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Abstract

Multimodal Aspect-Based Sentiment Analysis (MABSA) in-
volves extracting aspect terms from text-image pairs and
identifying their sentiments. Most existing tasks consider one
fixed sentiment category with explicitly mentioned aspects.
However, these tasks seldom consider expressive sentiment
categories, implicit aspects, and explainability. To this end,
we introduce a novel task of Open-domain Explainable Mul-
timodal Aspect-Based Sentiment Reasoning (OX-MABSR).
This task enables the prediction of open-vocabulary aspect-
sentiment pairs, together with the generation of sentiment ex-
planations and reasoning paths. To benchmark OX-MABSR
task, we construct OX-MABSR-Bench, a dataset annotated
with explicit and implicit aspects, expressive sentiment cate-
gories, as well as perceptual and cognitive two-level expla-
nations. The explanations capture visual and textual cues,
including aesthetics, facial expressions, scenes, and textual
semantics, together with background and situational knowl-
edge. In addition, we annotate the reasoning paths that trace
how the sentiment evolves from surface cues to a deeper con-
textual understanding. To address OX-MABSR task, we pro-
pose MABSR-LLM. Extensive experimental results show our
MABSR-LLM outperforms strong baselines. To the best of
our knowledge, we are the first to provide a unified frame-
work for open-domain and explainable MABSR.

Code and Data: —
https://github.com/Liuxj- Anya/OX-MABSR

1 Introduction

Textual Sentiment Analysis (TSA) (Liu 2020) has long
served as a foundational task in natural language processing,
aiming to enable Al systems to understand human sentiment.
Previous works have moved from assigning a coarse-grained
sentiment polarity (Cambria et al. 2020; Zhang et al. 2023)
to determining fine-grained sentiment for specific aspects,
i.e., Aspect-Based task (ABSA) (Lietal. 2021; Ouyang et al.
2024). Recently, the rise of multimodal content has driven
the evolution of multimodal sentiment analysis (MSA) (Wu
et al. 2024a; Hossain et al. 2025). Early efforts in MSA
remained at the coarse level, predicting the overall sen-
timent. Furthermore, Multimodal ABSA (MABSA) (Peng
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NBA record ... for #WildesDreamsMusicVideo

Aspect- (Steph Curry, POS) (Taylor Swift, [Joyful, Playful])
Sentiment (NBA, NEU) (#WildesDreamsMusicVideo, [Anticipatory, Exciting])
Taylor Swift's sentiment is joyful and playful, caused by
her bright smile and direct gaze. #WildesDreamsMusic-
Video's sentiment is anticipatory and exciting, caused
by the subject's joyful expressions and expected text.

Text

Perceptual
Causes
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Taylor Swift's sentiment is joyful and playful, caused by
her role in the "Wildest Dreams" video release. #Wildes-
DreamsMusicVideo's sentiment is anticipatory, caused
by the hype of fans awaiting and discussing its release.

Cognitive
Causes

X

Firstly, we obtain historical informations: Taylor Swift's
2014 song "Wildest Dreams" was praised for its visuals
and boosted the success of 1989. The hashtag "#Wildes-
DreamsMusicVideo" shows fan hype around the release.
—Secondly, we extract aspects: ['Taylor Swift', #Wilde-
sDreamsMusicVideo']. —Thirdly, we gain surface cues:
the aesthetic cue: the image is warm.., the scene is .., and
the facial expressions is ..,—Next, we get intuitive cause

Reasoning
Paths X
: Perceptual Causes— Finally, we use historical cues to
get deeper causes: Cognitive Causes, — The final aspe-
cts and sentiments are (‘'Taylor Swift',['Joyful','Playful']),
(‘#WildesDreamsMusicVideo',[' Anticipatory', Exciting']).

Figure 1: Comparison of the existing MABSA (Col. (a))
with our proposed OX-MABSR (Col. (b)). Our task includes
aspect-sentiment, perceptual and cognitive causes, and rea-
soning paths. Open aspects and the sentiments are shown in
purple. Explainability is shown at the bottom three rows.

et al. 2024; Zhu et al. 2025¢; Liu et al. 2025b) enables as-
pect sentiment detection across modalities.

As shown in Figure 1 (a), however, existing MABSA
tasks (Han et al. 2025) mainly focus on classifying senti-
ment polarity. Thus, they could provide limited insight into
the underlying causes behind sentiment. Moreover, these
tasks assume that aspects are explicitly mentioned in the
text and rely on one predefined sentiment category (e.g.,
Pos/Neu/Neg). Thus, they restrict the ability to handle im-
plicit aspects and express multi-nuanced sentiments. Yet,
sentiments are rarely arbitrary; they are influenced by sur-
face cues and latent contextual factors, such as aesthet-



ics, experiences, social interactions, and historical context.
Moreover, aspects are sometimes implicitly mentioned, and
sentiment can be nuanced. Therefore, we suppose that with-
out considering these factors, sentiment analysis Al systems
struggle to provide a deep and meaningful understanding.

To bridge this gap, in this paper we introduce a novel
OX-MABSR task. This task enables the prediction of open-
vocabulary aspect-sentiment pairs, together with the gen-
eration of two-level sentiment explanations and reasoning
paths. For example, as shown in Figure 1 (b), the task first re-
quires inferring the implicit aspect “Taylor Swift” by jointly
interpreting visual cues and textual context. Then, the task
requires predicting the expressive sentiment and the corre-
sponding causes. By comparison, the OX-MABSR task ex-
tends the conventional MABSA, enabling Open-domain and
Explainability on image-text modalities.

To benchmark the OX-MABSR task, we construct a novel
dataset, OX-MABSR-Bench. It is built based on the previous
MVSA-Multiple dataset (Niu et al. 2016), which only pro-
vides coarse sentiment for image-text pairs. For our purpose,
we propose an automatic annotation approach based on
Chain-of-Thought (CoT) prompting with MLLM. It simu-
lates human-like reasoning steps to enrich each sample with
open-vocabulary aspect-sentiment pairs and two-level sen-
timent explanations. Specifically, the annotation approach
works in multiple steps. First, the MLLM is prompted to
extract events relevant to the given sample and to identify
aspects likely to be sentiment targets from them. Next, it
constructs the two-level causes. The MLLM first analyzes
observable surface cues such as visual aesthetics, facial ex-
pressions, image scenes, and textual semantics to deter-
mine perceptual causes. Subsequently, to construct cognitive
causes, it analyzes latent contextual knowledge. This knowl-
edge includes historical background and significant events,
enabling it to infer more implicit motivations. Finally, the
MLLM merges two-level causes for multi-expressive senti-
ments. In addition, we extract intermediate reasoning paths
from the CoT process, capturing the inference trajectory
from surface cues to deeper understanding.

To ensure the quality of annotations, we propose a val-
idation approach. It combines MLLM reasoning capabili-
ties with human verification. For each annotated sample, the
MLLM first assumes the annotations are correct and pro-
vides supportive reasons. Simultaneously, it critiques the
annotations are incorrect and provides oppositive reasons.
Then, given both supportive and oppositive reasons, it makes
a final judgment on its validity. This scheme guides the
MLLM to reflect on both sides of reasoning, reducing hal-
lucinations and enhancing factual consistency. Finally, we
conduct a round of manual review to ensure overall qual-
ity. Thus, we obtain high-quality OX-MABSR-Bench that
supports not only the prediction of open-vocabulary aspect-
sentiment but also the explainability analysis of sentiment.

To address the OX-MABSR task, we design MABSR-
LLM. The model adopts a visual encoder (SigLIP-2) and
a language backbone (Qwen3) for image-text modalities.
Moreover, our model is trained not only with aspect-
sentiment labels and two-level explanations but also with the
intermediate reasoning paths. This enables the model to per-
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form sentiment inference in multiple steps. It first recognizes
aspects and surface-level cues, then incorporates contex-
tual knowledge for deeper interpretation. Thus, our model
advances aspect-sentiment prediction toward open-domain
sentiment understanding and enhanced explainability.

To summarize, our major contributions are threefold. 1)
We introduce OX-MABSR task, which extends MABSA
task by enabling open-vocabulary aspect-sentiment pairs
prediction, explanations and reasoning paths generation. 2)
We build OX-MABSR-Bench with open-vocabulary labels
to capture expressive sentiments and explicit/implicit as-
pects. Moreover, it offers explanations at perceptual and
cognitive levels, along with reasoning paths. 3) We propose
MABSR-LLM, a strong baseline that uses step-wise reason-
ing to achieve explainable and open-domain understanding
of aspect-based sentiment.

2 OX-MABSR: Dataset Construction

Existing sentiment analysis datasets are limited in both
open-domain generality and explainability. As shown in Ta-
ble 1, previous datasets rely on one fixed category and as-
sume aspects are explicitly mentioned in text. This limits the
reasoning on implicit aspects and multi-nuanced sentiments.
Furthermore, they focus solely on polarity classification, sel-
dom touching the explanation on sentiment causes.

To this end, we design a data construction pipeline pri-
marily driven by MLLM and assisted by human, shown in
Figure 2. The pipeline consists of three stages: annotation
generation, annotation verification, and reasoning data con-
struction. Thereby, we introduce an open-domain explain-
able dataset, OX-MABSR-Bench.

2.1 Annotation Generation

We extend MVSA-Multiple dataset by generating additional
annotations. While MVSA contains image-text pairs labeled
with coarse sentiments, we aim to enrich each sample with
open-vocabulary aspect-sentiment pairs labels, together with
two-level explanations across perceptual and cognitive lev-
els. To this end, we design an automatic annotation approach
based on CoT prompting with Qwen2.5-VL-72B.

The annotation steps are as follows. 1) Event Extrac-
tion. Given an image-text pair, MLLM is prompted to iden-
tify salient events described in the input. These events pro-
vide the narrative structure for subsequent sentiment infer-
ence, anchoring the reasoning in specific contexts. 2) As-
pect Detection. From extracted events, MLLM is prompted
to detect aspects (explicit or implicit) that are likely to be
sentiment targets. 3) Perceptual-level Reasoning. MLLM is
guided to analyze surface-level cues of visual aesthetics,
facial expressions, scene composition, and textual seman-
tics. With the observable cues, it generates corresponding
perceptual causes for each aspect. This level reflects intu-
itive and first-impression explanations. 4) Cognitive-level
Reasoning. MLLM is further prompted to analyze latent
contextual knowledge, including previous events, historical
background, and implicit textual references. Thus, it infers
deeper cognitive causes for each aspect. 5) Sentiments Gen-
eration. MLLM combines both levels of causes to derive
multiple open-vocabulary sentiments for each aspect.



Open/

Dataset Modality #Sample Task Output Granularity Fixed Explainability
CR (Hu and Liu 2004) Text 6,180  Sentiment Coarse Fixed X
Yelp (Zhang and LeCun 2015) Text 59,800 Sentiment Coarse Fixed X
SemEval (Pontiki et al. 2016) Text 8,886  Target, Aspect, Sentiment Fine Fixed X
ACOS (Cai, Xia, and Yu 2021) Text 5,045  Target, Aspect, Opinion, Sentiment Fine Fixed X
MVSA-Multiple (Niu et al. 2016) Image+Text 19,600 Sentiment Coarse Fixed X
Twitter-15/17 (Yu and Jiang 2019) Image+Text 6,412  Aspect, Sentiment Fine Fixed X
OX-MABSR-Bench (Ours) Image+Text 14,705 ASPect Sentiment, Perceptual Causes, gy o 0 v

Cognitive Causes, Reasoning Paths

Table 1: Comparison of our dataset OX-MABSR-Bench with existing sentiment datasets, including text-only and text-image
multimodal datasets. Only our dataset provides open-vocabulary aspect-sentiment pairs and sentiment explanations.
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Figure 2: The pipeline of data construction, including annotation generation, verification, and reasoning data construction.

2.2 Annotation Verification

To ensure the annotation quality, we introduce a validation
approach. It first leverages the reflective reasoning capabil-
ity of MLLMs to verify annotated samples in a principled
and self-consistent manner. Then it adopts a round of human
verification for final quality assurance.

Inspired by adversarial prompting (Paulus et al. 2024)
and argumentation-based evaluation (Liu et al. 2024a), our
MLLM-based validation approach involves three steps. 1)
Supportive Reasoning. For a generated annotation, MLLM
is prompted to assume the annotation is correct and provide
supportive reasons by retrieving contextual and perceptual
evidence from the image-text pairs. 2) Critical Reasoning.
The same annotation is then assumed incorrect, and MLLM
critiques it to provide oppositive reasons by uncovering in-
consistencies or implausible evidence. This step provides
a counter-perspective to expose potential hallucinations. 3)
Reflective Judgment. Finally, MLLM considers the annota-
tion along with the supportive and oppositive reasons, re-
flecting on both perspectives to decide whether the anno-
tation could be accepted. This reflection step helps MLLM
make a more robust and self-aware decision. The MLLM
utilized in this validation approach is Qwen2.5-VL-72B.

Our verification approach encourages MLLM to reason
from both supportive and critical views, reducing halluci-
nations and improving annotation quality. At last, we em-
ployed three human annotators to perform the final review,
where each annotation was accepted by majority voting.

2.3 Reasoning Data Construction

With the aforementioned two stages, we obtain the final
aspect-sentiment pairs and two-level explanations. Further-
more, we extract intermediate reasoning results produced
during the CoT prompting process. The reasoning results

32206

capture the human-like sentiment inference trajectory from
surface cues to contextual understanding. Specifically, we
first extract the intermediate outputs from CoT prompting
process (Sec. 2.1). These outputs are then concatenated us-
ing predefined templates, forming a complete reasoning tra-
jectory of each aspect. The obtained reasoning paths data
takes the form of a sequence, i.e., events — aspect terms
— perceptual causes — cognitive causes — final open-
vocabulary aspect-sentiment pairs.

2.4 OX-MABSR-Bench Overview and Insight

To summarize, our OX-MABSR-Bench includes five ele-
ments. 1) The aspect is the sentiment target, which may
be explicitly mentioned in the text or implicitly inferred
from visual or contextual cues. 2) The sentiment is a set
of open-vocabulary labels describing expressive sentiments,
free from predefined sentiment categories. 3) The percep-
tual causes is a surface explanation based on observable cues
such as facial expressions, visual aesthetics, scene context,
and textual semantics. 4) The cognitive causes is a deeper
explanation based on contextual knowledge such as social
factors and historical events. 5) The reasoning paths is a
complete sequence of intermediate inference steps from raw
inputs to the final sentiment interpretation.

We highlight the characteristics of our proposed OX-
MABSR-Bench. Table 2 reports primary statistics. It com-
prises a total of 14,705 image-text pairs, and includes over
70,000 aspect-sentiment pairs. Notably, over two-thirds of
the aspects are implicit, which poses a significant challenge
for models to infer the implicit aspects. Another property
is its rich sentiment expressiveness. The dataset contains
872 unique sentiment labels, tremendously exceeding con-
ventional predefined three sentiment categories. Each aspect
contains an average of 1.86 sentiment labels, suggesting that



Statistic Train Dev  Test

# Image-Text Pairs 10,295 2,940 1,470
# Aspect-Sentiments Pairs 49,101 14,153 7,044
# Implicit Aspects 34,227 9,977 4910

# Unique Sentiment Labels 872 566 413
Avg. Sentiments per Aspect 1.86 1.86 1.86
Avg. Reasoning Paths Steps 5.00k 5.02k 5.02k

Table 2: Statistics of the OX-MABSR-Bench.
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Figure 3: (a) Length distributions of Perceptual-cognitive
causes and reasoning paths; (b) Domain topic distribution.

sentiments are multifaceted. Moreover, the average reason-
ing paths steps exceed 5,000 characters, showing the com-
plexity involved in tracing sentiment causes.

Furthermore, we perform statistics on causes and reason-
ing paths, together with topics. As shown in Figure 3 (a), we
present the length distribution for perceptual causes, cog-
nitive causes, and reasoning paths. The length is measured
by the number of words. The three elements exhibit dis-
tributions spanning a relatively long range. This indicates
that explanations in our OX-MABSR-Bench are not shallow
but instead involve complex reasoning processes. Finally,
our dataset demonstrates broad topical coverage across real-
world domains, such as culture, technology, travel, music, as
shown in Figure 3 (b). Such diversity supports robust gener-
alization across sociocultural and thematic variations.

3 OX-MABSR: Evaluation Benchmark

We first define our OX-MABSR task and then design a
benchmark framework with appropriate evaluation metrics.

3.1 Task Definition

We define subtasks involved in OX-MABSR. The predic-
tion task of open-vocabulary aspect-sentiment pairs requires
jointly generating aspect terms and their sentiments in free
form. In contrast, MABSA relies on span extraction and pre-
defined sentiment categories. The generation task of two-
level sentiment explanations aims to generate both percep-
tual and cognitive levels causes. The reasoning paths gener-
ation task aims to generate the reasoning trajectory.
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Figure 4: An illustration of Plutchik’s sentiment wheel. Nine
inner core sentiments are shown on the left and the corre-
sponding outer fine-grained sentiments are on the right.

3.2 Aspect-Sentiment Joint Evaluation

The open-vocabulary sentiment labels in OX-MABSR pose
challenges for the conventional evaluation. To this end, we
propose a hierarchical sentiment mapping scheme based on
Plutchik’s sentiment wheel (Plutchik 1980), as shown in Fig-
ure 4. Our scheme consists of two successive normalization
steps. First, a lemmatization function lem(-) is applied to
standardize the sentiment. Next, the standardized sentiment
is mapped onto a hierarchical space using two functions. The
mapping S™(-) gives one of the nine inner sentiments, while
the mapping S°"(-) produces outer fine-grained sentiments,

G* = S*(lem(sentiment)). (1)
Next, let G = {(A;, Vi) }Y, be the true aspect-sentiment

pairs and P = {(4;, )A)])}J]Vi ; denote the predicted ones. We
compute precision, recall, and F1 as follows,
M (G ING* I — A
1 C i A
PT =17 Z{ el M=
1

M =1 L0, otherwise

N (1G"QO)NG" Dl e9 4. _ 4.
RP =38 ooy o T3 =A@
N = |0, otherwise

P* x R*
X e 1 D=’

P* 4+ R*
where the star * represents two cases, in or out. In addition,
M and N are the numbers of predicted and true pairs.

F1* =2

3.3 Explanations and Reasoning Path Evaluation

We evaluate the model’s ability to generate accurate and
meaningful causes and reasoning paths using two groups of
metrics. 1) The lexical-level metrics involve BLEU-1 and
ROUGE-L. These metrics measure the 1-gram overlap (Pap-
ineni et al. 2002) and the longest common subsequence (Lin
2004) between the predicted output § and the true output g.
2) The semantic-level metric is Semantic Coherence (SC).
We define a coherence scoring function f. as follows,

SemanticCoherence = fi.(g, ). 3)

The function f. uses Qwen3-based prompt evaluation (See
Appendix B). The coherence score ranges from O to 1. A
larger score of SC means better consistency.
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Figure 5: Overall architecture of our MABSR-LLM model.

4 Our Proposed MABSR-LLM

We present Multimodal Aspect-Based Sentiment Reasoning
LLM (MABSR-LLM) to tackle OX-MABSR challenges.

4.1 Model Architecture

Figure 5 shows the architecture of our proposed MABSR-
LLM. The model is designed to process both visual and tex-
tual inputs in a unified generative framework, enabling open-
domain and explainable sentiment reasoning. Specifically,
we use SigLIP-2 (Tschannen et al. 2025) to extract image
features, which are projected into the text space via a linear
projection layer. Textual inputs, including task prompts and
sentence, are encoded using the embedding layer of Qwen3-
8B (Qwen Team 2025). To distinguish visual inputs from
textual ones, we enclose the projected image features with
two tokens (img) and (/img), and concatenate them with
text embeddings. The obtained sequence is fed into Qwen3,
which jointly attends to image-text tokens via self-attention.
Guided by task prompts, the model generates structured out-
put elements, including aspect—sentiment pairs, perceptual
and cognitive causes, and reasoning paths.

4.2 Training Objective

We train our MABSR-LLM in two stages with the corre-
sponding objectives. Among them, LoRA-based (Hu et al.
2022) fine-tuning is applied to Qwen3 for efficient adapta-
tion, while the image projection layer is fully tuned to en-
sure effective cross-modal alignment. Firstly, we perform
Supervised Fine-Tuning (SFT) using OX-MABSR-Bench.
All subtasks are trained jointly using multi-task learning.
The objective is to minimize the standard auto-regressive
language modeling loss, i.e.,

T
Lser = =Y 1og Py | y<i, ),
t=1

“

where = denotes the multimodal input and 4.7 is the target
output sequence. This stage equips MABSR-LLM with the
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Method Aspect-Sentiment Joint Evaluation
Pin Rin Flin Pout Rout Flout
mPLUG-Owl-7B  11.36 1091 11.13 1029 9.64 9.95
DeepSeek-VL2  10.46 13.29 11.70 10.11 11.62 10.81
LLaVA-NeXT-7B 12.71 12.02 12.35 13.26 12.94 13.09
Qwen2.5-VL-7B  14.52 11.33 12.72 13.51 1091 12.07
Janus-Pro-7B 13.59 15.85 14.63 11.82 13.07 12.41
InternVL3-8B 15.73 14.49 15.08 16.49 15.11 15.76
MABSR-LLM  44.94 44.37 44.65 40.79 40.53 40.66

Table 3: Performance comparison on Aspect-Sentiment.

ability of foundational sentiment reasoning.

Secondly, we apply GRPO-based reinforcement learning
(RL) (Shao et al. 2024b) to improve the model’s reasoning
ability. Specifically, we define a hybrid reward function. A
lexical-level reward froue is first applied, which evaluates
lexical overlap based on ROUGE-L. Although this reward
captures the literal correctness, it could penalize the seman-
tically valid output. Therefore, a semantic-level reward f.
that measures semantic coherence is applied. The final re-
ward is a weighted sum of these two terms, i.e.,

r(9,y) = Afrouge(@y) +(1— )‘)fsc(@7y)7 (5)

where y is the true output and ¢ is the predicted one. For
better semantic consistency, we set A = 0.3 to downweight
ROUGE-L for lexical diversity and upweight SC. Finally,
our GRPO loss encourages the model to generate outputs
with higher rewards via preference-based optimization,

Lerro = Ejr, [1(3,y) log ma ()] - 6)

Here, the model 7y is parameterized by 6.

5 Experiments and Analysis
5.1 Experimental settings

Baselines. We benchmark our MABSR-LLM against exist-
ing MLLMs on OX-MABSR-Bench. The baseline models
include mPLUG-Owl (Ye et al. 2024), DeepSeek-VL2 (Wu
etal. 2024b), LLaVA-NeXT (Liu et al. 2024b), Qwen2.5-VL
(Bai et al. 2025), InternVL3 (Zhu et al. 2025b) and Janus-
Pro (Chen et al. 2025). Each model receives identical mul-
timodal inputs and unified task prompts (See Appendix C).
They are required to generate aspect—sentiment pairs, per-
ceptual and cognitive causes, and reasoning paths.
Implementation Details. We train our model on four
A6000 GPUs using AdamW optimizer (Loshchilov and Hut-
ter 2017) and the LoRA rank is set to 8. For SFT, we use a
batch size of 4 and a learning rate of 5e~> for 5 epochs. For
GRPO, we train for 10e® steps with a learning rate of 5e 5.

5.2 Main Results

Table 3 and Table 4 report the performance of MABSR-
LLM against other MLLMs on OX-MABSR-Bench. 1) As-
pect—Sentiment Pairs Prediction. Our model achieves the
best performance, outperforming the second-best model
InternVL3-8B by 29.57 and 24.90 Fl-score, respectively.



Cognitive Causes Reasoning Paths

BLEU-1 ROUGE-L SC BLEU-1 ROUGE-L SC BLEU-1 ROUGE-L SC

Method Perceptual Causes

mPLUG-OwI-7B (Ye et al. 2024) 15.62 16.73  31.83
DeepSeek-VL2 (Wu et al. 2024b) 12.40 15.86  44.04
LLaVA-NeXT-7B (Liu et al. 2024b)  16.54 18.36  46.70
Janus-Pro-7B (Chen et al. 2025) 19.11 18.41 34.21
Qwen2.5-VL-7B (Bai et al. 2025) 2991 19.77  59.40
InternVL3-8B (Zhu et al. 2025b) 26.63 18.35  54.80
MABSR-LLM (Ours) 45.46 40.79 71.21

22.43 18.14  50.82  8.09 12.17  49.33
19.59 16.05 4742 7.18 9.34 45.13
21.05 1827 5565 754 11.73  47.28
23.68 18.66 5142 9.13 1231 5240
26.01 1790 5796 14.80 1538  51.94
27.94 1893 5847 15.89 14.61  53.76
45.55 40.60 70.53 61.73 47.82 7217

Table 4: Performance comparison on perceptual causes, cognitive causes, and reasoning paths generation.

Method Aspect-Sentiment Perceptual Causes Cognitive Causes Reasoning Paths
F1™® F1ouw BLEU-1 ROUGE-L SC BLEU-1 ROUGE-L SC BLEU-1 ROUGE-L SC
w/o Multimodal 31.15 27.67 31.28 29.97  48.34 32.07 3042 5039 45091 3425 5278
w/o RL 38.61 35.22 40.05 34.68  62.87 39.97 33.71  60.88 57.28 4133  65.18
w/o RP-Task 41.72 38.69 42.85 37.94 6726 41.61 36.52  66.78 51.38 38.16  60.77
Full MABSR-LLM 44.65 40.66 45.46 40.79  71.21 45.55 40.60 70.53 61.73 47.82 7217

Table 5: Ablation results on MABSR-LLM, showing the effect of various components on performance across all subtasks.

While general-purpose MLLMs can partially identify as-
pect—sentiment pairs via prompts, they struggle with open-
vocabulary settings. In contrast, our model demonstrates re-
markable performance through two-stage learning. 2) Sen-
timent Explanations Generation & Reasoning Paths Gen-
eration. Our model achieves the highest performance on
both subtasks. For example, in the first task, it surpasses
the second-best model by 11.81 and 12.03 in SC score, re-
spectively. In the second task, it surpasses the second-best
model by 18.41 in SC score. Baseline MLLMs tend to pro-
duce generic explanations and lack step-by-step sentiment
reasoning, whereas our model conducts multi-step reason-
ing to generate coherent causes and sentiment trajectories
based on perceptual and contextual cues.

5.3 Ablation Study

On Model Component. The result is given in Table 5. w/o
Multimodal Input denotes that we train text-only MABSR-
LLM without images. The performance degrades greatly,
showing the importance of images in reasoning implicit as-
pects, expressive sentiments and causes. w/o RL denotes
the model trained only with SFT. The corresponding perfor-
mance drops, showing RL’s effectiveness in improving accu-
racy and semantic consistency. w/o Reasoning Path Task de-
notes the model is trained with only aspect—sentiment pairs
and two-level explanations. The big drop in reasoning path
performance shows that the model struggles with step-wise
reasoning. Moreover, the aspect—sentiment prediction and
explanations generation also decline, showing that learning
reasoning paths helps improve the model’s sentiment ability.
On LLM Backbone. We replace the Qwen3 backbone
in MABSR-LLM with other LLMs, including LLaMA3-8B
(Llama Team 2024) and ChatGLM?3-6B (GLM et al. 2024).
As shown in Figure 6 (a), Qwen3 outperforms other back-
bones in semantic coherence, validating its effectiveness.
On LoRA Rank. As shown in Figure 6 (b), we find that
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Figure 7: (a) F1 for two types of aspects prediction; (b) SC
for explanation generation under three-level difficulty.

a rank of 8 yields the best reasoning quality. In contrast, a
lower rank of 4 results in degraded performance, due to a
limited learning capacity. A slight performance drop with
the rank increased to 16, possibly due to the model’s overfit-
ting. The rank of 8 is our best choice in LoRA.

On Open-vocabulary Aspects. As shown in Figure 7 (a),
we analyze the performance gap between explicit and im-
plicit aspects in the aspect-sentiment pairs prediction task.
The results clearly show a significant drop in F1 scores for
implicit aspects. These implicit aspects can only be inferred
from visual cues and textual context, indicating that recog-
nizing them remains a challenge due to lack of direct cues.

On Explanation Difficulty. We divide explanation diffi-
culty levels based on the explanation length. The top one-



third with the shortest length is considered Easy. The mid-
dle and the bottom are taken as Moderate and Hard, respec-
tively. In Figure 7 (b), we report the sentiment explanations
and reasoning paths generation tasks under three difficulty
levels. Performance consistently drops with increasing dif-
ficulty, suggesting longer, more compositional explanations
are harder to generate due to higher reasoning complexity.
The above two studies show that our dataset remains chal-
lenging and is a valuable benchmark for OX-MABSR task.

5.4 Case Study

We present a case study comparing our MABSR-LLM with
the second-best MLLM InternVL3-8B, as shown in Fig-
ure 8. The aspect “The Giving Pledge” is not explicitly men-
tioned in the textual input. The competitor InternVL3-8B
fails to recognize it. In contrast, our model identifies this as-
pect by leveraging visual cues and background knowledge,
specifically the blue-box region, which includes “99% of
his wealth will go to charity” and shows a strong connec-
tion to this aspect. This demonstrates our model’s prediction
capacity for multimodal implicit aspects. In sentiment pre-
diction, the competitor produces only a single rather sim-
plistic sentiment for this aspect. Conversely, our model is
capable of generating multiple and more expressive senti-
ments. Furthermore, regarding explanations generation, the
competitor produces shallow and generic causes (e.g., “his
achievements” or “public persona”) without considering ob-
servable details and background knowledge. In contrast, our
MABSR-LLM successfully identifies visual causes, such as
“friendly expression”, “calm demeanor”, and “long-standing
success”. In addition, it captures more abstract background
attributions, including “a principled approach to life” and
“philanthropy that inspired millions globally”.

6 Related Work
6.1 Aspect-Based Sentiment Analysis

TSA has evolved from coarse-grained classification (Cam-
bria et al. 2020; Zhang et al. 2023) to fine-grained ABSA
(Yin and Zhong 2024), which identifies sentiments of spe-
cific aspects and has been extended to extract sentiment tu-
ples (Nie et al. 2024; Jian et al. 2025). With the popularity of
multimodal content, researchers have explored MSA (Gao
et al. 2024; Xia et al. 2025) using visual cues to enhance
sentiment analysis. Furthermore, MABSA integrates textual
and visual inputs to detect aspect-level sentiment (Zhu et al.
2025a; Liu et al. 2025a; Sun et al. 2025), emphasizing cross-
modal alignment. Although MABSA has made significant
progress, most existing works still focus on sentiment clas-
sification, without uncovering deeper causes, and assume as-
pects are explicit and sentiment are predefined.

In contrast, we propose OX-MABSR task, which extends
MABSA to predict open-vocabulary aspect-sentiment pairs
and generate explanations and reasoning paths.

6.2 LLM-Guided Data Annotation

Recently, LLMs are widely used for scalable data annota-
tion, providing richer context and commonsense than tradi-
tional methods. CoT prompting (Wei et al. 2022; Sahoo et al.
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Figure 8: A case result by MABSR-LLM and a competitor.

2024) improves LLMs’ complex reasoning by guiding step-
by-step inference. In data construction, several studies lever-
age CoT prompting (Shao et al. 2024a; Chen et al. 2024)
to generate explanations and structured datasets, such as vi-
sual explanations (Mitra et al. 2024) and explainable QA
datasets (Chu et al. 2025). These works show that LLMs can
serve as annotators and reasoners, generating more detailed,
explanation-oriented supervision signals. We construct OX-
MABSR-Bench, driven by MLLMs and assisted by humans.
We further design MABSR-LLM to address this task.

7 Conclusion and Future Work

In this paper, we introduce a novel task, OX-MABSR.
It significantly extends traditional MABSA tasks to open-
vocabulary aspect-sentiment prediction and explainable sen-
timent reasoning. To benchmark this task, we construct OX-
MABSR-Bench, a challenging dataset annotated with ex-
plicit/implicit aspects, expressive sentiment categories, and
two-level (perceptual/cognitive) explanations along with
reasoning paths. To address this task, we propose MABSR-
LLM, a step-wise multimodal reasoning model for open-
domain explainable aspect-based sentiment understanding.
Experiments show it outperforms strong baselines.

In the future, we will enhance contextual reasoning with
commonsense knowledge and causal inference. We plan to
extend this benchmark with additional modalities (e.g., au-
dio and video) and to the multimodal dialogue domain.
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