-trained
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Figure 1: An example of the synthetic image genera-
tion for aspect-based sentiment analysis.

encoder-decoder language models (Zhang et al.,
2021a). These studies have adopted various strate-
gies, treating the class index (Yan et al., 2021), nat-
ural language descriptions (Zhang et al., 2021a),
or the desired sentiment element sequence (Zhang
et al., 2021b; Bao et al., 2022; Gou et al., 2023) as
the target for the generation model. Despite their
effectiveness, most of these studies have been lim-
ited to raw input textual data, neglecting other ad-
ditional data sources that could enrich and com-
plement textual ABSA systems.

Therefore, an increasing number of methods
have begun to incorporate image information to
enhance the performance of the ABSA task (Ling
et al., 2022; Zhou et al., 2023; Yang et al., 2024b).
Integrating image information can offer several
advantages. For one, visual elements can provide a
more intuitive and vivid understanding of the text
content, especially when dealing with complex
sentiment expressions. Images can also capture
subtle emotional cues that might be overlooked in
text alone, thereby enriching the sentiment analy-
sis process. However, for original texts, it is a dif-
ficult endeavor to collect and acquire correspond-
ing image information. Furthermore, numerous
original texts lack directly corresponding images.
Thus, it is essential to generate images based on
the original texts.
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Nevertheless, directly generating images that
correspond to the original text presents multiple
challenges. Firstly, the generated images must be
relevant to the original text not only in a literal
sense but also in terms of sentiment. Secondly,
it is desirable for the generated images to incor-
porate additional information that can aid in senti-
ment analysis.

To tackle these challenges, we introduce syn-
thetic image generation framework tailored to pro-
duce images that are highly congruent with both
textual and sentimental information for aspect-
based sentiment analysis, as shown in 1. Specif-
ically, our framework is divided into two stages:
In the first stage, we develop a supervised im-
age generation model to generate synthetic images
with alignment to both text and sentiment informa-
tion. Moreover, we employ visual refinement tech-
niques to enhance the synthetic images by high-
lighting regions relevant to sentiment information
and masking irrelevant areas, thereby enabling the
images to focus more closely on sentiment-related
visual cues.

Subsequently, we propose a multi-modal model
that combines the original text with the syn-
thetic images for aspect-based sentiment analy-
sis. Extensive experimental evaluations demon-
strate that our model significantly outperforms ex-
isting state-of-the-art methods on multiple bench-
mark datasets, opening a new avenue for multi-
modal sentiment analysis and enhancing large lan-
guage models’ capabilities in visual-text under-
standing.

2 Related Works

In this section, we introduce two related topics of
this study: aspect-based sentiment analysis, and
multi-modal sentiment analysis.

2.1 Aspect-based Sentiment Analysis

Recent studies using pre-trained encoder-decoder
language models show great improvements in
ABSA (Zhang et al., 2021a). They either treated
the class index (Yan et al., 2021), natural lan-
guage (Zhang et al., 2021a), or the desired sen-
timent element sequence (Zhang et al., 2021b;
Peper and Wang, 2022; Lee and Kim, 2023) as the
target for the generation model.

With the development of pre-trained models, re-
searchers are designing more complex architec-
tures. Some works combine graph neural net-

works with semantic knowledge (Chen et al.,
2024; Bao et al., 2023b; Song et al., 2024), while
others replace syntactic trees with abstract mean-
ing representations and enhance self-attention
with semantic relations (Ma et al., 2023). In ad-
dition, reasoning chains based on syntax-opinion-
sentiment (Bai et al., 2024) and soft prompt meth-
ods (Fan et al., 2025) have been proposed to better
capture sentiment information and improve few-
shot performance.

2.2  Multi-modal Sentiment Analysis

Multi-modal Aspect-Based Sentiment Analysis
(MABSA) integrates multiple modalities to en-
hance sentiment analysis by leveraging comple-
mentary information (Yang et al., 2022; Ju et al.,
2021). Existing studies combine text with im-
ages (Zhou et al., 2023; Ling et al., 2022), au-
dio (Yao et al., 2021), or video (Zhang et al., 2023;
Yang et al., 2023), enabling richer emotional un-
derstanding beyond single-modality features.

Among these, text-image fusion has attracted
increasing attention for its broad applications. Re-
searchers have improved sentiment fusion through
attention-based matching (Zhao et al., 2022;
Xiao et al., 2023), cross-modal contrastive learn-
ing (Yang et al., 2024b), fine-grained joint learn-
ing (Ju et al., 2021), dual encoders with align-
ment (Yu et al., 2022), and multi-granularity de-
noising (Zhao et al., 2023).

Different from previous studies, we pioneer the
use of generated visual content to enhance textual
ABSA, achieving superior extraction performance
and expanding visual augmentation to pure-text
scenarios.

3 Synthetic Image Generation

As illustrated in Figure 2, we introduce a synthetic
image generation framework tailored to produce
images that are highly congruent with both textual
and sentiment information for aspect-based senti-
ment analysis.

Specifically, our framework is divided into two
stages: In the first stage, we develop a supervised
image generation model to generate synthetic im-
ages aligned with both text and sentiment. Fur-
thermore, we employ a visual refinement tech-
nique to substantially enhance the quality and per-
tinence of the generated images, ensuring they
more accurately reflect the aspects and sentiments
conveyed in the original text.
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3.1 Supervised Synthetic Image Generation

In this subsection, we introduce a novel supervised
image generation framework that aims to generate
synthetic images with alignment to both text and
sentiment information. Specifically, our frame-
work encompasses the construction of a high-
quality training dataset and the fine-tuning of a
pre-trained image generation model. The fine-
tuned model produces images closely correspond-
ing to the input text and sentiment.

Sentiment-Aware Training Data Construction

To effectively fine-tune the image generation
model, it is essential to construct a high-
quality sentiment-aware training dataset compris-
ing text-image pairs. As illustrated in Figure 3,
we begin by leveraging a multi-modal learning
model! (Dong et al., 2024) to analyze raw images
and texts, generating pseudo-labels that encapsu-
late various aspects and their corresponding senti-
ment polarities.

"https://huggingface.co/internlm/
internlm-xcomposer2-vl1-Tb

UNet predict
‘C mse ‘

VAE encoding and gradually adding noi

Figure 4: An example of supervised image generation.

Subsequently, we input the raw images, along
with their associated aspect terms, into an object
detection model®> (Minderer et al., 2023). This
model is utilized to detect and crop the target
region images (I.) that are pertinent to the as-
pect terms. These cropped images are then paired
with their corresponding texts, forming the train-
ing dataset necessary for fine-tuning the image
generation model.

To further enhance the model’s generalization
capabilities, we augment the training data through
techniques such as random cropping and rotation
of the images. This augmentation helps to prevent
overfitting and bolsters the model’s robustness.

Fine-tuning for Synthetic Image Generation

Next, we fine-tune the Stable Diffusion
model® (Rombach et al., 2022) to generate the
synthetic images based on the above sentiment-

https://huggingface.co/google/
owlv2-base—-patchlé6—-ensemble

3https ://huggingface.co/CompVis/
stable-diffusion-vl-4
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aware training dataset. The fine-tuning process is
shown in Figure 4.

In particular, we employ the Low-Rank Adap-
tation (LoRA) (Hu et al.,, 2021) method for
parameter-efficient fine-tuning of the pre-trained
Stable Diffusion model. The specific process is as
follows: first, we load the pre-trained weights of
the base model, including the text encoder (CLIP),
the variational autoencoder (VAE), and the UNet
diffusion model, while freezing all parameters of
the base model. Next, we insert trainable LoRA
layers only in the attention module of the UNet,
setting the rank of the low-rank matrices to 4 and
initializing them using a Gaussian distribution.

The training images = processed in the previous
step are resized to a resolution of 512 x 512, fol-
lowed by center cropping and random horizontal
flipping for augmentation, and then compressed
into latent variables using the VAE encoder:

z = VAEepc(z) (1)

The input text 7" is converted into an ID se-
quence using the CLIP tokenizer:

t = CLIPtokenizer(T) (2)

We use the AdamW (Loshchilov and Hutter,
2017) optimizer with an initial learning rate of le-
5 and a batch size of 4. The loss is calculated using
the mean squared error (MSE) of the noise predic-
tion:

ﬁmse:”‘(j_gH% (3)

where & represents the predicted noise and £ rep-
resents the true noise.

Through this fine-tuning process, we iteratively
optimize the image generation model, enabling it
to effectively capture the semantic relationships
between text and images.

3.2 Visual Refinement for Synthetic Image

After generating the synthetic images, we intro-
duce a visual refinement technique to significantly
improve the quality and relevance of the generated
images, making them better aligned with the as-
pects and opinions expressed in the original text.

As illustrated in Figure 5, we develop a vi-
sual cue module that integrates an advanced form
of fine-grained visual prompting with attention
heatmaps. This module is guided by textual
queries, ensuring that the visual enhancements are
tightly coupled with the textual content.
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Figure 5: An example of visual refinement for synthetic
image.

Fine-Grained Visual Prompting

We firstly introduce the fine-grained visual
prompting module designed to improve the quality
of generated synthetic images. This module em-
ploys color-based prompting techniques to differ-
entiate entities associated with various sentiment
polarity within the images.

Given the synthetic image I;, we use the Seg-
ment Anything Model (SAM) (Kirillov et al.,
2023) to generate semantic segmentation masks
for the image:

M = SAM(I,) %)

where M € RN*HXW represents the generated
semantic masks, /N is the number of masks, and
H and W denote the height and width of the im-
age, respectively. Unlike traditional box-based or
circle-based prompting methods, semantic masks
can precisely capture target contours, reduce back-
ground interference, and preserve global contex-
tual information.

Then, we calculate the similarity between the
pseudo-label query (jqpe; and the masked region
based on the semantic mask M, and perform
matching to generate the visual prompt map I,

I, = FGVP(M, Qiaet) )

Meanwhile, masks are applied to the synthe-
sized images based on the sentiment polarity in the
pseudo-labels, with the drawing strategy detailed
in Figure 5.
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Attention Prompt on Image

To further improve the quality and relevance of the
generated images, we integrate Attention Prompt-
ing on Image (API) technology. This approach en-
hances the model’s understanding of visual infor-
mation by leveraging pseudo-label-guided atten-
tion heatmaps. Utilizing the visual prompt map
I, and the pseudo-label text query Qiqper, We gen-
erate attention heatmaps [, that are pertinent to as-
pects and sentiments:

Ia = CLIP<Ipa Qlabel) (6)

Then, the attention heatmap I, is multiplied by
the pixel values of the input image I, to generate
the attention prompt image I sp;:

IAp[:Ip@Ia @)

where © denotes multiplication of pixel values.

4 Aspect-based Sentiment Analysis with
Synthetic Image

After we obtain the generated synthetic images
with visual refinement, we propose a multi-modal
aspect-based sentiment analysis model to integrate
both original text and the synthetic images.

4.1 Image and Text Encoding

We firstly utilize CLIP (Radford et al., 2021) as
the generated image encoder to acquire the visual
representation. For a given input image I, it is
initially resized to a fixed resolution and subse-
quently partitioned into P x P non-overlapping
image patches. Each of these image patches is
then transformed into the feature space via a linear
embedding process, yielding a sequence of image
patch representations:

xy[i] = W - Flatten(P[i]) + b (8)

where x, denotes the encoded image sequence,
W e RPXx(P20) represents the weight matrix, and
b € RP is the bias vector.

Subsequently, we employ MLLM (Dong et al.,
2024) as our text encoder as well as the modality
fusioner. We specifically craft fusion instructions
in natural language, which are intended to direct
the visual language model in the fusion of visual
inputs:

x¢[i] = TextTokenizer(token][i]) )
(10)

where z; stands for the encoded text sequence.

T =[xy, T4

Twitter-2015 | Twitter-2017

Train Dev Test‘ Train Dev Test

928 303 317|1,508 515 493
1,883 670 607 |1,638 517 573
149 113 | 416 144 168

Positive
Neutral
Negative 368

Table 1: Statistics of the two benchmark datasets.

4.2 Decoding

The enhanced image [ 4p; and text 1" are encoded
by Ej(-) and Ep(-), respectively. Their features
undergo cross-modal interaction () and are pro-
jected into a joint representation via an MLP:

husion = MLP (EI(IAPI) @ ET(T)) (11)

The decoder predicts the probability distribu-
tion of the current word conditioned on the fused
feature hgysion and the previously generated se-
quence y;:

P(yz | Y<i, hfusion) = DeCOder(y<ia hfusion) (12)

The final hidden state is linearly mapped to pre-
dict the vocabulary distribution, completing the
multi-modal sentiment analysis.

4.3 Training

To optimize the model’s performance, we adopt
the cross-entropy loss function as the main objec-
tive for the sentiment classification task, defined
as follows:

N S
1
r— -5 ; tzllogP(yt’Zkt’X)

(13)

where y; denotes the ¢-th word in the target se-
quence, P is the conditional probability, S is the
length of the output sequence, and N is the batch
size.

S Experiments

In this section, we introduce the datasets used for
evaluation and the baseline methods employed for
comparison. We then report the experimental re-
sults conducted from different perspectives, and
analyze the effectiveness of the proposed model
with different factors.
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5.1 Settings

We utilize two publicly available Twitter datasets,
Twitter-2015 and Twitter-2017, originally intro-
duced by Yu and Jiang (2019). As shown in Ta-
ble 1, a substantial proportion of sentences in both
datasets contain multiple aspects, making them
well-suited for our aspect-based analysis.

Our proposed model is based on InternL.M-
XComposer2-VL (Dong et al., 2024) and fine-
tuned using LoRA. We optimize the adapter pa-
rameters via grid search on the validation dataset,
setting the LoRA alpha to 8 and the LoRA rank
to 64. The model parameters are updated using
the Adam optimizer (Kingma and Ba, 2014) with
a learning rate of 5e-5. We use a batch size of 1, a
maximum token length of 4096, and an image size
of 490 x 490. All experiments are conducted on
an Nvidia RTX 4090 GPU.

We evaluate the performance of our model on
the JIMABSA task using Micro-F1 score (F1), Pre-
cision (P), and Recall (R). A sample is considered
correctly predicted only if both the aspect term and
its corresponding polarity match the ground truth.

5.2 Main Results

To evaluate the proposed model, we implement
several aspect-based sentiment analysis baseline
models for comparison, including SPAN (Hu
et al., 2019), D-GCN (Chen et al., 2020),
GAS (Zhang et al., 2021c), Parapharse (Zhang
et al, 202la), OTG (Bao et al.,, 2023a),
FaiMA (Yang et al.,, 2024c), BART (Lewis
et al., 2020), Deepseek-llm (Bi et al., 2024),
Qwen (Yang et al., 2024a), LLaMA (Al@Meta,
2024), and ChatGPT (OpenAl, 2024).

According to Table 2, traditional methods (such
as SPAN and D-GCN) typically rely on graph
neural networks or sequence models to model lo-
cal text structures, but their generalization abil-
ity is limited by the scale of the data and the de-
sign of the tasks. Improvement methods based
on pre-train models such as OTG, Paraphrase, and
FaiMA demonstrate stronger generalization capa-
bilities compared to traditional approaches by in-
corporating attention mechanisms and semantic
reconstruction strategies. But these methods still
exhibit limitations in modeling long-range emo-
tional dependencies. New-generation large lan-
guage models(LLMs) like LLaMA-3 and GPT-4o,
trained on large-scale and diverse data, possess
stronger text understanding and generation capa-

bilities compared to past pure text models. How-
ever, they still primarily rely on textual informa-
tion and struggle to capture complex emotions
across modalities.

Our proposed model achieves the best results
and significantly outperforms all other models
(p < 0.05). This indicates that our approach,
through supervised image generation and visual
refinement, can generate high quality synthetic
images for aspect-based sentiment analysis. Ad-
ditional results on the aspect sentiment triplet ex-
traction task are reported in Appendix A.

5.3 Impact of Supervised Synthetic Image
Generation

To investigate the impact of different synthetic im-
age generation methods on the experimental re-
sults, we designed the following experiment. As
shown in Table 3, the “Direct (Raw)” approach in-
volves generating images directly from the raw,
unprocessed textual input. In contrast, the “Di-
rect (Prompt)” method utilizes prompts gener-
ated by a large language model(LLM) (OpenAl,
2024) to synthesize the corresponding images. For
the supervised generation experiments, we em-
ployed three distinct image augmentation strate-
gies: “Object” (Object Detection), where training
images are cropped based on detected object re-
gions; “Random” (Random Cropping), which ap-
plies stochastic cropping for data augmentation;
and “Ours” a composite approach that integrates
all augmentation strategies to enhance model ro-
bustness and generalization.

The results indicate that incorporating visual
features via generated images significantly im-
proves performance. However, the gap between
using raw text and prompts generated by LLMs
remains relatively small.

Therefore, we aim to further enhance the quality
of synthesized images through a supervised gener-
ation strategy. Although the basic supervised ap-
proach underperforms compared to direct genera-
tion, the gradual introduction of object detection
and random cropping leads to consistent perfor-
mance gains, ultimately surpassing direct genera-
tion methods. The complete method achieves the
best overall results, demonstrating the effective-
ness of each component.

5.4 Influence of Visual Refinement Strategies

To assess the contribution of visual refinement
strategies, we conduct a set of comparative exper-
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Twitter-2015 | Twitter-2017
Method P R FI| P R FI
SPAN'* 537 539 538|596 617 60.6
D-GCN* 583 588 594|642 641 64.1
FaiMA 594 628 61.1|676 619 646
GAS 66.5 654 66.0 | 639 644 642
Parapharse 66.5 66.2 663 | 652 658 655
OTG 671 651 66.1 | 668 675 672
BART* 629 650 63.9[652 656 654
Deepseck-llm  63.6 657 64.6 | 655 67.7 66.6
Qwen-2.5 642 664 652|668 69.0 67.9
Llama-3 662 685 673|688 689 688
GPT-40 651 656 654|693 703 698
Ours 68.1 719 70.0 [ 729 742 735

Table 2: Comparison with baselines. *denotes the results from Zhou et al. (2023). The best results are bold-typed.

Method Twitterl5 Twitterl7 Methods Twitterl5 Twitterl7

Text-only 67.2 67.2 Text-only 67.2 67.8
with Synthetic Images with Images

Direct (Raw) 68.3 71.0 Original 67.9 71.0
Direct (Prompt) 67.9 71.6 +Visual 69.0 72.1
Supervised 66.7 71.7 +Attention 69.5 72.4
+Object 67.6 71.7 Synthetic 68.8 72.1
+Random 68.8 72.1 +Visual 69.9 71.4
Ours 70.0 73.5 +Attention 70.0 73.5

Table 3: Impact of different synthetic image generation
methods.

iments. As shown in Table 4, “Original” refers
to directly using original images, while “Syn-
thetic” denotes using supervised synthetic im-
ages. “Visual” and “Attention” correspond to the
fine-grained visual prompting and image attention
prompting introduced in Section 3.2, respectively.

The experimental results demonstrate that both
fine-grained visual prompting and image attention
prompting strategies effectively enhance the utility
of both original and synthetic images for aspect-
based sentiment analysis. These findings suggest
that visual refinement strategies are indeed valu-
able for capturing sentiment-relevant information,
thereby facilitating the reconstruction of images to
better support sentiment analysis tasks.

5.5 Visual Augmentation Comparison

We compare various image augmentation ap-
proaches, which fall into two categories: original

Table 4: Results of visual refinement strategies.

visual augmentation (augmented images are user-
posted), including JML (Ju et al., 2021), VLP-
MABSA (Ling et al., 2022), AoM (Zhou et al.,
2023), and CORSA (Liu et al., 2025); and gen-
erated visual augmentation (augmented images
are synthesized), represented by SIG4ABSA (Bao
et al., 2025).

As shown in Table 6, generated visual augmen-
tation methods consistently outperform original
ones, suggesting that synthesized images provide
more explicit, sentiment-related visual cues that
effectively complement textual inputs.

In particular, our method achieves the best per-
formance on both datasets, surpassing not only all
original augmentation methods but also the state-
of-the-art generated method, SIG4ABSA. This
demonstrates the effectiveness of our proposed ap-
proach, which is able to precisely locate key image
regions and highlight sentiment-related informa-
tion, thereby leading to superior multimodal senti-
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Original Text

Synthetic Image

Results

Former @ PracticeFusion CEO
Ryan Howard turns painful
lessons into new #startup

Golden: (Ryan Howard, Pos)
Baseline: (Ryan Howard, Neu)
Ours: (Ryan Howard, Pos)

Mad that this guy used to be
the world’s best footballer!!
#R9 #ronaldo

Golden: (R9, Neg), (ronaldo, Neg)
Baseline: (R9, Neu), (ronaldo, Pos)
Ours: (R9, Neg), (ronaldo, Neg)

Table 5: Examples of case study.

Augmentation Type Method Twitterl5 Twitterl7
JML 64.1 66.0
. . VLP-MABSA 66.6 68.0
Original Visual AoM 63.6 677
CORSA 69.9 70.6
. SIG4ABSA 67.8 69.0
Generated Visual Ours 70.0 73.5

Table 6: Results of different visual augmentations.

Model Twitterl5  Twitter17
LLaVA
Text-only 66.8 69.7
+Original Image 68.3 70.3
+Synthetic Image 69.0 71.5
Qwen
Text-only 65.2 67.9
+Original Image 68.8 70.5
+Synthetic Image 69.7 72.0
InternLM
Text-only 67.2 67.8
+Original Image 67.9 70.9
+Synthetic Image 70.0 73.5

Table 7: Results with different multi-modals models.

ment analysis results.

5.6 Results with Different Multi-Modals
Models

In this section, we compare several multi-
modals models under different input configura-
tions, including LLaVA-1.5 (Liu et al., 2024),
Qwen2.5 (Yang et al., 2024a), and InternL.M-
XComposer2 (Dong et al., 2024).

As shown in Table 7, all models benefit from
visual inputs, with our generated synthetic images
consistently yielding the best performance. This
demonstrates the robustness and effectiveness of
our synthetic image generation strategy in pro-
viding sentiment-relevant visual cues. Compared

to original images, our synthesized images offer
more focused and sentimental content, leading to
more accurate sentiment predictions. These find-
ings highlight the value of task-specific image syn-
thesis in multi-modal sentiment analysis.

5.7 Case Study

As shown in Table 5, we present a case study com-
paring our method with a baseline that performs
sentiment analysis based solely on text.

In the first example, when only text features
were used, the model predicted “Ryan Howard”
as neutral. This misclassification indicates that
text alone may not provide sufficient cues to
clearly distinguish sentiment. The phrase “painful
lessons” may introduce ambiguity, leading the
model to interpret the statement as neutral rather
than positive. After incorporating the enhanced
image modality, the model successfully predicted
the correct label, demonstrating that our method’s
improved image processing reduces noise and en-
hances emotional information, thereby decreasing
ambiguity in sentiment interpretation.

In the second example, the phrase “Mad that
this guy used to be the worlds best footballer ! !#
R9 # ronaldo” conveys a mix of admiration and
frustration, which may confuse the model. With-
out additional context, the sentiment was misin-
terpreted. After incorporating the generated vi-
sual enhancement images, the ambiguity in the
text was reduced, making the negative sentiment
features more prominent.

6 Conclusion

In this study, we introduce a novel approach for
generating sentimental images that serve as ancil-
lary visual semantics to enhance textual aspect-
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based sentiment analysis. Our method revolves
around the development of a supervised image
generation model. We further employ a visual
refinement technique to substantially enhance the
quality and pertinence of the generated images.
Through extensive evaluations on multiple bench-
mark datasets, we have demonstrated that our pro-
posed model significantly outperforms state-of-
the-art methods in ABSA.

Limitations

While our method demonstrates strong perfor-
mance in enhancing multi-modal sentiment analy-
sis, there are still some open challenges worth ex-
ploring. The current approach may have relatively
high computational complexity, which could af-
fect its efficiency when scaling to larger datasets.
In addition, the method has mainly been evaluated
on specific benchmarks. Testing it on more diverse
datasets, such as Chinese or domain-specific cor-
pora, could further verify its generalizability. Fu-
ture work could also explore more lightweight ar-
chitectures and refined strategies for cross-modal
fusion to improve robustness and adaptability.
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A Results on Aspect Sentiment Triplet
Extraction Task

To further demonstrate the effectiveness of our
proposed method in improving ABSA, we eval-
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Dataset Precision Recall F1 Score

Laptop14
Text-only 66.07 61.55 63.73
Ours 68.04 64.14 66.03
Rest14
Text-only 73.96 74.85 74.40
Ours 74.63 76.06 75.34
Rest15
Text-only 65.35 68.04 66.67
Ours 68.60 72.99 70.73
Rest16
Text-only 70.09 77.04 73.40
Ours 73.19 78.60 75.80

Table 8: Results on aspect sentiment triplet extraction
task.

ment Triplet Extraction) task, which requires ex-
tracting sentiment triplets in the form of (aspect,
opinion, polarity). We compare our method with
a text-only baseline under the same experimental
settings.

We conduct experiments on four widely-used
benchmark datasets from the SemEval series:
Laptop14, Restl4, Restl5, and Restl6, follow-
ing the data splits and annotations provided in
previous works (Zhang et al., 2021c). The ex-
perimental settings are consistent with those used
in the main experiments: we use InternLM-
XComposer2-VL (Dong et al., 2024) as the back-
bone, fine-tuned using LoRA. The model is opti-
mized with Adam (Kingma and Ba, 2014) using a
learning rate of Se-5, a batch size of 1, and a max-
imum token length of 4096. The image size is set
to 490 x 490.

As shown in Table 8, our method consistently
improves the F1 score across all datasets, with par-
ticularly significant gains observed on the Rest15
and Laptop14 datasets. This indicates that inte-
grating synthesized images enhances the model’s
understanding of aspect-opinion context, even in
fine-grained sentiment triplet extraction scenarios.
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