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Abstract

Multimodal aspect-based sentiment classifi-
cation (MABSC) requires aspect-level senti-
ment inference from textual-image data that
jointly convey opinions. Yet most existing
approaches primarily exploit discrete polar-
ity patterns and generic visual embeddings,
making them less effective when the affect
is subtle, implicit, or expressed through im-
agery. In this work, we propose VADE, a Va-
lence–Arousal–Dominance (VAD)-Enhanced
MABSC framework that brings continuous
VAD signals into multimodal sentiment rea-
soning and learns emotion-sensitive image rep-
resentations. Specifically, we design a VAD
encoder to extract continuous affect cues from
text for aspect-level sentiment reasoning. Fur-
thermore, we fine-tune a CLIP-based image
encoder on affect-enriched image–text pairs
to obtain visual representations that are more
sensitive to sentiment cues. To support the
fine-tuning process, we construct an affect-
enriched image–text dataset Senti-COCO by
rewriting MSCOCO captions with a multi-
modal large language model, which yields
large-scale image-text pairs with richer affec-
tive expressions. Experiments on two main-
stream datasets, Twitter-15 and Twitter-17,
show that VADE achieves state-of-the-art re-
sults, demonstrating the effectiveness of in-
corporating VAD signals for MABSC. Our
code and dataset are publicly available at
https://github.com/Maydayflower/VADE.

1 Introduction

Multimodal aspect-based sentiment classification
(MABSC) aims to predict the sentiment polar-
ity toward a given aspect term in user-generated
posts, such as tweets, where text and images jointly
convey opinions (Zhao et al., 2024). Compared
with sentence-level multimodal sentiment analysis,
MABSC requires finer-grained reasoning because
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Figure 1: An example of multimodal aspect-based sen-
timent classification (MABSC): given an image, its ac-
companying tweet, and the aspect terms (highlighted
in the text), the goal is to predict the sentiment polarity
(POSITIVE/NEUTRAL/NEGATIVE) for each aspect term.

multiple aspects can co-exist in the same tweet and
each aspect may associate with a different senti-
ment. As shown in Figure 1, each sample consists
of an image–text pair with aspect terms marked in
the text, and the model predicts a polarity label for
each aspect term.

Existing MABSC methods have mainly focused
on improving how textual and visual evidence
is aligned and fused, aiming to reduce modality
noise while highlighting aspect-relevant sentiment
cues (Yu and Jiang, 2019; Yu et al., 2019; Khan
and Fu, 2021; Xu et al., 2019; Yang et al., 2022).
As a result, current approaches typically treat the
image as a source of auxiliary evidence and rely
on certain fusion mechanisms to discover whatever
cues the visual modality may contain. This reflects
a common research paradigm in sentiment analysis,
where pretrained models are used to extract fea-
tures and a classifier is applied to predict discrete
sentiment labels.

However, affect is inherently continuous:
decades of psychology describe core affect along
continuous dimensions (Russell, 1980, 2003). To
address this gap, recent research has introduced
emotion space theory into sentiment analysis, advo-
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cating for Dimensional Sentiment Analysis (DSA)
that models continuous affective variation rather
than relying solely on discrete categories (Park
et al., 2021; Ghosh et al., 2023). While dimen-
sional sentiment analysis has proven effective
in capturing nuanced human emotions through
continuous affective dimensions such as valence
and arousal (Buechel and Hahn, 2017; Yu et al.,
2016), its application has been largely confined to
document-level or sentence-level analysis in uni-
modal settings. Although the dimABSA shared
task (Lee et al., 2024) represents progress toward
dimensional aspect-level analysis, the participat-
ing systems (Zhang et al., 2024; Zhu et al., 2024)
remain text-centric, overlooking the complemen-
tary visual cues that current MABSC research has
shown to be valuable. Therefore, a critical ques-
tion remains unresolved: how can we effectively
incorporate continuous dimensional affect repre-
sentations into MABSC to capture both the nuanced
intensity of emotions and the complementary infor-
mation from visual and textual modalities?

In this work, we propose VADE, a Va-
lence–Arousal–Dominance (VAD)-Enhanced
framework for MABSC that explicitly integrates
continuous affect into aspect-level sentiment
reasoning. To facilitate affect-aware visual
representation learning, we first construct Senti-
COCO, an affect-enriched image–text dataset
derived from MSCOCO (Chen et al., 2015) by
rewriting caption sets with a multimodal large
language model, Qwen2.5-VL-7B (Bai et al.,
2025). Specifically, we craft prompts that ask
Qwen2.5-VL-7B to keep the visual content
intact while rephrasing the captions to express
stronger and more nuanced emotion, so that
each image is paired with a caption that conveys
richer affective signals. Built on this dataset, we
develop an Affect-Aware CLIP visual encoder
by fine-tuning CLIP on Senti-COCO so that the
resulting image representations are more sensitive
to affective cues. Together with an aspect-aware
text encoder and a BERT-based VAD encoder for
extracting Valence–Arousal–Dominance signals
from text, these components form our full VADE
framework for multimodal aspect-level sentiment
classification.

Our contributions are summarized as follows:

• We propose VADE, a VAD-Enhanced
MABSC framework that incorporates contin-
uous Valence–Arousal–Dominance signals

into aspect-level sentiment reasoning.

• We design a VAD encoder to extract affect
cues from text and integrate the resulting VAD
features into the VADE model, complement-
ing the traditional discrete polarity patterns.

• We create Senti-COCO, an affect-enriched
image-text dataset by rewriting the MSCOCO
captions with Qwen2.5-VL-7B, and use it to
fine-tune a CLIP-based image encoder, yield-
ing emotion-sensitive visual representations
that better capture affective cues.

2 Related Work

2.1 Multimodal Aspect-based Sentiment
Classification (MABSC)

MABSC extends traditional aspect-based senti-
ment analysis by incorporating multiple modalities,
such as images, to enhance sentiment inference at
the aspect level. Early studies demonstrate that
visual information can provide complementary sen-
timent cues when textual expressions are implicit
or ambiguous, motivating the integration of visual
and textual signals for fine-grained sentiment un-
derstanding.

Prior MABSC research has mainly improved
aspect-level prediction by enhancing cross-modal
alignment and fusion while reducing modality
noise. Early target-aware models introduce target-
sensitive text representations and target–image
matching (Yu and Jiang, 2019), and subsequent
work develops richer interaction and fusion mech-
anisms (Yu et al., 2019; Zhang et al., 2021). To
better bridge the modality gap, several methods
adopt alignment/translation or structured reason-
ing designs, including coarse-to-fine image–target
matching (Yu et al., 2022b), hierarchical interac-
tion with reconstruction (Yu et al., 2022a), and
caption/graph-assisted grounding or filtration (Xiao
et al., 2023; Huang et al., 2023; Wang et al.,
2023). More recently, vision–language pretrain-
ing has been explored to encode aspect/sentiment
signals (Ling et al., 2022; Zhou et al., 2023), with
additional efforts incorporating sentiment-aware
pretraining or affective region modeling (Ye et al.,
2022; Jia et al., 2023).

2.2 Dimensional Sentiment Analysis

Dimensional Sentiment Analysis models affective
states in a continuous space rather than assigning
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discrete sentiment labels. Early studies in psychol-
ogy represent emotions using low-dimensional con-
tinuous variables, such as Valence-Arousal (VA)
or Valence-Arousal-Dominance (VAD), which de-
scribe emotional polarity, intensity, and control, re-
spectively. Among them, the circumplex model
proposed by Russell characterizes emotions as
points in a two-dimensional valence-arousal space,
providing a principled foundation for continuous
affect modeling.

Building upon these theories, computational
approaches have explored dimensional sentiment
analysis primarily in text-based settings. Early
methods rely on lexicon-based mappings or re-
gression models to predict affective dimensions
from linguistic features (Mohammad, 2018, 2025).
Mohammad obtained reliable human ratings of va-
lence, arousal, and dominance for over 20,000
English words using Best-Worst Scaling, creat-
ing the NRC VAD Lexicon. With the advent of
deep learning, neural models employing recurrent
or transformer-based architectures have been pro-
posed to capture contextual cues and map text repre-
sentations to continuous emotion scores (Park et al.,
2021; Alahmadi et al., 2025). Such approaches
demonstrate improved flexibility in modeling sub-
tle emotional variations compared to discrete senti-
ment classification.

However, dimensional sentiment analysis re-
mains largely absent in multimodal and fine-
grained domains. Existing approaches predomi-
nantly focus on holistic emotion prediction at the
document or sentence level (Buechel and Hahn,
2017; Yu et al., 2016), without explicitly modeling
affective dimensions for specific aspects or enti-
ties within the content. Similarly, while recent
work has begun exploring dimensional representa-
tions in aspect-based sentiment analysis (Lee et al.,
2024), these approaches have primarily remained
in the unimodal text domain, neglecting the rich
semantic information available in accompanying
images (Zhang et al., 2024).

3 Method

Task Definition. Multimodal Aspect-Based Sen-
timent Classification (MABSC) aims to identify
the sentiment polarity expressed toward a specific
aspect by jointly exploiting textual and visual in-
formation. Formally, each data instance is repre-
sented as a triplet (I, T, a), where I denotes an
associated image, T = {w1, . . . , wn} is a sen-

tence, and a indicates the target aspect term. The
objective of MABSC is to predict a sentiment la-
bel y ∈ {positive, neutral, negative} that reflects
the sentiment toward aspect a conditioned on both
modalities, which can be formulated as:

y = argmax
c∈Y

p(c | I, T, a). (1)

Model Overview. As shown in Figure 2, our pro-
posed framework consists of (i) a feature extractor
that produces textual features, (ii) a VAD encoder
that maps an input sentence to a 3-dimensional
Valence–Arousal–Dominance vector, and (iii) an
Affect-Aware CLIP module that adapts the CLIP
image encoder using affect-enriched image–text
pairs constructed via an MLLM. For each instance,
we obtain the text representation t, image represen-
tation v, and VAD vector e. We concatenate these
features and use an MLP classifier to predict the
sentiment polarity.

3.1 VAD Encoder
To incorporate continuous affect, we train a VAD
encoder that maps a sentence to a 3-dimensional af-
fect vector e = [Val,Aro,Dom] ∈ R3. Although
the NRC-VAD lexicon provides word-level VAD
ratings, we train the model to predict sentence-level
VAD via weak labeling.

3.1.1 Weak Sentence-level VAD Targets from
NRC-VAD

Given an input sentence S = {w1, . . . , wm}, we
match tokens that appear in the NRC-VAD lexi-
con. Let M(S) be the set of matched tokens and
v(w) ∈ R3 be the lexicon VAD vector for token
w. We construct a pseudo sentence-level target by
averaging matched token scores:

e∗S =
1

|M(S)|
∑

w∈M(S)

v(w). (2)

3.1.2 Training and Inference
We use a BERT encoder (Devlin et al., 2019) fol-
lowed by a regression head g(·) to predict VAD:

hS = BERT(S), êS = g(hS) ∈ R3. (3)

The training objective is mean squared error:

LVAD = ∥êS − e∗S∥22 . (4)

During MABSC inference, we feed the tweet sen-
tence (we use the same sequence X̃ for consis-
tency) into the VAD encoder to obtain:

e = fVAD(X̃) ∈ R3, (5)
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Figure 2: Overview of the proposed VADE framework. (a) Construction of Senti-COCO: for each MSCOCO
image, the original caption set is rewritten by Qwen2.5-VL-7B into an affect-enriched caption; the resulting 123K
image–caption pairs are used to fine-tune CLIP with a contrastive objective. (b) VADE for MABSC: the tweet
sentence and aspect term are concatenated as T [SEP ]a and encoded by a BART encoder to obtain textual features,
while a VAD encoder predicts a continuous affect vector that modulates the text representation; in parallel, the image
is encoded by the affect-aware CLIP image encoder. The modulated text feature and image feature are concatenated
and fed into a sentiment classifier to predict the aspect-level polarity.

which is then fused with t and v for polarity predic-
tion.

3.1.3 VAD-Conditioned Modulation of Text
Representations

Beyond concatenating VAD as an auxiliary fea-
ture, we further inject affect into the textual stream
via a VAD-conditioned feature modulation layer.
Let H ∈ RB×L×dt denote the token-level hidden
states output by the text encoder (BART) for a mini-
batch of size B and sequence length L. Given the
VAD vector e ∈ R3, we generate a sample-specific
scaling vector and bias vector through two linear
mappings:

γ = Wγe+ bγ ∈ Rdt ,

β = Wβe+ bβ ∈ Rdt .
(6)

We then apply a channel-wise affine transforma-

tion (FiLM-style modulation) to all tokens:

H̃b,l,: = γb ⊙Hb,l,: + βb (7)

∀ b ∈ {1, . . . , B}, l ∈ {1, . . . , L}, (8)

where ⊙ denotes element-wise multiplication. Fi-
nally, we obtain a VAD-modulated sentence repre-
sentation by mean pooling over the sequence:

tvad =
1

L

L∑

l=1

H̃:,l,: ∈ RB×dt . (9)

This module enables the continuous VAD signal to
explicitly control the magnitude and bias of textual
feature channels, thereby producing affect-aware
text representations for downstream fusion and clas-
sification.
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3.2 Affect-Aware CLIP

Standard CLIP features primarily emphasize gen-
eral semantic alignment between images and text.
To obtain affect-sensitive image representations,
we fine-tune CLIP on an affect-enriched dataset
constructed by rewriting captions to contain richer
emotional expressions.

3.2.1 Dataset Construction
We start from MSCOCO, where each image is
associated with multiple human-written captions.
As shown in Figure 2(a), for each image I , we
collect its caption set C = {C1, . . . , Cm} and
input (I, C) into the multimodal large language
model Qwen2.5-VL-7B. The model is prompted
to produce an affect-enriched caption C̃ that (i)
preserves the visual content described by C and
(ii) is more emotionally expressive. We then con-
duct a manual verification step to filter out low-
quality generations (e.g., content drift or incon-
sistent descriptions), ensuring the rewritten cap-
tions remain faithful to the image content. This
yields an affect-enriched training pair (I, C̃). Ag-
gregating over images, we construct a dataset of
123K affect-enriched image–text pairs, denoted as
Senti-COCO. More details about the construction
of Senti-COCO are provided in Appendix A.

3.2.2 CLIP Fine-tuning Objective
Let D̃ = {(Ii, Ti)}Ni=1 denote the constructed
affect-enriched dataset, where Ti = C̃i is the affect-
enriched caption rewritten for image Ii. We adapt
CLIP by optimizing a bidirectional contrastive
learning objective that pulls matched image–text
pairs together while pushing mismatched pairs
apart within each mini-batch.

Encoders and normalized embeddings. CLIP
consists of an image encoder fimg(·) (ViT-B/32)
and a text encoder ftxt(·), followed by linear pro-
jections into a shared 512-dimensional embedding
space. For a mini-batch of size B, we compute
ℓ2-normalized embeddings:

vi =
Wimgfimg(Ii)

∥Wimgfimg(Ii)∥2
,

ui =
Wtxtftxt(Ti)

∥Wtxtftxt(Ti)∥2
,

(10)

where vi,ui ∈ R512.

Similarity with temperature. We compute the
pairwise cosine similarities for all image–text pairs

in the batch and scale them by a learnable tempera-
ture τ > 0:

Sij =
v⊤
i uj

τ
, i, j ∈ {1, . . . , B}. (11)

Here, (Ii, Ti) is treated as the only positive pair for
image Ii (and text Ti), while {Tj}j ̸=i and {Ij}j ̸=i

serve as in-batch negatives.

Image-to-text and text-to-image contrastive
learning. We define a categorical distribution
over candidate texts given an image:

p(j | i) = exp(Sij)∑B
k=1 exp(Sik)

, (12)

and similarly a distribution over candidate images
given a text:

q(j | i) = exp(Sji)∑B
k=1 exp(Ski)

. (13)

The image-to-text loss encourages the matched cap-
tion Ti to be the most probable text for image Ii:

Li2t = − 1

B

B∑

i=1

log p(i | i)

= − 1

B

B∑

i=1

log
exp(Sii)∑B
j=1 exp(Sij)

.

(14)

The text-to-image loss is defined analogously:

Lt2i = − 1

B

B∑

i=1

log q(i | i)

= − 1

B

B∑

i=1

log
exp(Sii)∑B
j=1 exp(Sji)

.

(15)

Finally, we optimize the symmetric CLIP objective:

LCLIP =
1

2
(Li2t + Lt2i) , (16)

which enforces bidirectional alignment between
affect-enriched captions and their corresponding
images. In practice, we treat τ as a learnable scalar
updated jointly with the encoder and projection
parameters.

3.2.3 Fine-tuning Configuration
We perform full-parameter fine-tuning (vision en-
coder, text encoder, and projections; ∼ 150M train-
able parameters). We use AdamW with learn-
ing rate 1 × 10−6, weight decay 0.01, and β =
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Label
Twitter-15 Twitter-17

Train Dev Test Train Dev Test

Positive 928 303 317 1508 515 493
Neutral 1883 670 607 1638 517 573
Negative 368 149 113 416 144 168

Total 3179 1122 1037 3562 1176 1234

Table 1: Statistics on two datasets of MABSC.

(0.9, 0.98), and apply gradient clipping with max
norm 1.0. The learning rate follows cosine anneal-
ing with 10% warmup and a minimum learning
rate of 1×10−7. We train for 10 epochs with FP16
mixed precision and an effective batch size of 128
(batch size 32 with 4-step gradient accumulation).

4 Experiments

4.1 Experimental Settings
Datasets and Evaluation Metrics. We evalu-
ate our approach on two widely used datasets for
MABSC: Twitter-15 and Twitter-17, where each
instance consists of an image-tweet pair and a set
of aspect terms annotated in the tweet text. The
statistics for these datasets are presented in Ta-
ble 1. Following the standard protocol in prior
work, we use the official train/dev/test splits pro-
vided by the benchmarks. We report Accuracy
(Acc) and Macro-F1 as evaluation metrics.

Implementation Details. Our model contains
three main components: an aspect-aware text en-
coder, a VAD encoder, and a CLIP image encoder
adapted by affect-enriched image–text pairs. For
the textual input, we follow an aspect-conditioned
formulation and construct the sequence by append-
ing the aspect term to the tweet with a separator:

X̃ = X [SEP] a, (17)

which is fed into BART to obtain hidden states. In
parallel, the VAD encoder takes the same sequence
X̃ as input and outputs a 3-dimensional VAD vec-
tor e ∈ R3.

To inject affect into the textual stream, we imple-
ment a VAD-conditioned modulation layer (FiLM-
style): two linear mappings transform e into a per-
sample scaling vector and bias vector, which are
applied channel-wise to the text hidden states, fol-
lowed by mean pooling to form the affect-aware
text representation. We then concatenate the affect-
aware text feature and the image feature, and feed

the resulting representation into a lightweight MLP
classifier for polarity prediction.

We set the maximum input length to 128 and
train the MABSC model for 20 epochs with a batch
size of 16. We optimize the model using AdamW
with learning rate 2× 10−5, warmup steps 0, and
gradient clipping with max_grad_norm = 1.0. We
report the average performance over multiple ran-
dom seeds. All the models are trained and imple-
mented based on PyTorch with one NVIDIA RTX
A6000 GPU.

Compared Baselines. We compare VADE with
representative baselines under three settings:
image-only, text-only, and text+image multimodal
models. For image-only methods, we include Res-
Target (Yu and Jiang, 2019), which extracts visual
features for target-aware sentiment prediction. For
text-only methods, we consider MGAN (Fan et al.,
2018) and BERT (Devlin et al., 2019), representing
strong pretrained language models. For text+image
baselines, we compare against a broad set of multi-
modal MABSC approaches, including MIMN (Xu
et al., 2019), TomBERT (Yu and Jiang, 2019), EF-
CapTrBERT (Khan and Fu, 2021), FITE (Yang
et al., 2022), ITM (Yu et al., 2022b), and VLP-
MABSA (Ling et al., 2022), which cover target-
aware fusion, caption-augmented modeling, and
task-specific vision–language pretraining. We fur-
ther include AMIFN (Yang et al., 2024), DPCI (Liu
et al., 2025), and TCMT (Zou et al., 2025) as re-
cent state-of-art methods, and compare large mul-
timodal or foundation-model baselines, including
DeepSeek-V3 (Liu et al., 2024a), LLaMA (Tou-
vron et al., 2023), and LLaVA-v1.5 (Liu et al.,
2024b). For fair comparison, we follow the evalua-
tion protocol and data splits reported in prior work
and use the officially released implementations or
re-implement the models when necessary.

4.2 Main Results

Table 2 reports the performance comparison on
Twitter-15 and Twitter-17. VADE achieves the best
results on both benchmarks, reaching 81.87 Acc
/ 77.40 Macro-F1 on Twitter-15 and 77.45 Acc /
76.38 Macro-F1 on Twitter-17. Compared with
the strongest non-ours MABSC baseline, TCMT,
VADE yields consistent improvements: +0.47 Acc
/ +0.70 Macro-F1 on Twitter-15 and +0.15 Acc /
+0.58 Macro-F1 on Twitter-17. VADE also sur-
passes the recent DPCI model by a clear mar-
gin (+1.45 Acc / +1.01 Macro-F1 on Twitter-15;
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Models Twitter-15 Twitter-17

Acc Macro-F1 Acc Macro-F1

Image Only Res-Target (Yu and Jiang, 2019) 59.88 46.48 58.59 53.98

Text Only
MGAN (Fan et al., 2018) 71.17 64.21 64.75 61.46
BERT (Devlin et al., 2019) 74.15 68.86 68.15 65.23

Text and Image

MIMN (Xu et al., 2019) 71.84 65.69 65.88 62.99
TomBERT (Yu and Jiang, 2019) 77.15 71.75 70.34 68.03
EF-CapTrBERT (Khan and Fu, 2021) 78.01 73.25 69.77 68.42
FITE (Yang et al., 2022) 78.49 73.90 70.90 68.70
ITM (Yu et al., 2022b) 78.27 74.19 72.61 71.97
VLP-MABSA (Ling et al., 2022) 78.60 73.80 73.80 71.80
AMIFN (Yang et al., 2024) 78.68 75.50 72.29 70.21
DPCI (Liu et al., 2025) 80.42 76.39 75.20 74.73
TCMT (Zou et al., 2025) 81.4 76.7 77.3 75.8
DeepSeek-V3♣ (Liu et al., 2024a) 62.49 62.28 63.29 61.83
LLaMA♣ (Touvron et al., 2023) 78.30 74.10 73.58 73.44
LLaVA-v1.5♣ (Liu et al., 2024b) 77.90 74.30 74.60 74.30

VADE (ours) 81.87† 77.40† 77.45† 76.38†

Table 2: Performance comparison on Twitter-2015 and Twitter-2017 datasets. ♣ denotes the results from DPCI (Liu
et al., 2025). † indicates that our model is significantly better than all the compared methods with p-value < 0.05.

Twitter-15 Twitter-17

Acc Macro-F1 Acc Macro-F1

VADE (full) 81.87 77.40 77.45 76.38

w/o VAD Encoder 80.03 76.00 74.47 73.69
w/o VAD modulation 81.25 76.41 75.73 73.51
w/o Affect-Aware CLIP 80.89 77.15 74.68 73.45
w/o Valence 79.52 74.78 75.21 73.91
w/o Arousal 80.73 76.05 76.39 75.03
w/o Dominance 81.18 76.63 76.82 75.71

Table 3: Ablation study of VADE on Twitter-15 and
Twitter-17. We evaluate the impact of removing key
components, including the VAD encoder, VAD modula-
tion, and Affect-Aware CLIP, as well as individual VAD
dimensions (Valence, Arousal, Dominance).

+2.25 Acc / +1.65 Macro-F1 on Twitter-17). No-
tably, VADE improves over strong general-purpose
VL/LLM baselines (e.g., LLaMA and LLaVA-
v1.5), indicating that explicitly modeling continu-
ous affect and learning affect-sensitive visual rep-
resentations provides complementary benefits be-
yond generic multimodal semantics. Overall, these
results validate the effectiveness of VADE for ro-
bust aspect-level sentiment prediction in multi-
modal tweets.

4.3 Ablation Study

To better understand the contribution of each com-
ponent in VADE, we conduct ablation experiments

on Twitter-15 and Twitter-17, as shown in Table 3.
First, removing the VAD encoder leads to a clear
performance drop on both datasets (e.g., Macro-F1
drops from 77.40 to 76.00 on Twitter-15), demon-
strating that explicit modeling of continuous affect
provides useful complementary signals for aspect-
level sentiment prediction. Second, eliminating the
VAD modulation mechanism also degrades perfor-
mance (76.41 Macro-F1 on Twitter-15), indicating
that simply extracting VAD features is insufficient;
effectively injecting them into textual representa-
tions is crucial for leveraging affect information.
Third, replacing the affect-aware CLIP with the
original CLIP results in consistent declines (e.g.,
2.25 Acc on Twitter-15), highlighting the impor-
tance of adapting visual representations to capture
affective cues rather than relying on general se-
mantic features. Finally, we analyze the impact of
individual VAD dimensions. Removing Valence
causes the most significant degradation, confirming
that it is the primary signal aligned with sentiment
polarity. Meanwhile, removing Arousal or Dom-
inance also leads to noticeable drops, suggesting
that these dimensions provide complementary in-
formation (e.g., emotional intensity and control)
that cannot be captured by valence alone. Overall,
these results verify that each component in VADE
contributes to the final performance, and that jointly
modeling continuous affect across modalities is es-
sential for robust MABSC.
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Figure 3: Case study on multimodal aspect-based sentiment classification. We compare predictions from TomBERT
and VLP-MABSA with our VADE on three tweet–image examples. Each instance contains an image, tweet text, and
multiple aspect terms with gold polarities. VADE produces more accurate aspect-level predictions, especially when
sentiment is subtle, implicit, or requires affective interpretation beyond surface semantics. Correct and incorrect
predictions are marked with ✓ and ×, respectively.

4.4 Case Study

Figure 3 presents qualitative comparisons between
VADE and two representative baselines (TomBERT
and VLP-MABSA) on three samples. In the first
sample, the tweet reports an injury-related news
event (“Kyrie Irving will miss the rest of NBA Fi-
nals with a fractured left kneecap”), where the gold
labels indicate negative sentiment toward Cavs but
neutral sentiment toward NBA Finals. TomBERT
incorrectly predicts Cavs as neutral, suggesting lim-
ited sensitivity to the affective implication of the
event, while VLP-MABSA correctly identifies the
negative polarity for Cavs but fails on NBA Finals.
In contrast, VADE correctly distinguishes the dif-
ferent sentiments associated with the two aspects,
reflecting improved affect-aware reasoning.

In the second sample, the tweet contains a
metaphorical expression (“Lionel Messi could nut-
meg a Mermaid”), where the gold annotations as-
sign positive sentiment to Lionel Messi and neutral
sentiment to Mermaid. TomBERT misclassifies
Lionel Messi as neutral, and VLP-MABSA over-
predicts negativity for Mermaid. VADE correctly
predicts the polarity for both aspects, consistent
with its ability to incorporate continuous affect cues
into aspect-level inference.

In the third sample, the tweet describes weather
conditions for baseball (Another warm evening
for baseball in Flushing”), with a neutral label
for Flushing. While TomBERT yields the correct
neutral prediction, VLP-MABSA predicts positive,
likely influenced by the upbeat phrasing (warm
evening”) that can correlate spuriously with pos-
itive polarity. VADE remains neutral, suggesting
that VAD-informed modeling helps avoid over-
committing to discrete polarity cues when the over-
all affect is mild or informational. Overall, these
cases illustrate that VADE better captures implicit
affect and reduces spurious polarity shifts, leading
to more reliable aspect-level sentiment prediction
in multimodal tweets.

5 Conclusion

In this paper, we presented VADE, a VAD-
Enhanced framework for multimodal aspect-based
sentiment classification that explicitly incorporates
continuous affect cues into aspect-level multimodal
sentiment reasoning. VADE combines a BART text
encoder, a BERT-based VAD encoder trained with
weak supervision from the NRC-VAD lexicon, and
an affect-aware CLIP image encoder adapted on
Senti-COCO, a 123K affect-enriched image–text
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dataset constructed by rewriting MSCOCO caption
sets with Qwen2.5-VL-7B. Moreover, we inject
VAD into the textual stream via a lightweight VAD-
conditioned modulation mechanism, enabling con-
tinuous affect to directly shape textual represen-
tations before fusion. Extensive experiments on
Twitter-15 and Twitter-17 demonstrate that VADE
achieves strong performance and that continuous
VAD signals, together with affect-sensitive visual
representations, provide complementary benefits
for MABSC. In future work, we plan to explore
finer-grained affect modeling (e.g., aspect-specific
affect estimation) and more general affect-aware
multimodal pretraining strategies beyond caption
rewriting.

Limitations

Although VADE demonstrates strong effectiveness
for multimodal aspect-based sentiment classifica-
tion, it has several limitations. First, our study
focuses exclusively on MABSC and does not in-
vestigate the other two closely related tasks in the
MABSA family, namely multimodal aspect term
extraction (MATE) and joint multimodal aspect-
sentiment analysis (JMABSA). Extending VAD-
Enhanced affect modeling to jointly handle as-
pect discovery and sentiment prediction remains
an important direction for future work. Second,
our affect-aware visual adaptation relies on cap-
tion rewriting to construct Senti-COCO; while this
strategy is scalable, the rewritten captions may
still introduce stylistic bias or occasional content
drift, which could affect the learned affective align-
ment. Third, our VAD encoder is trained with weak
sentence-level targets aggregated from a word-level
lexicon, which may be less accurate for composi-
tional, ironic, or context-dependent affect.
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A Senti-COCO Construction Details

In this section, we provide detailed information
about the construction of Senti-COCO, our affect-
enriched image–text dataset used for training the
affect-aware CLIP encoder.

A.1 Data Source
We build Senti-COCO based on the MSCOCO
dataset (Chen et al., 2015), where each image
is associated with multiple human-written cap-
tions. For each image I , we collect its caption
set C = {C1, . . . , Cm} as the semantic basis for
subsequent rewriting.

A.2 Affect-Enriched Caption Generation
To introduce affective information, we employ a
multimodal large language model, Qwen2.5-VL-
7B (Bai et al., 2025), to rewrite the original cap-
tions. Given an image-caption set pair (I, C),
where C = {C1, . . . , Cm}, we construct a prompt
that explicitly instructs the model to integrate the
information from multiple captions while enhanc-
ing affective expression. The prompt is formulated
as follows:

Here are several different descriptions of the im-
age: {captions}. Please use them as reference to
generate a single, more emotional caption for the
image. Add suitable adjectives or verbs, make it
concise and less than 20 words.

This prompt encourages the model to (i) preserve
the core visual content described in the original
captions, (ii) enrich the expression with stronger
and more nuanced affective cues, and (iii) maintain
conciseness for stable training. The model then
generates a rewritten caption C̃, forming an affect-
enriched pair (I, C̃) for downstream use.

Metric Train Validation

Dataset Size

# Samples 118,348 5,000

MSCOCO Raw Captions

# Captions 592,058 25,014
Avg. Captions / Image 5.00 5.00
Caption Length (avg) 52.34 52.28

Senti-COCO Captions

# Emotional Captions 118,348 5,000
Caption Length (avg) 103.56 103.54

Table 4: Statistics of MSCOCO captions and the con-
structed Senti-COCO dataset. Caption length is reported
in characters.

A.3 Dataset Statistics
After filtering, we obtain a total of 123K high-
quality affect-enriched image–text pairs, forming
the final Senti-COCO dataset. Compared to the
original MSCOCO captions, Senti-COCO provides
richer affective descriptions, making it more suit-
able for learning emotion-sensitive visual represen-
tations. Detailed statistics are summarized in Table
4.

A.4 Discussion
By combining large-scale caption rewriting with
human verification, Senti-COCO balances scala-
bility and quality. While automatic generation en-
ables efficient data expansion, the manual checking
process reduces noise such as content drift or exag-
gerated affect, thereby improving the reliability of
the dataset for affect-aware representation learning.
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