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Abstract

Recent approaches to multimodal aspect-based
sentiment analysis (MABSA) are based on pre-
training small models to capture information from
text-image pairs and fine-tuning them. However, small
language models (SLMs) have limited capabilities and
knowledge and often fail to accurately identify
meaning, aspects, and sentiment in text and images.
Large language models (LLMs) can mine fine-grained
information in multimodal data. Based on these
findings, leverage LLMs generate
interpretations of text and images to enhance the
ability of SLMs to identify aspects and sentiment.
Extensive experiments demonstrate the superiority of
our approach over existing methods.

we to

1. Introduction

Multimodal Aspect-Based Sentiment Analysis (MABSA) has
garnered increasing attention as a challenging fine-grained task in
the field of sentiment analysis[1,2]. Multimodal Aspect-Based
Sentiment Analysis (MABSA), which entails jointly extracting all
aspect terms and predicting their sentiment polarity from the
image-text pair[2].

Despite significant advancements, aspect extraction and
sentiment polarity prediction in this fine-grained sentiment
analysis scenario with multimodal information remain challenging
for current models. Firstly, the semantic complexity of sentences
poses difficulties in identifying aspects and comprehending their
Secondly,
abundant detailed information, and models frequently struggle to

corresponding  sentiment. images often contain
focus on all key information in the image or mistakenly pay
attention to irrelevant areas, introducing noise. Lastly, it is
challenging to capture the overall relationship between images and
text, particularly when judging the connection between more
specific image regions and textual vocabulary.

Recent approaches often employ pretrained small language
models (SLMs) to understand image-text pairs and provide
representations[3,4]. These approaches also incorporate various
modules to assist the small models in comprehending information
from image-text pairs. Other enhancement methods include
contrastive learning and image-text matching to align semantics
and mitigate modality gaps[5,6]. While SLMs have demonstrated
improvements, their knowledge and limitations also impact further
enhancement of the models. It is necessary to incorporate external
knowledge to strengthen the SLMs' understanding of image-text
pairs. Some methods utilize image captions generated by
CLIPCAP as image prompts to assist image comprehension[7].
However, this external information is often simplistic and crude,
as image captions usually lack a relationship with sentiments and

947

= SMTOWNGLOBAL :
SMTOWN BANGKOK KRIS
)y amp SU HO amp U - Know

§ right before show time ! The

Text Rationale: The tweet
announcing Kris, Suho, and U-
Know right before an upcoming
SMTOWN concert in Bangkok.
The tweet uses an excited tone to

Image Rationale: The picture
shows Kris, Suho. and U-Know
sitting in a cart and appear
chearful smile,

build anticipation for the concert.!
Aspects Kris Soho U-Know | Bangkok
Sentiment| Positive Positive Positive | Positive

Figure 1: An example of the LLM processing image-
text pairs to generate the explanation of images and text.

provide limited assistance in fine-grained aspect extraction and
sentiment judgment.

Large Language Models (LLMs) possess powerful abilities to
understand, track, and generate complex language[8,9,10]. They
have made significant impressions in various tasks[11] and are
considered promising solutions for general-purpose tasks[12].
LLMs are typically trained on large-scale text corpora, granting
them richer knowledge and the ability to mine fine-grained
information, subtle patterns, and relationships from data. So by
employing SLMs' flexible task-specific learning and utilizing
LLMs' generated information as informative rationales, we can
combine the strengths of small and large models. LLM leverages
its robust knowledge repository, superior information retrieval, as
well as reasoning capabilities to generate insightful rationales.
These rationales serve as external sources that the small model can
refer to for making informed judgments. With these considerations,
we propose a novel framework LRSA that combines the decision-
making capabilities of SLMs with the additional information
provided by LLMs for MABSA. Specifically, as shown in figure
1, we use LLMs to generate rationales for understanding image-
text pairs and their connection as the injected information in SLMs
as the connection of the SLMs and LLMs. The images and texts
features refer to the rationale features in the fusion process to
enhance them, making the fused feature representation more
comprehensive and accurate, thus improving the understanding
ability and predictive performance of the SLM. In the result
generation stage, we connect the fused feature of the image-text
pairs with the rationale feature to provide more information for the
SLMs to make judgments.

Our contributions can be summarized as follows:

1) We propose a novel framework LRSA that combines the
decision-making capabilities of SLMs with the additional
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<bos>RT @ SMTOWNGLOBAL :
SMTOWN BANGKOK KRIS amp SU
HO amp U - Know right before show
time ! The show will begin soon !<eos>

Text

<bor>The picture shows Kris, Suho,
and U-Know sitting in a cart and
appear chearful smile <eor>

<bor>The tweet announcing Kris. Suho, and U-
Know right before an upcoming SMTOWN
concert in Bangkok. The tweet uses an excited
tone to build anticipation for the concert.!<eor>

] Image Rationale l Text Rationale

v LLM

Figure 2: The overview of our proposed aspect-oriented model LRSA.

information provided by LLMs for MABSA, by using rationales
generated by LLMs for SLMs to reference. We deeply integrate
LLMs in the field of MABSA.

2) Experimental results on two benchmark datasets demonstrate
that our method outperforms previous approaches.

2. Related Work
2.1 Aspect-Based Sentiment Analysis

Aspect-Based Sentiment Analysis (ABSA) focuses

predicting the sentiment polarity of aspect terms within sentences

on

as a fine-grained task. Thanks to the excellent performance of
language models such as BERT[13] and RoBERTa [14] in NLP,
most recent works use pre-trained language models to model the
semantic relationship between a given
context[15,16,17].

In addition, constructing aspect-oriented dependency trees can

aspect and its

help establish the connection between aspect words and opinion
words, and learn the syntactic feature representation of aspects to
further improve the performance of language models[18,19,20].

More recently, recent studies have also adopted end-to-end
models to extract all aspects and sentiment elements in
triplets[21,22,23,24].

2.2 Multimodal Aspect-Based Sentiment Analysis

With the rapid proliferation of social media, Multimodal
Aspect-Based Sentiment Analysis has garnered increasing
research attention in recent years. Ju et al.[2] first implemented
MABSA in a unified framework, processing two subtasks in an
end-to-end manner to jointly extract aspect terms and their
corresponding emotions. They also designed an auxiliary cross-
modal relation detection to control the rational use of visual
information. To capture cross-modal alignment, Ling et al.[3] built
a generative multimodal architecture based on BART for vision-
language pre-training and downstream MABSA tasks. Yang et
al.[6] introduced a cross-modal multi-task transformer (CMMT)
for MABSA, which dynamically controls the contribution of
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visual information to different aspects by taking into account the
contribution of images when the confidence of the pure text
prediction result is lower. Zhou et al.[4] proposed an aspect-
oriented method to detect aspect-related semantic and sentiment
information to mitigate visual and textual noise in complex image-
text interactions. Yang et al.[7] explored the MABSA task in the
case of few samples and proposed a novel generative multimodal
cue model for MABSA, performing three MABSA-related tasks
with a relatively small number of labeled multimodal samples.
Yang et al.[5] introduced a face-sensitive image to sentiment text
translation method that focuses on capturing visual sentiment cues
through facial expressions and selectively matching and fusing
them with target aspects in the textual modality. The above studies
mainly focus on how to effectively obtain text and image
representations and capture the interactive fusion between text and
image representations. However, pre-training models alone are not
enough. The existing traditional pre-training models have limited
capabilities and knowledge and often cannot accurately identify
the meaning, aspects and sentiment in text and images. The
understanding of the connection between text and image is also
lacking. It needs to be strengthened through auxiliary modules. To
tackle the aforementioned issues, we propose a novel framework
LRSA that combines the decision-making capabilities of SLMs
with the additional information provided by LLMs for MABSA,
use the image-text rationale generated by LLM to improve the
understanding and prediction performance of SLM.

3. Proposed Approach

As shown in Figure 2, our RASA framework endeavors to
incorporate the rationales produced by the LLMs, encompassing
both text explanations and image understandings, into the SLMs
which builds on an encoder-decoder architecture based on
BART[25]. To accomplish this objective, we concatenate the
image-text pairs and the image rationale and text rationales, which
are then fed into the encoder. Ultimately, the fused image-text
pairs after being processed by the SLMs are once again
concatenated with the rationales of the image and text and fed into
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Methods Twitter2015 Twitter2017
p R F1 P R Fl1
SPAN (Hu et al. 2019) 53.7 539 538 59.6 617 60.6
Text-based  D-GCN (Chen, Tian, and Song 2020) 583 588 594 642  64.1 64.1
BART (Yan et al. 2021) 629 650 639 652 656 654
RpBERT-collapse (Sun et al. 2021) 493 469 480 570 554 562
Mutilmodal  UMT-collapse (Yu et al. 2020) 61.0 604 01.6 60.8 60.0 o0l.7
JML (Ju et al. 2021) 65.0 632 64.1 66.5 655 66.0
VLP-MABSA (Ling, Yu, and Xia 2022) 65.1 683 66.6 669 692 68.0
AoM (Zhou et al. 2023) 653 673 603 66.5 673 669
Ours (LRSA) 66.9 68.3 67.6 67.2 693 68.2

Table 1: Results of different methods for MABSA on the two Twitter datasets. The best results are bold-typed .

the decoder for result prediction. we will illustrate the details of
our proposed model.

3.1 Overview

Task Definition. Formally, given a tweet that contains an image
V and a sentence with n words S = (w1, w2,---,wn), our goal is
to acquire the sequence Y representing all aspects and their
associated sentiment polarities. We formulate the output of
MABSA as Y = [af,af,sq,-+,af,af,s;, -+, a5, af, sg] , where
ai , ai and s; depict the start index, end index of the i -th aspect
and its sentiment polarity in the tweet, and k is the number of
aspects.

Data Processing. We input the given images and text into LLMs
to obtain the description for the images L;and the explanation for
the text L, . This is then combined with the image rationale and
text rationale and inputted into the model as image-text pairs. This
will be input into the SLMs as rationale of images and rationale of
texts, with the image-text pairs.

3.2 Multimodal Encoder

In this section, we design the multimodal encoder to capture
multimodal representations. We first conduct feature extraction on
image-text pairs and image-text rationales. the embeddings of
image E} are obtained by preprocessing via ResNet. The
embeddings of text E and the embeddings of rationale for images
E}; and texts E;; generated by the LLMs are obtained using the
pre-trained BART. We add <img> and </img> before and after the
image features, <bos> and <eos> for the textual features, <bol>
and <eol> for the rationale features. Then, we concatenate the
multimodal features as X = [< img >, Ey, </img >,< bos >
,Er, < eos >,< bol >,E;;, < eol >,< bol >,E;,< eol >]
which is the input of BART encoder.

In the end, we feed X into the BART encoder to obtain the
multimodal representation. We believe that integrating the image-
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text pairs and image-text rationales into the same encoder can
share parameters and leading to a more efficient and cohesive
feature fusion.
Hy = MBARTg(X), Hy € Rim*xd

where L, = I; + 1, + I;; + I}, , l; is the number of image slots
that reserve initial image representation, [, is the length of text ,
l;; is the length of image rationale , [;; is the length of text
rationale , and d is the hidden dimension.

3.3 Decoder And Prediction

After obtaining the hidden state Hy;, we extract the image and
text features from Hj, and update them inside the SLMs to obtain
the updated image features Hy, and text features Hy . In order to
improve the quality of the decoder generation results and increase
the accuracy of the prediction, we concatenate the final image
features Hy, and text features H; with the image rationale
features H;; and text rationale features H;;, and the obtained
results will be used together with the previous decoder output Y.,
as the input of the BART decoder .

ﬁ = [HT/' H\t' HLi'HLt] ’ ﬁ € Rimxd
HP = Decoder(H;Y<,)
H=(W+H)/2
P(y,) = softmax([H; S|HP)

W denotes the embeddings of input tokens. S¢ means the
embeddings of the [positive, neutral, negative, <eos>]. The loss
function is as follows:

L=-E

x~D3{110gP(Ve|Y<r, X)
4. Experiments
4.1 Experimental settings

Datasets. Our two benchmark datasets are Twitter2015 and
Twitter2017[26]. Based on this foundation, we added the
description of images as the rationale of image, and the
understanding of texts as the rationales of text generated by LLMs
to our dataset.

Implementation Details. Our LLM is Google's latest multimodal
large language model "Gemini-1.5 pro"[27]. It can read images
and text at the same time and give corresponding answers based
on prompts. We input image-text pairs and use specific prompts to
generate interpretations of images and understanding of text. We
will detail the choice of our prompts in the case study.

Our SLM is based on BART[25], MABSA task is trained for 35
epochs with batch size 16, The learning rates are both 7e-5 and
hidden sizes are 768.

Implementation Details. Following previous studies, we evaluate
the performance of our model on MABSA task and MATE task by
Micro-F1 score (F1), Precision (P) and Recall (R), while on
MASC task we use Accuracy (Acc) and F1.
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4.2 Main Results

Results of MABSA Task: The results obtained from the MABSA
are presented in Table 1. Firstly, our LRSA model significantly
surpasses all text-based models, indicating the substantial
contribution of incorporating image modality information and
conducting text analysis of image modality in our model. LRSA
consistently outperforms all other multimodal methods across all
evaluation metrics. we conducted experiments with the second-
best model AoM, using the parameters provided by the authors.
The comparison revealed that LRSA exhibited both 1.9\%
improvement in F1 metric compared to AoM, highlighting the
effectiveness of augmenting the small model with additional
information about image-text pairs generated by the large model
in boosting the overall model performance.

5. Conclusion

In this Paper, we propose a novel framework LRSA that combines
the decision-making capabilities of SLMs with the additional
information provided by LLMs for MABSA, by using rationales
generated by LLMs for SLMs to reference. Experimental results
on two benchmark datasets demonstrate that our method
outperforms previous approaches.
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