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Abstract

As a multimodal task, there have been increas-
ing works focused on the text-image alignment
in Multimodal Aspect-Based Sentiment Analy-
sis (MABSA). Yet they trend to rely on various
black box modules to self-learn the text-image
alignment during training, either in attention-
based (Ling et al., 2022), graph-based (Zhou
et al., 2023), or vision-language model (Liu
et al., 2025a), such implicit alignment cannot
clearly state that the important textual phrases
reflect on which part of the image, thereby
can significantly support the cross-modal in-
teraction. To this end, we are motivated to ex-
plore building explicit fine-grained alignment.
We thus propose Interpretation-based Explicit
Alignment (IEA) framework, it includes a Sen-
timental Image Interpreter and a Fine-grained
Aligner, the former can effectively segment and
interpret the region-level semantics while the
latter can build the explicit fine-grained align-
ment between regions and textual phrases. Ex-
tensive experiments build a new SOTA perfor-
mance in Twitter 2015/17 datasets, indicating
the effectiveness of our alignment and revealing
a new direction in cross-modal interaction.

1 Introduction

Multimodal Aspect-based Sentiment Analysis
(MABSA) is a topic of increasing interest in the
community, with the input pair of textual sentence
and image, it is comprised of two subtasks: as-
pect term extraction (Zhang et al., 2021), aspect-
oriented sentiment classification (Liu et al., 2025a).
The Joint Multimodal Aspect-Sentiment Analysis
(JMASA) (Yu and Jiang, 2019), which combines
these two subtasks to jointly extract the aspect
terms and their corresponding sentiments as shown
in Figure 1, presents a significant challenge for
traditional classification-based models.

Existing research (Yu et al., 2020b; Xu et al.,
2019; Yu et al., 2020a; Yang et al., 2021; Yang and
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Figure 1: Our explicit fine-grained alignment.

Li, 2023) on MABSA have primarily focused on de-
signing various strategies to model the cross-modal
alignment between textual context and the image.
Their methods typically rely on certain fusion mod-
ules, include attention-based (Feng et al., 2024;
Liu et al., 2023a), graph-based (Zhou et al., 2023),
and joint pre-training (Ling et al., 2022). More re-
cently, vision-language models (VLMs) have also
been introduced into the MABSA task (Liu et al.,
2025a; Bao et al., 2025) to utilize the large scale
pre-trained knowledge of them, have shown supe-
rior performance over previous entries.

Despite their effectiveness, previous works’
strategies of alignment can be summarized as re-
lying on a black box module to self-learn the text-
image alignment implicitly during training. Such
a manner results in two significant drawbacks: 1)
Forcing them to rely on massive model parame-
ters and training data to get the module fully fitted,
involves high computational cost and poor adap-



tation scope. 2) Making their alignment nontrans-
parent and difficult to be captured by the model,
lacking an explicit association that the important
textual phrases reflect on which part of the image
as shown in Figure 1. To this end, we are motivated
to explore building an explicit fine-grained align-
ment that can be directly injected into the model,
providing clear alignment guidance that can be eas-
ily captured without sophisticated training, thereby
reducing computational demands and remaining
competitive in small model and data size situations.

However, it is difficult to tailor the explicit align-
ment, the challenges are threefold: 1) On the visual
slide, how do we deconstruct the image into seman-
tic regions and determine the sentiment meaning
of them? Especially there may exist irrelevant re-
gions that can disturb the analysis. 2) Once we
obtain the regions and their semantics, how can we
map them with the corresponding textual span of
the role phrase to be aligned? 3) Finally, upon the
alignments are settled, how can we model them
with current powerful large language models?

In this study, we propose Interpretation-based
Explicit Alignment IEA) for MABSA. As shown
in Figure 2, our approach answers the first two ques-
tions with our Sentimental Image Interpreter and
Fine-grained Aligner. The interpreter works on the
visual end to address the first challenge, it dynami-
cally segments the image into non-overlapping se-
mantic regions and interpret them by perceiving de-
scriptive content and region-level sentiment evalua-
tion. We further propose our Fine-grained Aligner
for the second question. Our aligner first filters the
regions that could be too small or vague to be mean-
ingful with three conditions. Then, for each region,
the aligner maps it with the fine-grained textual
phrase to form the explicit text-image alignment.
To train our aligner, we build the first Fine-Grained
Cross-modal Alignment (FGCA) dataset that mod-
ified based on the existing semantic segmentation
dataset PASCAL-Context (Mottaghi et al., 2014).

We finally model the obtained alignment with
our Nearest-to-Match Instruction that directly in-
jects visual regions and interpretations next to their
textual counterparts, which is generalize and can
fit any VLMs that support multi-image input. The
detailed evaluation shows that our proposed model
significantly advances the SOTA performance on
several benchmarks and remains highly competi-
tive with smaller models and data. To the best of
our knowledge, we are the first to explore explicit
cross-modal alignment in MABSA works.

2 Related Work

Unimodal ABSA: Research on ABSA gener-
ally starts from predicting a single sentiment el-
ement (Wang et al., 2021; Hu et al., 2019; Tang
et al., 2016; Chen et al., 2022; Liu et al., 2021;
Seoh et al., 2021; Zhang et al., 2022). Many stud-
ies further delve into exploring the joint extraction
of sentiment elements (Xu et al., 2020; Li et al.,
2022; Bao et al., 2023; Zhang and Qian, 2020).

Recently, generative paradigms for ABSA have
gained notable traction: OTG (Bao et al., 2022) and
dotGCN (Chen et al., 2022) relied on syntactic cues
and dependency trees; ATOSS (Seo et al., 2024) in-
troduced a plug-and-play module that decomposes
a sentence into sub-sentences; UniGen (Choi et al.,
2024) constructed zero-shot datasets by drawing on
LLM knowledge; SCRAP (Kim et al., 2024) dis-
tilled chain-of-thought rationales and applied self-
consistent voting to enhance stability and accuracy;
MUL (Hu et al., 2023) controlled the token-level
generation with template-agnostic methods.
Multimodal ABSA: The research on MABSA gen-
erally share a similar routine with the unimodal,
from aspect term extraction (Zhang et al., 2018;
Yu et al., 2020b) and polarity classification (Xu
et al., 2019; Yu et al., 2020a; Yang et al., 2021)
to Joint Multimodal Aspect-Sentiment Analysis
(JMASA) task: Tom-BERT (Yu et al., 2020b) de-
signed a target-oriented template; VLP-MABSA
(Ling et al., 2022) designed a joint pre-training
pattern; AoM (Zhou et al., 2023) relied on GCN
to capture the token-level cross-modal graph; Uni-
fiedTMSC (Liu et al., 2023a) adopted descriptive
prompt paraphrasing; A%II (Feng et al., 2024)
adopt a cross attention module to learn the align-
ment; MVAT (Li et al., 2026) incorporated GCN
with a Differential Transformer. Some works fur-
ther utilize the powerful LLMs: DPCI (Liu et al.,
2025a) relied on a LLAVA (Liu et al., 2023b) to
integrate the image information; SIG (Bao et al.,
2025) LoRA finetuned a VLM with both the origi-
nal and the their generated images.

Nevertheless, the alignments in previous works
can be summarized as implicit alignments, which
rely on black box module to self-learn the relations,
making them hard to be captured under computa-
tional conditions that are not particularly demand-
ing. Different from previous studies, our method
stands out as the first to construct explicit alignment
at fine-grained level in MABSA, highlighting a new
direction of constructing cross-modal connection.



a) Image Segmentation
I

i Predicted IoU Score

b) Region Interpretation

(‘) Trained (CTTTTTTIO T T I IImTmTIImTIIITY
Region-Jevel Interpretation
% Freeze
= A cup of wine, it looks

colorful and tidy, express a

positive polarity.

;
:
:
|
() Textual Token P
(] Visual Token 1
i
i

‘ , waitstaff, she looks friendly,
express a positive polarity.

A person, her role should be a :
A cake, express a positive i

polarity.
“"""";_'_':'_'::'_'::'_'_':'_'_',: """"
!cake <——»(m= | Bxplicit
! T <\ Fine-grained
_____________________________________________________________ (Y. wine <«—s ¥ .l ne. graine
! :u’w | Alignment
oo waitstaff 1 JL
ST \\‘
I
! Alignment  Interpretation - !
[ A - - - =~ P - =<
Il Whole | O ~, v Y] _ T’ \ |
i Image | | Both the cake | é i (Acake,expressa iand wine | Y (Acupof = oo excellent, very friendly waitstaff.: u i (Aperson, herrole
m---- : ) L= ! positive polarity...)! ) Pod wme,lf)oksu.)i i 4 should be a waitstaff...)
i v : V. g : v Poov M ! Y Pov v !
| ‘ : : : ‘ : 1 : ‘ i
a - 00 0000 000000 oo oo - - 0oo ool o - 0O
v v v T TTTTYTTTTTTY v b v
: ¢ VLM i
Extraction #Pairl # Pair2 # Pair3
7. + Aspect: Waitstaff Aspect: Wine Aspect: Cake
arge Polarity: Positive ~Polarity: Positive Polarity: Positive

Figure 2: Illustration of our Interpretation-based Explicit Alignment.

3 Interpretation-based Explicit
Alignment for MABSA

As shown in Figure 2, our IEA generally include
three parts: 1) we first decompose an image into
semantically coherent regions and extract region-
level interpretation with our Sentimental Image
Interpreter as shown in Figure 2 a) and b). 2) We
then precisely ground each visual region to its cor-
responding phrase span in the text with our Fine-
Grained Aligner, trained on our FGCA dataset that
novelly built through a reverse synthetical proce-
dure as shown in Figure 3. 3) We finally design a
Nearest-to-Match Instruction which directly injects
visual regions next to their textual counterparts, dis-
tilling the explicit alignments and adapting them to
arbitrary VLMs as shown in Figure 2 c).

3.1 Sentimental Image Interpreter

The very first condition before building the fine-
grained alignment is obtaining the regions to be
aligned. We thus propose our Sentimental Image
Interpreter, its overall pipeline proceeds as follows:
1) Segment Anything Model (SAM) (Kirillov et al.,
2023) is first employed to automatically partition
each original image into semantically coherent re-
gions. 2) Subsequently, a VLM produces concise
object and sentiment interpretation for each region.

We will go though them one by one as follows.

Image Segmentation

To enable fine-grained distortion perception, the
input image [ is segmented into semantic regions
in a parallel branch to preserve structural continu-
ity while suppressing the influence of irrelevant
regions. As shown in Figure 2 a), semantic region
segmentation is based on a powerful large-scale
foundation model, SAM (Kirillov et al., 2023),
which can accurately segment any object in any
image without additional training. The segmenta-
tion mask generated can be formulated as:

M = Postprocess(SAM(T)) €))
where Postprocess(-) ensures that the segmenta-
tion masks M € R7*WxL divide the image into
L non-overlapping regions. It ranks the masks
produced by SAM(+) in descending order by their
Predicted IoU Scores, where a higher score repre-
sents the model’s confidence for a more semanti-
cally meaningful region. We retain the top (L — 1)
masks with the highest scores. Pixels belonging
to multiple masks are assigned to the one with the
highest score, while those not covered by the top
(L — 1) masks are designated as the background
region, resulting in a total of L semantic regions.



Region Interpretation

Following the above segmentation, each region
is provided to a frozen VLM together with task-
specific instruct prompts to elicit an interpretation
of the semantic content and associated sentiment
ratings, as depicted in Figure 2 b). For each region
R in the image I, the per-region evaluations and
ratings are subsequently aggregated into a holistic
region-level textual description E.

By doing so, we can effectively obtain the visual
regions and their interpretations. We will subse-
quently introduce our fine-grained aligner to align
the regions with their textual counterparts.

3.2 Fine-Grained Aligner

How to find the corresponding textual span for
each region become our next target. Ideally, the
input of which should include the whole image I,
segmented region R with its interpretation F, and
the texts 7" that contains the phrase to be aligned,
the output label would be the span [Ps;qrt, Pendl
of the aligned phrase P. The pattern of our fine-
grained alignment task can then be formulated as:

[17 Ra Ea T] — [Pstart7 Pend] (2)

To handle situations where the split regions are
too small or vague to be meaningful or there do not
exist corresponding phrases, we further introduce a
filtering mechanism with three judging conditions.
Specifically, we first filter the regions with the size:

min{width(R), height(R)} < tize, 3)

We also condition the clarity by computing the vari-
ance of the region with a Laplacian operator (Pech-
Pacheco et al., 2000), where lower values indicat-
ing blurrier regions, specifically:

Var(V?R) < fetarity, “)
and confidence measured by Predicted IoU Score:
Predicted_IoU(R) < teont- 5)

If a region does not meet any of the above condi-
tions, we subsequently filter it out and keep the rest
to form the candidates pool pending alignment.
We then solve the lack of training data. To avoid
the expensive labor cost of manual annotation, we
novelly propose an automatic method that can build
the dataset from existing semantic segmentation
dataset reversely. We build the first fine-gained
alignment dataset Fine-Grained Cross-modal
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Figure 3: Our process of building FGCA from semantic
segmentation dataset reversely and the training pattern
of our Fine-Grained Aligner.

Alignment (FGCA) modified based on semantic
segmentation dataset PASCAL-Context (Mottaghi
et al., 2014) as shown in Figure 3. In PASCAL-
Context we already have the label of image I,
segmented region R, predicted interpretation E
from our interpreter, and the region’s correspond-
ing phrase P (semantic class of the region), the
only target that we need to build is the input text
T. We thus adopt Qwen3-8B (Yang et al., 2025)
with a clear prompt to instruct it to construct the
synthetical input text 7" based on all of the phrases
(semantic classes) P appear in image I, and record
the span [P}, P.,,] as training output.

start) * e

3.3 Nearest-to-Match Instruction

We then design the instructions to model our fine-
grained alignment. We follow the principle of
nearest-to-match, directly inject the regions next
to their textual counterparts. As shown in Figure 2
c), given the whole image I ,the texts 7', segmented
regions R1, Ro, ..., R, with their aligned phrases

P, Py, ..., P, and interpretations FEi, Fo, ..., E,,
we first identify the aligned triplet unit U,, as:
Un = [Pn, Rna En] (6)

we then organize the input x with the format:
X = [I,Cl,Ul,CQ,UQ,...,Un,Cm] (7)

where the ci, o, ..., ¢, refers to the rest content
in the text 7" that does not belong to a phrase in



the aligned triplets, been organized in their original
relative order in the raw context. The output target
would be the pair of aspect term and correspond-
ing polarity directly. Our instruction does need
any complex modeling modules, can adapt to any
powerful VLMs that accept multi-image input.

We finally finetune a VLM for the JMABSA
extraction with our nearest-to-match instruction.
Given the fused sequence X = 1, ..., ;| as input.
At the -th step of generation, the decoder predicts
the ¢-th token y;, and decoder state hf as:

yi, hd = ([hd, .., hd 1], wio1) (8)

The conditional probability of the whole output
sequence p(y|X) is progressively combined by the
probability of each step p(y;|y<q, X):

p(yle) =TT, p(yily<i, X) ©)

where y<; = y1...yi—1, and p(y;|y<;, X ) are the
probabilities over target vocabulary V.

The objective function maximizes the output tar-
get sequence Y probability given the sentence X.
Therefore, we optimize the negative log-likelihood
loss function:

-1
L= Gl > (xy)er ogp(Y|X;0) (10)
where 6 is the model parameters, and (X,Y") is a
(sentence, target) pair in training set 7.

4 Experiment

4.1 Dataset and Experiment Setting

In this study, we use the Twitter2015/2017 (Yu
and Jiang, 2019) dataset and their splitting for mul-
timodal ABSA experiments. For our VLM for
finetuning, we employ the pre-trained Qwen3-VL-
8B (Yang et al., 2025) and LoRA finetune the LLM
adapter parameters with 30 epochs. In terms of
the VLM for Region Interpretation, we employ
the smaller Qwen3-VL-2B (Yang et al., 2025) for
saving computing cost. Segment Anything Model
(SAM) (Kirillov et al., 2023) is adopted and the
number L of retained regions is set to 5. The thresh-
old Zsize, telarity and teons for filtering are set to 25,
100 and 0.7 respectively. More detailed training
settings can be found in Appendix A.

For our FGCA, we finally filter 2,000 samples
for the train set, 500 samples for the dev and test set.
As shown in Figure 3, the training input include the
whole image I, a specific region R pending align-
ment and the synthetical text 7", the output target

Split | #Sample | #Class | #Region/Image
Train 2,000 74 4.65
Val 500 48 5.52
Test 500 56 4.21

Table 1: Distribution of our FGCA for training aligner.

is the span of the semantic class [P}, P.. ;] ap-
peared in 7”. We adopt Qwen3VL-2B ! and LoRA
finetune it on our FGCA as our aligner, the detailed
distribution of our FGCA can be found in Table 1.

4.2 Main Results

In Table 2, we present a comprehensive com-
parison of our model with various state-of-the-
art baselines. These baselines include both
pure-textual and multimodal models, as well as
VLMs and LLMs, specifically: Pure-Textual: 1)
MvP+ATOSS (Seo et al., 2024). 2) SCRAP (Kim
et al., 2024). 3) OTG Bao et al. (2022). Mul-
timodal: 1) UMT+TomBERT (Yu et al., 2020b)
2) OSCGA+TomBERT (Yu and Jiang, 2019) 3)
RpBERT-collapse (Sun et al., 2021) 4) SIG (Bao
et al.,, 2025) 5) JML (Ju et al., 2021) 6) VLP-
MABSA (Ling et al., 2022) 7) CMMT (Yang et al.,
2022) 8) CORSA (Liu et al., 2025b); LoRA fine-
tuned LLMs: 1) LLaMA3-8B (Al@Meta, 2024);
2) Qwen3-8B (Yang et al., 2025); LoRA finetuned
VLMs: 1) InternLM-XComposer2-VL (Dong
et al., 2024); 2) Qwen3-VL-8B (Yang et al., 2025);

From Table 2 we observe that multimodal mod-
els easily surpass previous pure-textual approaches.
Furthermore, the VLMs outperform a large number
of approaches without complex modeling, showing
its efficacy for the complex extraction task. The
results also highlight the effectiveness of the uni-
fied generation architecture, which can fully utilize
the rich label semantics by encoding the natural
language label into the target output for extraction.

Moreover, our proposed model exhibits signif-
icant improvements over all prior studies (p <
0.05), demonstrating the efficacy of our explicit
alignment, where the key cross-modal relations are
fed more easier to be captured by the model. We
further investigate its performance under limited
parameters and data in Section 5.3 and Appendix C.

4.3 Ablation Study

After presenting the overall performance, we then
move to analyze how each component contributes
to the observed gains in Table 2. To this end, we

"https://github.com/QwenLM/Qwen3-VL



Twitter2015 Twitter2017
Manner Method R i P R Fi
MvP+ATOSS 0.667 0.641 0.653 0.663 0.644 0.654
Pure-Textual SCRAP 0.657 0.638 0.648 0.647 0.671 0.659
OTG 0.641 0.623 0.631 0.639 0.628 0.633
LLM LLaMA3-8B 0.633 0.621 0.626 0.628 0.637 0.632
Qwen3-8B 0.633 0.652 0.642 0.635 0.641 0.637
VLM InternLM-XComposer2-VL 0.646 0.662 0.653 0.649 0.662 0.655
Qwen3-VL-8B 0.684 0.703 0.693 0.703 0.689 0.695
UMT+TomBERT 0.584 0.613 0.598 0.623 0.624 0.624
OSCGA+TomBERT 0.617 0.634 0.625 0.634 0.640 0.637
RpBERT-collapse 0.493 0.469 0.480 0.570 0.554 0.562
JML 0.650 0.632 0.641 0.665 0.655 0.660
Multimodal VLP-MABSA 0.651 0.683 0.666 0.669 0.692 0.680
CMMT 0.646 0.687 0.665 0.676 0.694 0.685
SIG 0.662 0.695 0.678 0.683 0.698 0.690
CORSA 0.690 0.708 0.699 0.701 0.710 0.706
IEA(Ours) 0.714 0.722 0.717 0.716 0.727 0.721
Table 2: Results of IMABSA task on Twitter2015 and Twitter2017 datasets.
Method Twitter15| Twitter17 Sentiment Aspect
Ours 0.717 0.721 Twitter15 Twitter17 | Twitterl5 Twitter17
Image Interpreter w/oIEA | 0.756 0.773 0.853 0917
- Image Segmentation 0.702 0.705 with IEA 0.783 0.784 0.885 0.940
- Region Interpretation 0.696 0.698 (+2.70%) (+1.10%) | (+3.20%) (+2.30%)
_Nearest-to-Match Instruction | 0.691 0.699 Cover Rate| 0.5942 0.5375 0.4438  0.39419
- Fine-Grained Aligner & )
Nearest-to-Match Instruction 0.684 0.690 Table 4: Results of our IEA on different elements, we
adopt Qwen3-VL-8B as our base model.

Table 3: The results of ablation study.

progressively ablate the interpreter, the aligner, and
the instruction module, removing them one by one
to isolate their impact and quantify the effect of
each module on the final improvements.

As depicted in Table 3, the full model performs
best. Significantly decrease are observed when
our components are excluded in the model, among
them our Nearest-to-Match Instruction contributes
the most, underscoring that precise and direct
visual-text alignment is essential for mapping opin-
ion elements to localized visual evidence. Region
Interpretation contributes the second, indicating it
is supplementary for model’s visual understanding.

4.4 Results on Sentiment Elements

We further examine the performance of our method
on different sentiment elements to check if our
explicit alignment can efficiently help building con-
nection between sentiment elements and their vi-
sual reflections. In particular, we ablate our align-
ment from our model, solely rely on Qwen3-VL-

8B to isolate and measure our alignment’s impact
on each specific element type. In addition, we
further measure our aligner’s performance by com-
puting its alignment coverage rate over sentiment
elements, therefore we can analyze how does our
aligner perform, and how does its performance af-
fect the extraction results across different elements?

As shown in Table 4, IEA yields substantial per-
formance improvement on both the aspect and sen-
timent elements, indicating that our explicit align-
ment effectively associates each fine-grained ele-
ment with its corresponding visual region. Notably,
the cover rates exhibit a positive correlation with
the magnitude of improvement, and even relatively
modest coverage still produces sizable gains, sug-
gesting that partial alignment alone can provide
strong and robust guidance for element extraction.

We also have the comparison with pervious
works in Multimodal Aspect Term Extraction
(MATE) and Multimodal Aspect-oriented Senti-
ment Classification (MASC) in Appendix B for a
more comprehensive evaluation.



Twitter2015 Twitter2017

Manner Method P R Fi P R Fi
Attention-Based TMEN 0.690 0.684 0.696 | 0.709 0.706 0.712
MVAT 0.688 0.700 0.694 | 0.700 0.709 0.705
Graph-Based AoM 0.679 0.693 0.686 | 0.684 0.710 0.697
VLM-Based SIG 0.662 0.695 0.678 | 0.683 0.698 0.690
Qwen3-VL-8B | 0.689 0.697 0.693 | 0.688 0.702 0.695
Explicit IEA(Ours) 0.714 0.722 0.717 | 0.716 0.727 0.721

Table 5: Results of different alignment methods.

VM NMI[ Twitter2015[ Twitter2017 o7 Owen3-VL Internv1.2.5
InternVL2.5-2B Vvvvl/t: 8:233 8:225 s B B

' . 8B
Qwen3-VL-4B vvvvl/t: 8:?7)3 8:2%13431 0.68 = i
InternLM-2-VL-8B ‘;Vvllt: gig;; 8222 056 :
LLaVA-NeXT-8B Vvvvllt: 8:232 8:22? :Z

Table 6: Results on different VLMs, NMI refers to our
Nearest-to-Match Instruction.

5 Analysis and Discussion

5.1 Comparison of Different Alignments

We subsequently make a comparison of differ-
ent alignment manners. The comparison include:
Attention-Based: 1) TMFN (Wang et al., 2024).
2) MVAT (Li et al., 2026). Graph-Based: AoM
Zhou et al. (2023). VLM-Based : 1) SIG (Bao
et al., 2025); 2) Qwen3-VL-8B (Yang et al., 2025);
Referring to Table 5, it is evident that the meth-
ods based on attention mechanism surpass the
graph-based and VLM-based alignment by a con-
siderable margin, showing the superiority of atten-
tion. Furthermore, our explicit alignment surpasses
all above, we attribute this superiority to our align-
ment’s ability of offering an explicit association,
where the region-phrase alignment can be easily
captured by the model, yet the previous implicit
alignment appears comparatively vague and needs
to be iteratively learned during training. It also
hints us a new avenue for exploring multimodal
understanding: substituting previous self-learned
blackbox alignment with explicit alignment.

5.2 Generalization of Nearest-to-Match
Instruction

We then analyze the effect of our Nearest-to-Match
Instruction on different VLMs to check the gen-
eralization of it. In particular, we check the ef-

0.6

0.58

Improvement from [EA Base

Figure 4: Comparison of parameter efficiency.

fectiveness of our instruction on popular VLMs
that support multi-image input, include Qwen3-VL-
4B (Yang et al., 2025), InternL.M-2-VL-8B (Dong
et al., 2024), InternVL2.5-2B (Chen et al., 2024)
and LLaVA-NeXT-8B (Liu et al., 2023b). We
use “without” in Table 6 refers the remove of
our Nearest-to-Match Instruction, solely inputs the
whole image the text and relies on the VLM to
construct the alignment internally.

As shown in Table 6, NMI generally improves
performance across diverse VLMs, among them
InternLM and LLaVA-NeXT benefit notably from
NMLI, indicating good model-agnostic generaliza-
tion. This indicates NMI supplies explicit, fine-
grained grounding that complements each model’s
internal alignment, reducing spurious matches and
improving robustness with different base models.

5.3 Analysis of Parameter Efficiency

Different from previous implicit alignments that
needs massive parameters in the downstream model
to learn the relation during finetuning, our explicit
alignment can be built externally, does not rely on
the model itself. This bring us a huge advantage
in parameter efficiency, where a smaller model can
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Table 7: Cases studies.

easily surpass the larger models with our explicit
alignment. We thus investigate this by comparing
the performance of small VLMs with our alignment
verse large VLMs on Twitter 2017 to check if our
method can improve the parameter efficiency.

As shown in Figure 4, without our alignment,
the advantages of larger VLMs are highly evident,
It also reveals that modeling complex relationships
like the text-image alignment truly requires pow-
erful models with more parameters. On the other
side, with our explicit alignment, smaller VLMs
(e.g., 1B or 2B) can achieve higher performance
even when their size is only one-fifth that of larger
VLMs (e.g., 8B or 13B), showing our alignment
can narrow the capacity gap without inflating pa-
rameter counts. This highlights a practical path
toward cost-effective deployment: pairing compact
VLMs with our explicit alignment to unlock per-
formance traditionally reserved for larger models.

We also have the analysis of data efficiency in
Appendix C for showing the superiority of our IEA
can be built upon limited data resources.

6 Case Study

We launch case studies to make a more intuitive
comparison between our method and one of the
strongest baselines Qwen3-VL-8B in Table 7.

We show that our method can effectively iden-
tify the person appear in the image and align them
with the text in the first two examples. In the first

one the baseline mistakenly focuses on the wrong
target such as “sofa” while our IEA successfully be-
tween the region and phrase of “David Beckham”.
In the second example, our model successfully dis-
tinguishes the two groups of people and help the
model identify the “Chicago” as aspect term.

In the last two examples, we illustrate that our
method also performs better in recognizing multi-
ple common items such as the “Baseball”, “Beer”
and “BBQ” in the third example, effectively help-
ing the model building text-image connection. The
fourth example is similar, where our explicit align-
ment on the region of the sheep significantly helps
the extraction while the baseline falsely recognizes
the adjective of the correct target as output.

7 Conclusion

In this study, we highlight that prior MABSA ap-
proaches largely rely on implicit black-box align-
ment, which limits their transparency and hindered
their efficiency in both the model parameter and
training data sizes. We therefore propose an ex-
plicit, fine-grained alignment with Interpretation-
based Explicit Alignment (IEA) for MABSA.
Combining with Sentimental Image Interpreter and
Fine-grained Aligner, our IEA not only surpasses
the prior works in overall performance, but also
shows great advantage in parameter and data effi-
ciency, revealing us a new direction for the future
exploration of cross-modal interactions.



Limitations

The limitations of our work can be articulated from
two perspectives. First, beyond images, there are
additional modalities such as video whose influ-
ence on downstream tasks is still uncertain. A more
systematic examination of how text and video align,
including factors like timing, prosody, and noise
robustness, could clarify their contributions and
provide actionable guidance for model design.

Second, our investigation has primarily centered
on applying explicit alignment within MABSA.
While the results are encouraging, the behavior
of our approach in other problem settings such as
event extraction remains untested. Evaluating the
method on a broader set of tasks with different
structures and data distributions would help deter-
mine its generalization and limits.
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A Parameter Setting

For our VLM for finetuning, we employ the pre-
trained Qwen3-VL-8B (Yang et al., 2025) and
LoRA finetune the LLM adapter parameters. Train-
ing was conducted for 30 epochs with a global
effective batch size of 4 (per-device train batch
size = 1, gradient accumulation steps = 4). Inputs
were truncated to a maximum length of 4096 to-
kens, and images were resized to 490 pixels on
the longer side. Mixed-precision was enabled with
bfloat16. The vision encoder and the sampler were
frozen throughout training. We applied fine-tuning
via LoRA (the LoRA alpha is 128 and the LoRA
rank is 64.), while other components were frozen.
Optimization used AdamW with learning rate Se-5,
weight decay 0.1, 2 = 0.95, and a cosine learning-
rate schedule with 1% warm-up.

For our Fine-Grained Aligner, we finetune the
smaller Qwen3-VL-2B(Yang et al., 2025) in a sim-
ilar setting, with a shorter 10 epochs training. The
filtering mechanism in our aligner finally filter out
37.12% of the segmented regions.

B Results of MATE and MASC task

We further examine our method on two extra
MABSA subtask: Multimodal Aspect Term Ex-
traction (MATE) and Multimodal Aspect-oriented
Sentiment Classification (MASC). The former ex-
tracts all aspect terms in the sentence at the prompt
of the image, and the latter predicts the sentiment
polarities for the given aspect.

As shown in Table 8 and 9, IEA achieves lead-
ing or highly competitive results on both MATE
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Figure 5: Improvement of data efficiency.
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Twitter2015 Twitter2017

Method &R F [ P R FI
UMT 0.778 0.817 0.797]0.867 0.868 0.867
OSCGA 0.817 0.821 0.819(0.902 0.907 0.904
JML 0.836 0.812 0.824|0.920 0.907 0.914
VLP-MABSA |0.836 0.879 0.857]0.908 0.926 0.917
CMMT 0.839 0.881 0.859(0.922 0.939 0.931
AoM 0.846 0.879 0.862|0.918 0.928 0.923
IEA(Ours) [0.883 0.889 0.885|0.934 0.947 0.940

Table 8: Results of MATE task on Twitter2015/17.

Twitter2015 | Twitter2017
Method ACC _FI | ACC _FI
TomBERT 0772 0.718 | 0.705  0.680
JML 0787 - | 0727 -
VLP-MABSA | 0786 0738 | 0738 0.718
CMMT 0779 - | 0738 -
AoM 0802 0759 | 0764  0.750
DPCI 0.804 0763 | 0752 0747
IEA(Ours) 0.834 0783 | 0778  0.784

Table 9: Results of MASC task on Twitter2015/17.

and MASC, demonstrating strong cross-task trans-
ferability and robustness. It is worth noting that
our method can well adapt to them, only a few
modifications on our instruction are needed.

C Analysis of Data Efficiency

When compared to implicit alignment that relies on
various module to self-learn the alignment relation
during training, one of the advantages of our fine-
grained alignment is the construction of the align-
ment is done externally with our aligner, does not
rely on the massive training set, particularly when
dealing with a limited amount of training data. We
thus investigate how the fine-grained alignment im-
proves the data efficiency by comparing with one of
the strongest baselines of AoM (Zhou et al., 2023).
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From Figure 5, we find that the more training
data, the higher performance our proposed model
can reach. Moreover, the improvement brought by
our fine-grained alignment increases under limited
data size, showing the superiority of fine-grained
alignment in low resource situation, where the
alignment information can be built easily from
external when compared with relying on implicit
alignment learned during training.
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