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Abstract

Existing Image-Text Sentiment Analysis (ITSA) methods
may suffer from inconsistent intra-modal and inter-modal
sentiment relationships. Therefore, we develop a method
that balances before fusing to solve the issue of vision-
language imbalance intra-modal and inter-modal sentiment
relationships; that is, a Semi-Push-Pull Supervised Con-
trastive Learning (SPP-SCL) method is proposed. Specif-
ically, the method is implemented using a novel two-step
strategy, namely first using the proposed intra-modal super-
vised contrastive learning to pull the relationships between

the intra-modal and then performing a well-designed condi-
tional execution statement. If the statement result is false, our
method will perform the second step, which is inter-modal
supervised contrastive learning to push away the relationships
between inter-modal. The two-step strategy will balance the
intra-modal and inter-modal relationships to achieve the pur-
pose of relationship consistency and finally perform cross-
modal feature fusion for sentiment analysis and detection. Ex-
perimental studies on three public image-text sentiment and
sarcasm detection datasets demonstrate that SPP-SCL signifi-
cantly outperforms state-of-the-art methods by a large margin
and is more discriminative in sentiment.

Introduction

With the explosive growth of social media, users increas-
ingly express sentiments through images accompanied by
textual descriptions. This has spurred extensive interest in
image-text sentiment analysis (ITSA) (Das and Singh
2023; Xue et al. 2022; Zadeh et al. 2017). The core chal-
lenge of ITSA lies in accurately modeling and integrating
emotional cues from different modalities to make consistent
and robust predictions.

Early methods typically concatenate high-level features
from each modality for fusion (Xu and Mao 2017; Xu 2017),
but such strategies often fall short in capturing nuanced or
conflicting emotional signals across modalities. To address
this, recent studies have introduced interaction-based fusion
modules (Yang et al. 2021a; Yu and Jiang 2019; Zhu et al.
2023b) to better model fine-grained cross-modal sentiment
relationships. Despite progress, a critical issue remains un-
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derexplored: the imbalance and inconsistency among intra-
modal and inter-modal sentiment representations.

Positive Sentiment
Representation
Sentiment
Embedding Space

/A
< )
Jii

\ No push
t

| and pull

Negative Sentiment

Representation
Sentiment
Embedding Space

A

Intra- f /_m\]_ a )

lmorlsllll | A |

class pu /
P ™Mb,

pull

CE-only —
embegl)in s ssztz‘el:d 11D (WIntra-modal CL — TID =
& ’ TTD, but ITD still inconsistent

#TID #£ITD
~Trp pull™. ’;O ‘
AV First intra- D . push
ITD._‘.Hﬁj . Inter- |modalclass /[ —o - |
oy = | modal pull and | |

| class pull; hen inter- |
/ modal class
push

(d) Our method (SPP-SCL)
— IID=TTD =ITD

(o) Inter—mo&al CcL only — ITD
=ITD, but IID, TTD chaotic

Figure 1: Comparison of intra-modal and inter-modal senti-
ment distances under different training strategies. (a) Cross-
entropy loss only: image and text sentiment representations
are scattered, leading to inconsistent intra- and inter-modal
sentiment relationships. (b) Intra-modal contrastive learning
aligns IID and TTD, but fails on ITD. (c) Inter-modal con-
trastive learning aligns ITD but ignores intra-modal struc-
ture. (d) Our proposed SPP-SCL balances all three sentiment
distances, yielding consistent sentiment embeddings.

As illustrated in Fig. 1, existing methods primarily rely on
cross-entropy loss, which encourages discriminative classi-
fication but fails to align sentiment representations across
modalities. Specifically, we observe that the average pair-
wise distances within image sentiment features (IID), within
text sentiment features (TTD), and between image-text pairs
sentiment features (ITD) often differ significantly, even
for samples sharing the same sentiment label. Here, IID
(Image-to-Image sentiment embedding Distance), TTD
(Text-to-Text sentiment embedding Distance), and ITD
(Image-to-Text sentiment embedding Distance) denote



the average Euclidean distances between sentiment em-
beddings of samples with the same label, computed re-
spectively within the image modality, within the text
modality, and across modalities. Such inconsistencies in
sentiment-level embedding space undermine generalization
and hinder effective fusion. While some works employ con-
trastive learning (CL) to address this issue (Li et al. 2022b),
most adopt a fuse-then-contrast strategy, applying CL on
fused multi-modal features. This approach risks semantic
noise propagation and lacks targeted alignment of unimodal
emotional representations.

To tackle these challenges, we propose a novel Balance-
before-Fuse framework that aligns sentiment representa-
tions within and across modalities before fusion. Inspired by
alignment-then-fusion paradigms in vision-language tasks
(Li et al. 2021, 2022a; Yang, Bisk, and Gao 2021), we intro-
duce a two-step Semi-Push-Pull Supervised Contrastive
Learning (SPP-SCL) approach. In the first step, we apply
supervised contrastive losses to image and text branches in-
dependently, pulling same-sentiment samples closer within
each modality and achieving intra-modal sentiment align-
ment (i.e., , IID ~ IID and TTD = TTD). In the second step,
we conditionally apply inter-modal contrastive learning to
align sentiment representations across modalities, based on
a diagonal similarity threshold. We aim to simultaneously
minimize the discrepancy among intra-image, intra-text,
and image-text sentiment distances under a unified su-
pervised contrastive learning framework, thereby con-
structing a modality-balanced and sentiment-consistent em-
bedding space that facilitates robust multi-modal fusion. To
further improve fusion quality, we introduce two lightweight
yet effective components: a Hierarchical Attention (HA)
module for context-aware sentiment extraction from text,
and a Cross-Modal Fusion (CMF) module for dynamic in-
tegration of aligned features. Unlike general-purpose vision-
language alignment frameworks, our method is specifically
tailored for sentiment analysis by aligning emotion-aware
representations across modalities, rather than generic se-
mantic features.

Our main contributions are summarized as follows:

* We propose a novel two-step Semi-Push-Pull Super-
vised Contrastive Learning (SPP-SCL) framework that
aligns intra- and inter-modal sentiment relationships
prior to fusion, yielding a well-structured space.

* We design three supervised contrastive objectives—two
intra-modal (for image and text) and one inter-
modal—that enable fine-grained sentiment-level align-
ment without requiring data augmentation or large-scale
pretraining.

* We develop a Hierarchical Attention module for efficient
sentiment representation from text, and a Cross-Modal
Fusion module for robust visual-linguistic interaction.

» Extensive experiments on three public datasets (MVSA-
S, MVSA-M, and HFM) demonstrate that our method
significantly outperforms state-of-the-art baselines, espe-
cially in fine-grained or ambiguous sentiment scenarios.
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Related Work
Image-Text Sentiment Analysis

Image-Text Sentiment Analysis (ITSA) aims to classify the
sentiment of paired visual and textual content, particularly
in social media contexts (Xie et al. 2024; He et al. 2023;
Tang et al. 2023). Early approaches such as HSAN and Mul-
tiSentiNet (Xu 2017; Xu and Mao 2017) extracted features
independently from each modality and fused them via sim-
ple concatenation, which limited cross-modal interaction.
To address this, subsequent works introduced interaction-
aware architectures. For example, Co-MN-Hop6 (Xu, Mao,
and Chen 2018) and MVAN (Yang et al. 2021a) lever-
aged memory-based networks to enable iterative alignment
between modalities, while MGNNS (Yang et al. 2021b)
used sentiment-aware graph neural networks. More recent
methods such as ITIN and MULSER (Zhu et al. 2023a,b)
focused on deep fusion but often overlooked token-level
alignment or sentiment consistency. To improve alignment,
CLMLEF (Li et al. 2022b) adopted contrastive learning using
both label- and data-based signals. However, it applied con-
trastive objectives directly on fused representations, without
explicitly balancing intra- and inter-modal features. Inspired
by this, our method introduces a balance-before-fuse strat-
egy to align intra- and inter-modal sentiment embeddings
prior to fusion.

Contrastive Learning

Contrastive Learning (CL) has shown strong representation
power in vision and language domains through instance dis-
crimination techniques, as demonstrated in MoCo (He et al.
2020), SimCLR (Chen et al. 2020), and SimCSE (Gao, Yao,
and Chen 2021). In the multi-modal setting, CLIP (Radford
et al. 2021) paved the way for joint vision-language rep-
resentation learning. Supervised contrastive learning (SCL)
(Khosla et al. 2020) extends this idea by incorporating la-
bel information, enabling multi-positive alignment. Recent
applications of SCL include text classification (Gunel et al.
2020) and trimodal sentiment analysis (Mai et al. 2022;
Yang et al. 2023). However, most methods treat contrastive
learning as an auxiliary module or apply it after feature fu-
sion, which may propagate semantic noise across modalities.
In contrast, we propose a two-step supervised contrastive
framework that explicitly aligns intra-modal and inter-modal
sentiment embeddings, ensuring a consistent and discrimi-
native feature space for downstream fusion.

Methodology
Overview

The overall architecture of our proposed Semi-Push-Pull
Supervised Contrastive Learning (SPP-SCL) framework
is illustrated in Fig. 2. The model operates in two sequen-
tial steps designed to align sentiment representations both
within and across modalities, prior to final fusion. We first
adopt two frozen feature encoders—a ResNet-50 pretrained
on ImageNet for image inputs and a BERT-base model pre-
trained on general text corpora for textual inputs—to ex-
tract high-level semantic features. These encoders are kept
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Figure 2: Overall architecture of SPP-SCL. The framework includes two main steps: intra-modal sentiment alignment via
supervised contrastive learning (L.;, and L, ), and conditional inter-modal sentiment alignment (L, ).

fixed during training to prevent overfitting on small-scale
sentiment datasets and to ensure that performance improve-
ments stem primarily from our proposed contrastive align-
ment strategy rather than feature extractor fine-tuning. In
the first step, intra-modal sentiment alignment is performed
using two supervised contrastive losses: L., for the image
branch and L, for the text branch. These losses encourage
sentiment representations of samples from the same class to
be pulled closer within each modality. Both image and text
embeddings are projected into a shared sentiment embed-
ding space, where the contrastive objectives operate jointly
with a standard cross-entropy loss for sentiment classifica-
tion. This step ensures intra-modal consistency, minimizing
discrepancies such as IID and TTD. In the second step, we
conduct a conditional judgment on the alignment quality
between modalities. Specifically, we compute the similar-
ity matrix between paired image and text sentiment embed-
dings. If the diagonal consistency score falls below a prede-
fined threshold, we activate an inter-modal supervised con-
trastive loss L.;, , which further pulls image-text pairs of the
same sentiment class closer together, thus reducing ITD and
achieving global sentiment-level alignment.

By decoupling intra- and inter-modal sentiment alignment
into a two-step training process, SPP-SCL ensures a well-
structured sentiment embedding space where intra-image,
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intra-text, and image-text sentiment distances are har-
monized, resulting in more robust and discriminative fused
representations.

Multi-modal Feature Extraction

Given an image-text pair sample from an ITSA dataset, de-
noted as S = {I,T}, where I and T represent the image
and text modalities, respectively, let the corresponding sen-
timent label be Y = y;, indicating that the sample belongs to
the i-th sentiment class. Our goal is to propose a framework
for balancing sentiment consistency, independent of encoder
scale. SPP-SCL is backbone-agnostic and can replace other
encoders directly. We focus on widely adopted backbones
(BERT-base, ResNet-50) to ensure fair comparison.

Image Encoder We adopt ResNet-50 (He et al. 2016) as
the image encoder. Given an input image I, we extract fea-
ture maps from the layer preceding the final global average
pooling. These features are then passed through a 1 x 1 con-
volutional layer with batch normalization and ReLU activa-
tion, followed by an adaptive average pooling layer and a
fully connected projection layer with non-linear activation.
The output is the final image representation I,, € RBE*D,
where B denotes the batch size and D the embedding di-
mension. The overall encoding process is defined as:

I, =M(P (c(ResNet(I)))), (1)



where ¢(-) denotes the 1 x 1 convolutional layer, P(-) the
adaptive average pooling operation, and M () the fully con-
nected transformation for dimensionality reduction.

Text Encoder We adopt BERT (Devlin et al. 2018) as the
text encoder. Given a text input 7", we follow prior findings
(Jawahar, Sagot, and Seddah 2019; Sun et al. 2019) that fine-
tuning only the last four transformer layers (layers 9-12)
yields optimal performance for text classification tasks. Ac-
cordingly, we extract two types of features from these layers:
(1) the [CLS] token embeddings, which capture contextual
semantics, and (2) the token-level word embeddings from
the corresponding hidden states, which preserve fine-grained
lexical information.

To effectively combine these two feature types, we pro-
pose a Hierarchical Attention (HA) module that fuses con-
textual and word-level representations into a unified senti-
ment embedding. Specifically, let T, € REX4X1xC denote
the [CLS] embeddings and T',, € REX4XNXC denote the
word embeddings, where B is the batch size, N the number
of words, and C the hidden dimension.

The HA module first applies one-dimensional global aver-
age pooling to T',., reducing it to RB*4*1*1 ‘and then passes
it through a fully connected layer followed by a sigmoid
activation S(-) to generate normalized attention weights
across layers. These weights are then element-wise multi-
plied with T',, to produce the weighted word representa-
tion T",. Afterward, we apply summation and channel-wise
pooling operations to aggregate token features across lay-
ers and time steps. Finally, the fused features are fed into an
LSTM (Hochreiter and Schmidhuber 1997) followed by a
projection layer M (-) to obtain the final text representation
T, € RB*D The entire process can be formalized as:

T:: =SWM (Pg(TC))) 7T;u = T/c OTw,
T, = M (LSTM (P. (U(T",)))),
where S(-) denotes the sigmoid activation, P,(-) is global
average pooling, P.(-) is channel-wise pooling, U(-) de-

notes summation over layers, © represents element-wise
multiplication, and LSTM(-) is the LSTM network.

@

Cross-Modal Fusion Module

Effective fusion of visual and textual sentiment cues is es-
sential for sentiment classification in multi-modal contexts
(Tang et al. 2022). To this end, we propose a Cross-Modal
Fusion (CMF) module that integrates the visual represen-
tation I, and the textual representation T',, into a uni-
fied, sentiment-aware feature. Inspired by DFAF (Gao et al.
2019), CMF combines two key components: intra-modal
feature enhancement via Self-Attention (SA) (Vaswani
et al. 2017) and inter-modal interaction via dynamic at-
tention modulation. The intuition is to dynamically adjust
intra-modal attention weights based on complementary in-
formation from the other modality, enabling fine-grained
sentiment-level interaction rather than simple semantic
matching. Specifically, for both I}, and T',, we construct re-
spective Query, Key, and Value vectors: Q;, K, V 1 for im-
ages and Qr, K1, V7 for text. During self-attention, we in-
ject inter-modal cues by modulating the query and key vec-
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tors via element-wise multiplication with the other modal-
ity’s global representation (e.g., T, modulates Q;, K ).
This allows the model to dynamically adjust its attention
focus based on sentiment-relevant context from the other
modality. The fusion process is defined as:

) & VI )

>®VT7

3)
where I,,,, T, € RB*D are the enhanced modality-specific
features, ® denotes element-wise multiplication, ® is matrix
multiplication, and [-] denotes concatenation. Softmax(-) de-
notes the standard attention normalization. The resulting
fused representation M, is sentiment-aware and jointly in-
formed by both intra- and inter-modal contextual signals.

(Q;oT,) ® (K;oT])
VD
Qrol,)e (KrolIf)
VD

I,, = Softmax (

T,,, = Softmax (

Mp = [ImvavIvap]v

Semi-Push-Pull Supervised Contrastive Learning

As previously discussed, robust image-text sentiment anal-
ysis (ITSA) requires a well-structured embedding space
where image and text representations of the same senti-
ment class are closely aligned. This entails minimizing the
distance and relationship discrepancies across three per-
spectives: Image-to-Image (IID), Text-to-Text (TTD), and
Image-to-Text (ITD). To this end, we propose a Semi-Push-
Pull Supervised Contrastive Learning (SPP-SCL) frame-
work that incorporates both intra-modal and inter-modal
alignment strategies.

Intra-Modal Supervised Contrastive Learning To en-
force sentiment consistency within each modality, we in-
troduce two supervised contrastive losses: L, for the im-
age branch and L, for the text branch. Following (Khosla
et al. 2020), we first construct an Intra-Mask matrix 1% =
1[y; = y;,1 # j] to identify positive pairs based on senti-
ment labels.

Let I, and T, € RB*P denote the ¢5-normalized im-
age and text representations. The intra-modal similarity ma-
trix is computed using cosine similarity. The supervised con-
trastive loss for the image branch is defined as:

B 1 B
> > w
1 j=1
4

where s (4, j) is the cosine similarity between samples ¢ and

J, and 7 is the temperature scaling factor. The diagonal is
excluded since self-similarity is trivial. The loss £, for the
text branch follows the same formulation:

1 E 1 E
Eczt——BzB;]ljlog<
©)

=1
These losses effectively reduce intra-modal sentiment vari-
ance and ensure that I[ID ~ TTD within the sentiment em-
bedding space.

exp (s (1,5) /7)
oo eap (s (i, k) /7)

1
L"cli - 7?

eap (s (i, 4) /T)
s eap (s (i, k) /7)




Inter-modal Supervised Contrastive Learning While
intra-modal alignment achieves IID ~ TTD, it does not guar-
antee cross-modal consistency (i.e., ITD alignment). To ad-
dress this, we propose an inter-modal supervised contrastive
loss Ly, -

We define an Inter-Mask matrix 1" 1[ym
Yn, M F n] across image-text pairs. Let I,y and T’ de-
note ¢5-normalized features extracted after the first training
step. The inter-modal similarity matrix is then computed be-
tween all image-text pairs. The inter-modal contrastive loss

is defined as:
< eap (s (m, ) /7) ) ,
Sy eap (s (m,t) /7)
(6)

This loss encourages image-text samples to align in senti-
ment space, thereby enforcing IID ~ TTD ~ ITD.

B

1< 1 .
:_EZEZIL log

m=1 =1

clm

Training Strategy: Two-Step Optimization To balance
efficiency and alignment quality, we adopt a two-step train-
ing strategy. In the first step (SPP-SCL;), we jointly op-
timize Lcl;, Lcl;, and the cross-entropy loss L... After
training, we evaluate whether sentiment distances among all
three types (IID, TTD, ITD) are sufficiently consistent based
on a threshold «. If not, we proceed to the second step (SPP-
SCL5), where we fine-tune the model using the inter-modal
contrastive loss L, to close any remaining cross-modal
gaps. The full procedure is outlined in Algorithm 1.

Loss Function

The overall training loss integrates four components:

L=X¢ce (M, Y)+ Loy, (I,,Y)+

7
E(/’lt (Tp,Y) + Lo (Tp’aIp/vY) ) @

m

where L. represents the cross-entropy loss function, and A
is a hyperparameter used to balance the different losses.

Experiments
Datasets

We evaluate on three widely used ITSA benchmarks:
MVSA-S, MVSA-M (Niu et al. 2016), and the sarcasm-
oriented HFM dataset (Cai, Cai, and Wan 2019; Liang et al.
2022). Details are listed in Table 1.

Datasets |Numbers|Train sets|Validation sets|Test sets
MVSA-S| 4,511 3,611 450 450
MVSA-M| 17,024 | 13,624 1,700 1,700

HFM | 24,635 | 19,816 2,410 2,409

Table 1: Statistics of three datasets.

Experimental Details

Our SPP-SCL model is implemented using PyTorch and
HuggingFace Transformers, and trained on an NVIDIA
V100 GPU (16GB) '. We use ResNet-50 (He et al. 2016)
and BERT-base-uncased (Devlin et al. 2018) as frozen image

'Codes: https://github.com/TomorrowJW/SPP-SCL
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Algorithm 1: # Two-Step Training Strategy of
SPP-SCL (PyTorch Style)

Require: Input image-text pair (I,7T), sentiment label Y,
model f(-), batch size B, threshold «
1: for each batch (I, T,Y) from dataloader do
2:  # # Step 1: Intra-modal alignment
(SPP-SCL;)

3 M, I1,,T, « f(I,T)

4 L= LeeMp,Y)+ Lo, (1Y) + Lo, (Tp,Y)

5.  Backpropagate and update: optimizer.step ()

6: # # Step 2: Inter-modal check
(SPP-SCLs)

7. L,T, + f(I,T) # # extract embeddings
again

8:  Compute similarity matrix: S = sim(1,, T})

9:  Compute average diagonal: d = mean(diag(S))

10:  Count: ¢ = sum(S < d)
11:  Cpask = sum(InterMask)
12:  ifc < - epask then
. _ 1
13: »Cclm = ﬁclm(Ip,Tp,Y)
14: Backpropagate and update:
optimizer.step ()
15:  endif
16: end for
Dataset
Hyperparameters MVSA-S[MVSA-M[HEM
A 5 5 10
Initial learning rate le-4 le-4 | 5Se-5
Learning rate decay/multiple| 10/0.5 15/0.5 |5/0.5
Weight decay le-6 le-6 le-6
DropOut 0.2 0.2 0.2
Batch size 64 128 256
Epochs 150 150 150

Table 2: Statistics for all hyperparameters.

and text encoders. Training is performed using the AdamW
optimizer (Kingma and Ba 2014) with StepLR scheduling.
Key hyperparameters include temperature 7 = 0.07, thresh-
old o = 2/3, feature dimension D = 32, max text length
N = 200, and image size 224 x 224. Additional settings
are listed in Table 2. To make a fair comparison, we fol-
low the existing evaluation. For the MVSA-S and MVSA-
M datasets, the Accuracy (Acc) and Weighted F1 value are
used for evaluation, and for the HFM dataset, the Accuracy
(Acc) and Macro F1 are used for evaluation.

Comparison Methods

¢ Uni-modal baselines: For text, we include CNN (Kim
2014), Bi-LSTM (Zhou et al. 2016), and BERT (Devlin
et al. 2018); for images, ResNet (He et al. 2016) and ViT
(Dosovitskiy et al. 2020). OSDA (Yang et al. 2021a), a
multi-view visual classifier, was designed by them.

¢ Multi-modal baselines: On MVSA-S and MVSA-M, we
compare with MultiSentiNet (Xu and Mao 2017), HSAN
(Xu 2017), Co-MN-Hop6 (Xu, Mao, and Chen 2018),
MGNNS (Yang et al. 2021b), CLMLF (Li et al. 2022b),
ITIN (Zhu et al. 2023a), MULSER (Zhu et al. 2023b),
CLMLF!, MVCN (Wei et al. 2023), CTMWA (Zhang



L MVSA-S MVSA-M L HFM

modal Model Publication ACC  FI ACC I Model Publication ACC  FI
CNN EMNLP2014[0.6819 0.5590|0.6564 0.5766] CNN EMNLP2014 [0.8003 0.7532
Text Bi-LSTM ACL2016 [0.7012 0.6506(0.6790 0.6790| Bi-LSTM | ACL2016 |0.8190 0.7753
BERT NAACL2018(0.7111 0.6970|0.6759 0.6624| BERT | NAACL2018 |0.8389 0.8326
ResNet-50 | CVPR2016 [0.6467 0.6155]0.6188 0.6098|ResNet-50| CVPR2016 [0.7277 0.7138

Image OSDA TMM2021 |0.6675 0.6651|0.6662 0.6623| OSDA TMM2021 - -
ViT ICLR2021 |0.6378 0.6226|0.6194 0.6119 ViT ICLR2021 |0.7309 0.7152
MultiSentiNet| CIKM2017 [0.6984 0.6984|0.6886 0.6811| Concat(2) | ACM MM2016[0.8103 0.7799
HSAN IS12017  |0.6988 0.6690|0.6796 0.6776| Concat(3) | ACM MM2016|0.8174 0.7874
Co-MN-Hop6| SIGIR2018 |0.7051 0.7001{0.6892 0.6883| MMSD ACL2019 ]0.8344 0.8018
MGNNS ACL2021 [0.7377 0.7270(0.7249 0.6934| D&R Net | ACL2020 |0.8402 0.8060
CLMLF |NAACL2022|0.7533 0.7346|0.7200 0.6983| CLMLF | NAACL2022 |0.8543 0.8487

ITIN TMM2023 |0.7519 0.7497|0.7352 0.7349| HKE EMNLP2022 |0.8702 -
Multi-modal MULSER | TMM?2023 [0.7560 0.7534|0.7375 0.7371 DIP CVPR2023 |0.8820 0.8767
CLMLF! ACL2023 |0.7378 0.7291[0.7112 0.6863| CLMLF* ACL2023 ]0.8489 0.8446
MVCN ACL2023 ]0.7606 0.7455(0.7207 0.7001| MVCN ACL2023 |0.8568 0.8523
CTMWA TMM2024 |0.7196 0.7143]0.7256 0.7157| MMGCL TAC2024 |0.8857 0.8870
MSFN TOMM2025 |0.7898 0.7848|0.7475 0.7262| ESAM TMM2025 [0.9011 0.8819
SPP-SCL 2025 0.8133 0.8015|0.7871 0.7753| SPP-SCL 2025 0.9469 0.9450

Table 3: Quantitative results of the proposed SPP-SCL and these state-of-the-art methods on MVSA-S, MVSA-M, and HFM
datasets. The best results are highlighted in Bold in each column.

et al. 2024), and MSFN (Zhang et al. 2025). On HFM,
we evaluate against Concat(2), Concat(3) (Schifanella
et al. 2016), MMSD (Cai, Cai, and Wan 2019), D&R Net
(Xu, Zeng, and Mao 2020), CLMLF (Li et al. 2022b),
HKE (Liu, Wang, and Li 2022), DIP (Wen, Jia, and Yang
2023), CLMLF!, MVCN (Wei et al. 2023), MMGCL

from the entire SPP-SCL. Table 5 shows that removing ei-

Method

MVSA-S
ACC Fl

MVSA-M
ACC Fl

HFM
ACC Fl

SPP-SCL

0.8133 0.8015

0.7871 0.7753

0.9469 0.9450

w/o Lclm

0.7289 0.7040
0.7244 0.7170

0.7688 0.7500
0.7459 0.7411

0.7812 0.7753
0.9427 0.9409

(Liang et al. 2024), and ESAM (Yuan et al. 2025).

Quantitative Comparison

The quantitative results in Table 3 show that SPP-SCL
consistently outperforms all baseline methods across the
three datasets. Overall, multi-modal methods perform better
than uni-modal ones, with text-based models outperforming
image-based models—Ilikely due to the sparse and noisy na-
ture of visual sentiment cues, which limits the effectiveness
of image-only classifiers. In a word, SPP-SCL first aligns
intra-modal sentiment features independently and then bal-
ances inter-modal distributions, leading to more robust sen-
timent representations and better overall performance.

Ablation Study

Effectiveness of the two-step strategy We evaluate a one-
step variant of our model—where all contrastive losses are
applied simultaneously—to assess the benefit of the pro-
posed two-step training strategy. Table 4 shows that the one-

MVSA-S
ACC Fl
0.8133 0.8015
0.7956 0.7684

MVSA-M
ACC Fl
0.7871 0.7753
0.7276 0.6929

HFM
ACC Fl
0.9469 0.9450
0.8800 0.8765

Method

SPP-SCL (Two-step)
SPP-SCL (One-step)

Table 4: Ablation results of two-step strategy.

step strategy performs worse than the two-step strategy, es-
pecially on the HFM dataset. This demonstrates that our ap-
proach better balances intra- and inter-modal sentiment em-
bedding distances, leading to improved performance.

Effectiveness of semi-push-pull supervised contrastive
learning We remove L.,,L., and L., respectively

2178

w/o Lcl, 5 Lclt

113

Table 5: Lg,,Lq, and L., ablation results. “w/o
L, , Le,” indicates the removal of L., , L., while “w/o
L, ” indicates the removal of L., .

ther component degrades SPP-SCL’s performance, confirm-
ing their importance. On MVSA-S and MVSA-M, intra-
modal losses are more critical than inter-modal losses. How-
ever, on HFM, the model still performs well without intra-
modal loss (F1=0.9409), indicating a larger gap between text
and visual features and highlighting the need for £.; to bal-
ance them.

To further verify the effectiveness of the two components,
t-SNE (Van der Maaten and Hinton 2008) visualizes fu-
sion features before classification in Fig. 3. The full SPP-
SCL shows well-separated clusters with minimal overlap,
while removing L., or L., L, results in larger cluster
overlaps. This confirms the components’ role in balancing
intra- and inter-modal sentiment consistency. Fig. 4 visual-
izes the distance distribution, showing that average distances
(IID, TTD, ITD) are nearly equal and same-category sam-
ples from both modalities cluster together. This indicates
the sentiment alignment already has notable discriminative
power before cross-modal fusion.

m

Effectiveness of hierarchical attention module To vali-
date the HA module, we conduct ablation experiments ex-
tracting [CLS] embeddings from the last 1 to 4 BERT layers
and word embeddings from hidden layers. Results are shown
in Table 6. The results show performance varies when us-
ing features from BERT’s last four layers across datasets.
Generally, fusing all four layers in the HA module gives the
best results. MVSA-S, MVSA-M, and HFM are most sen-
sitive to fusing the last two or three layers, but still perform



(a) MVSA-S SPP-(b) MVSA-S(c) MVSA-S

SCL without L, without L., , Lei,
(d MVSA-M(e) MVSA-M(f) MVSA-M
SPP-SCL without Ly, without L., , Lei,

(&) HFM SPP-(h) HFM without(i) HFM without
SCL Lo, Le;, Loty

Figure 3: Visualization of the fusion feature distribution on
the three datasets.

well. This suggests dataset differences, possibly related to
size—MVSA-M and HFM are larger. Overall, using the last
four layers yields the best performance.

MVSA-S

Method ACC  FI

MVSA-M
ACC Fl

HFM
ACC Fl

0.7667 0.7565
0.8222 0.8181
0.7133 0.7025

w: last three layers
w: last two layers
w: last one layers

0.7612 0.7275
0.5918 0.5847
0.7282 0.6840

0.9402 0.9385
0.9311 0.9293
0.6617 0.6512

SPP-SCL 0.8133 0.8015

0.7871 0.7753

0.9469 0.9450

Table 6: The ablation experiment results of the HA module.
“w: last three Layers, w: last two Layers and w: last one
Layer” respectively indicate the ablation results from the last
three layers, last two layers, and last one layer of BERT.

Effectiveness of cross-modal fusion module To validate
the CMF module, we remove it from SPP-SCL and replace
fusion with simple concatenation of I, and T,,. Results are
in Table 7. The results show a performance drop without the
CMF module, proving its effectiveness. Simple concatena-
tion fails to capture semantic interactions for effective fu-
sion. Despite this, “w/o CMF” still outperforms image-only
models, confirming the advantage of multi-modal methods.

Sensitivity of hyperparameters We observe the best per-
formance at « = 2/3, as shown in Fig. 5. A lower value
(e.g., 1/3) triggers inter-modal alignment too early, possi-
bly disrupting already consistent intra-modal structures. In
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1.00 1.00

0.75 0.75
0.50 0.50

0.25 0.25

1ID: 0.40 1ID: 0.44
TTD: 0.42 TTD: 0.42
ITD: 0.42 ITD: 0.43

0.00 0.00

0.00 0.25 0.50 0.75 1.00 0.00

(b) Distance distribution of
sarcasm category

0.25 0.50 0.75 1.00

(a) Distance distribution of
non-sarcasm category

Figure 4: Visualization of the sentiment distance distribu-
tion.

Method

MVSA-S
ACC Fl1

MVSA-M
ACC Fl1

Method

HFM
ACC Fl1

ResNet-50
ViT

0.6467 0.6155
0.6378 0.6226

0.6188 0.6098
0.6194 0.6119

ResNet-50
ViT

0.7277 0.7138
0.7309 0.7152

w/o CMF
SPP-SCL

0.7289 0.7482
0.8133 0.8015

0.7453 0.7389
0.7871 0.7753

w/o CMF
SPP-SCL

0.8117 0.8260
0.9469 0.9450

Table 7: The ablation experiment results of the CMF mod-
ule. “w/o CMF” indicates the removal of the CMF module.

contrast, a higher value (e.g., 1) may skip necessary inter-
modal alignment, leading to suboptimal sentiment fusion.
Thus, o = 2/3 achieves the best trade-off between sensitiv-
ity and stability.

Sensitivitg Analysis of a
0.950 .9450

S
— T—e—._ 09234
0.925 P —-A
0.8991~
0.900 &
0.875
—e— MVSA-S
o 0.850 MVSA-M
0.825 —A- HFM
0.8015 0.8003
0.800.7897 —
0.7753
0.775 0.7661
0.7468
0.750
1/3 2/3 1
a

Figure 5: Sensitivity of hyperparameter a.

Conclusion

We propose SPP-SCL, a model that balances visual and tex-
tual modalities before fusion for image-text sentiment anal-
ysis using a novel two-step supervised contrastive learning
strategy, combining intra- and inter-modal learning. Without
data augmentation, this approach achieves a balanced senti-
ment embedding space. We also introduce a hierarchical at-
tention module and a cross-modal fusion module to enhance
feature extraction and fusion. Experiments on three datasets
validate our method’s effectiveness. Future work will ex-
plore semi-supervised image-text sentiment analysis.
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