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Abstract

Multimodal sentiment analysis aims to more com-
prehensively recognize and understand human affective
states by integrating text, audio, and visual informa-
tion. Sentiment information includes both macro-level
global sentiment categories, such as overall positive, and
micro-level fine-grained sentiment signals, such as lo-
cal cues conveyed through intonation, or frame-level
expressions. Existing studies often treat text as dom-
inant while marginalizing audio and visual modalities,
underutilizing their rich auxiliary information. This
causes models to over-rely on text, reducing their abil-
ity to fully understand sentiment and limiting robust-
ness and generalization in complex scenarios. Moreover,
current methods mainly focus on macro-level interac-
tions, while overlooking the fine-grained information at
the micro level. To this end, we propose a Modality-
Granularity Collaborative Contrastive Learning frame-
work (MGCL) to fully explore the commonalities and
differences of sentiment across modalities and granu-
larities. MGCL first extracts macro and micro fea-
tures from each modality, and uses sentiment-intensity-
based collaborative contrastive learning to capture sim-
ilarities and differences between modalities and gran-
ular levels. In addition, to better utilize the comple-
mentary information across modalities and granulari-
ties, we introduce a cross modality-granularity fusion
mechanism to enhance feature representations. Ex-
perimental results show that MGCL outperforms exist-
ing mainstream approaches on CH-SIMS, CMU-MOSI,
and CMU-MOSEL

Keywords:  Contrastive learning, Cross modality-
granularity fusion, Multimodal sentiment analysis, Sen-
timent intensity

1. Introduction

In recent years, with the rise of short video—based so-
cial media platforms such as TikTok, Instagram Reels, and

Snapchat Spotlight, and the rapid progress in deep learning
techniques [1, 2, 3], sentiment analysis has evolved from
traditional unimodal approaches to multimodal sentiment
analysis (MSA). MSA leverages multiple modalities—such
as text, audio, and vision—to compensate for the limita-
tions of single-modal semantic expression, showing signif-
icant advantages in capturing complex emotional expres-
sions, improving prediction accuracy, and modeling hier-
archical structures of sentiment [4, 5, 6]. However, due
to the inherent heterogeneity and hierarchical differences
in sentiment expression across modalities, effectively mod-
eling and fusing multi-granular sentiment information re-
mains one of the challenges of current research.

Specifically, multimodal sentiment expression typically
exhibits two core characteristics: modality heterogeneity
and hierarchical granularity. Different modalities have dis-
tinct strengths in conveying sentiment: text is more suit-
able for expressing semantic-level emotions, audio reflects
prosodic variations, and visual modalities are sensitive to
micro-expressions and facial muscle movements. Sen-
timent information itself also possesses a multi-granular
structure, with macro-level features corresponding to over-
all semantics or global emotional tendencies (e.g., the pos-
itive or negative sentiment of a complete sentence), and
micro-level features representing local details (e.g., word-
level intonation, prosodic fluctuations, or subtle facial ex-
pressions). In practice, the same sentiment may exhibit both
redundancy and divergence across modalities and gran-
ularities—for instance, a mildly positive sentiment may
be conveyed through a soft tone, while facial expression
changes remain subtle. Such complementarity and diver-
gence across modalities and granularities form a complex
multi-dimensional interaction structure, posing higher re-
quirements for multimodal sentiment analysis.

Most recent studies [7, 8] tend to prioritize text infor-
mation as a more reliable source of sentiment. They usu-
ally project audio and visual modalities into a representation
space close to the text modality and learn shared representa-
tions. However, this approach fails to fully exploit the aux-
iliary information provided by the audio and visual modali-



ties. Moreover, previous methods [9, 10] focused on explor-
ing intra- and inter-modal interactions at the macro level,
but failed to fully utilize the micro-granularity information
of each modality. Furthermore, most approaches [8, 11] fo-
cus on a single aspect—either modality alignment or granu-
larity fusion—while ignoring the deeper collaborative mod-
eling between modality and granularity, which limits their
ability to capture sentiment effectively. To address these
limitations, we propose a Modality-Granularity Collabora-
tive Contrastive Learning framework that jointly captures
similarities, differences, and interactions across modali-
ties and granularities, enabling more fine-grained sentiment
modeling.

Specifically, we first pre-train macro- and micro-
level feature encoders for each modality to extract emo-
tional representations at different granularities.  Then,
we design a cross modality-granularity fusion mecha-
nism, where macro-level features are used as queries
and micro-level features as keys and values to enhance
cross-granularity interactions. On this basis, we pro-
pose an sentiment-intensity-based modality-granularity col-
laborative contrastive learning strategy. It incorporates
three contrastive learning schemes: same-modal and same-
granularity, cross-modal and same-granularity, and same-
modal and cross-granularity. These schemes guide the
model to better distinguish subtle emotional differences. In
addition, we introduce a single-modality prediction task as
an auxiliary objective, and train the model using a multi-
task objective function to improve its generalization and ro-
bustness. Our main contributions are as follows:

* We propose a modality-granularity dual-dimensional
collaborative modeling approach that simultaneously
captures modality heterogeneity and granularity hier-
archy. Specifically, a dual-level feature extractor is
employed to obtain both macro- and micro-level fea-
tures for each modality. A cross-granularity atten-
tion mechanism is further introduced to enable infor-
mation interaction between different granularities, ef-
fectively leveraging cross-modal complementarity and
cross-granularity diversity.

* We propose a sentiment-intensity-based modality-
granularity collaborative contrastive learning mecha-
nism that integrates three contrastive strategies: same-
modal and same-granularity, cross-modal and same-
granularity, and same-modal and cross-granularity. By
constructing semantically similar sample pairs that dif-
fer in either modality or granularity, the model is
guided to learn fine-grained alignment across modal-
ities and abstraction levels. In addition, we introduce a
sample selection mechanism based on emotional inten-
sity differences, which dynamically determines posi-
tive and negative pairs and assigns them differentiated

weights. This enables the model to more sensitively
capture subtle variations in emotional intensity dur-
ing the contrastive learning process, thereby enhanc-
ing both the accuracy and discriminative capability of
sentiment modeling.

* We conduct extensive experiments on three bench-
mark datasets: CH-SIMS, CMU-MOSI, and CMU-
MOSEIL The experimental results demonstrate that our
method consistently outperforms state-of-the-art ap-
proaches on the vast majority of evaluation metrics,
validating the effectiveness and generalizability of our
proposed model.

2. Related Work

2.1. Multimodal Sentiment Analysis

Multimodal sentiment analysis (MSA) aims to more ac-
curately identify human emotional states by integrating in-
formation from multiple modalities such as text, audio, and
vision. One of the core challenges in MSA is multimodal
fusion, which seeks to integrate modality-specific repre-
sentations into a unified and comprehensive representation.
Zadeh et al. [12] proposed a novel neural architecture, the
Memory Fusion Network (MFN), which effectively fuses
multi-view information by combining view-specific LSTM
systems with a multi-view gated memory. In an earlier
work, Zadeh et al. [13] explicitly modeled unimodal, bi-
modal, and trimodal interaction dynamics and utilized a
tensor fusion layer to capture complex inter-modal rela-
tionships. Tsai et al. [14] introduced a cross-modal at-
tention mechanism along with a temporal alignment mod-
ule to enhance multimodal information fusion. Hazarika
et al. [4] proposed projecting each modality into modality-
invariant and modality-specific subspaces, thereby effec-
tively disentangling shared and unique features to enhance
the fused representation. Rahman er al. [15] designed
the Multimodal Adaptation Gate (MAG) to enable effec-
tive fine-tuning of BERT for multimodal tasks. Zhang
et al. [11] introduced the Adaptive Hypermotion Learn-
ing Module (ALMT), which regulates visual and audio in-
formation using multi-scale linguistic features to suppress
sentiment-irrelevant or conflicting information. Sun and
Tian [10] designed a sequential cross-modal encoder to pro-
gressively fuse features proximate to and distant from the
textual modality, thereby facilitating more effective feature
integration.

However, these methods predominantly focus on either
modality alignment or granularity modeling in isolation,
overlooking the deeper synergy between modality and gran-
ularity dimensions.
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Figure 1. The overall structure of MGCL. (T, Va, A,) denote the macro-level features of the text, visual, and acoustic modalities, respec-
tively, while (73, Vi, A;) represent the corresponding micro-level features. C1, C2, C3 correspond to three contrastive learning strategies.

2.2. Contrastive Learning

Contrastive learning, as an unsupervised or weakly su-
pervised representation learning paradigm, has been widely
applied to multimodal tasks in recent years, achieving re-
markable performance in learning effective representations
[16, 17]. Existing contrastive learning approaches can
generally be categorized into two types: self-supervised
contrastive learning [16, , ] and supervised con-
trastive learning [20, 2 1], with the primary distinction being
whether or not label information is used to construct posi-
tive and negative pairs.

In recent years, supervised contrastive learning has at-
tracted increasing attention in multimodal sentiment analy-
sis (MSA). Yu et al. [22] proposed a self-supervised multi-
modal sentiment analysis framework that incorporates con-
sistency loss and contrastive loss to enhance the collab-
orative representation across modalities while preserving
modality-specific information. Mai et al. [9] introduced
Hycon, the first framework to apply contrastive learning
to modality interaction modeling. By constructing posi-
tive and negative pairs across modalities, Hycon effectively
learns joint representations from text, image, and audio
data. Yang et al. [7] proposed ConFEDE, a unified frame-
work for contrastive representation learning and contrastive

feature decomposition. In this framework, each modal-
ity is decomposed into similarity and dissimilarity features,
and contrastive relations are constructed using the similar-
ity features of text as anchors, thereby guiding the model to
capture both the consistency and divergence across modal-
ities. Yu et al. [23] proposed ConKI, a contrastive knowl-
edge injection model that learns both domain-specific and
general knowledge representations for MSA. This method
utilizes a hierarchical contrastive learning process to en-
hance emotional representation and improve sentiment pre-
diction performance. Sun and Tian [10] introduced SFTTR,
which decomposes each modality into Text-close and Text-
far representations and uses contrastive learning to explore
semantic similarities and differences between text and other
modalities.

Despite the promising progress of these approaches in
modality-level contrastive learning, they primarily focus
on aligning and distinguishing modality-specific represen-
tations, while failing to thoroughly model the shared and
distinctive characteristics of emotions across different gran-
ularities. Moreover, prior semantic information, such as
emotional intensity, has not been fully exploited.

To address these limitations, this work proposes a col-
laborative modality-granularity contrastive learning mech-



anism, which jointly models fine-grained relationships
across modalities and granularities, enabling more precise
and nuanced sentiment representation learning.

3. Method

3.1. Overall Architecture

The overall architecture of MGCL is illustrated in Figure
1. Given an input sample, we first perform representation
modeling for each modality using corresponding modality-
specific encoders. Unlike previous approaches, we design
and pretrain separate models to extract both macro- and
micro-level features for each modality. Specifically, for
the textual modality, we adopt BERT [24] as the text en-
coder. The [CLS] token representation is used to capture
the macro-level feature of the text (i.e., 1},qcr0), While the
token-level hidden states from the final layer serve as the
micro-level features (i.e., Tyniero). To enhance the micro-
level representation, we further apply operations such as
temporal average pooling, adjacent token differencing, and
feature concatenation on the token embeddings.

For the visual modality, we utilize a Transformer encoder
[25] to model the sequence of video frames. An attention
pooling mechanism is applied to obtain a global seman-
tic representation as the macro-level feature (i.e., Viqcr0)s
while the hidden states corresponding to individual frames
are retained as the micro-level features (i.e., Vipicro). Sim-
ilar to the textual modality, we enhance the visual micro-
level representations through average pooling, inter-frame
differencing, and feature concatenation. For the acoustic
modality, we adopt the same architecture and processing
strategy as used for the visual modality, resulting in macro-
level (i.e., Asnacro) and micro-level (i.e., A,icro) represen-
tations of the audio signals.

Subsequently, the macro- and micro-level features of
each modality are fed into separate projection modules to
map them into a unified representation space. Specifically,
the macro-level projection module consists of layer normal-
ization, a linear layer with Tanh activation, and a Dropout
layer. In contrast, the micro-level projection module in-
cludes layer normalization, a hidden linear layer with ReLU
activation, a subsequent linear layer with Tanh activation,
and a Dropout operation. Through these projection op-
erations, we obtain the unified macro-level features (i.e.,
T.,Va, Ag) and micro-level features (i.e., T;, V;, A;) in a
shared representation space.

After obtaining the six projected features, we feed them
into two key modules: the Modality-Granularity Collabora-
tive Contrastive Learning (MGCL) and the Cross Modality-
Granularity Fusion module (CMGF), which are designed
to explore fine-grained alignment and complementary re-
lationships among multimodal features.

Following the design of Yang et al. [7], we apply uni-

modal sentiment prediction as an auxiliary task, where the
macro- and micro-level features of each modality are in-
dividually used for sentiment classification. This auxil-
iary task aims to enhance intra-modal semantic modeling
and improve the model’s robustness in scenarios involving
modality degradation or missing modalities.

These modules will be described in detail in the follow-
ing sections. Finally, we optimize the entire model using
a multi-task joint learning strategy, which simultaneously
minimizes the contrastive learning loss, the fusion-based
prediction loss, and the unimodal prediction losses, thereby
enabling effective learning from multiple granularities and
perspectives.

3.2. Modality-Granularity Collaborative Contrastive
Learning

When selecting positive and negative sample pairs, we
observe that most existing contrastive learning methods
assume equal importance for all sample pairs throughout
training, without adequately considering how differences in
sentiment intensity affect the structure of the representation
space. We argue that in sentiment modeling tasks, sam-
ples with varying sentiment intensity (i.e., label value dif-
ferences) should exhibit different levels of proximity in the
representation space.

For example, a sample pair (i, j) with a label differ-
ence of 0.1 should be represented closer together than a
pair (i, k) with a difference of 0.5, and thus is more appro-
priately treated as a positive pair. Conversely, for negative
pairs, greater sentiment intensity differences should corre-
spond to a larger separation in the representation space. Fol-
lowing the sentiment intensity-guided strategy proposed by
Yang et al. [8], we design a weighting mechanism for sam-
ple pair construction, where the contribution of each pair
is modulated according to the emotional discrepancy be-
tween them. During contrastive loss computation, we as-
sign higher weights to sample pairs with larger intensity
differences. This approach reinforces the model’s sensitiv-
ity to sentiment boundaries and enhances its discriminative
ability in distinguishing subtle sentiment variations.

First, we introduce a sentiment intensity difference
threshold §, which is used to determine the relationship be-
tween sample pairs. Specifically, if the absolute difference
between the sentiment labels of two samples exceeds ¢, the
pair is treated as a negative pair. Otherwise, it is considered
a positive pair. In our experiments, we set 6 = 0.4, a value
empirically determined through preliminary experiments to
achieve optimal performance.

Eiz) <9,
E(i,j) > (5,

i, ) € positive pairs
(i,5) €p p )

(i,7) € negative pairs

Where F(; ;) represents the difference in sentiment inten-
sity between sample pairs (i, j).



Subsequently, to more effectively distinguish sample
pairs with large sentiment intensity differences in the
representation space, we introduce a sentiment intensity
difference-based weighting mechanism, which adaptively
adjusts the contribution of each sample pair to the con-
trastive loss. As shown in Equation (2), both positive and
negative pairs are assigned contrastive weights according
to the magnitude of their label differences. This guides
the model to draw emotionally similar sample pairs closer,
while pushing apart those with significant sentiment dis-
crepancies, thereby enhancing the emotional discriminabil-
ity of the learned representations.

1.5 x |tanh(E(; ;)|, (i,7) € negative pairs

2

, (4,J) € positive pairs

Considering that sentiment intensity labels may vary in
scale across different datasets, we normalize all label val-
ues to the range[—1, 1] to ensure numerical stability during
contrastive learning and enhance the generalization ability
across datasets. Specifically, given a batch B containing
multiple sample pairs, we compute the normalized senti-
ment intensity difference for each pair (i, j) as follows:

i 7 J,
Where y; and y; denote the sentiment intensity labels of
samples i and j, respectively.

Based on the aforementioned sentiment intensity differ-
ence criterion, we first construct initial sets of positive and
negative sample pairs for each sample i. Building upon
this, we introduce a carefully designed modality-granularity
collaborative contrastive strategy to more comprehensively
explore the commonalities and differences of multimodal
emotional features across both modalities and granularities.

In the same-modal and same-granularity contrastive
strategy, our goal is to enhance the robustness and dis-
criminability of feature representations within each modal-
ity. Specifically, we select macro-level features as the con-
trastive objects and construct positive pairs from different
samples within the same modality that share identical sen-
timent labels. For example, in the textual modality, macro
features 7 and 77 from two samples with the same senti-
ment label are contrasted to pull their representations closer
in the embedding space. This strategy helps the model bet-
ter perceive similar emotional expressions and improves se-
mantic clustering. The construction of positive and negative
sample pairs is defined as follows:

Eg = lvi — y;l, jeB 3)

Psiame,same = { (Ta’b’ Tg) ) (V;7 Vlf) ’ (A;Ll7 A.Zl) (4)
| (i,) € positive pairs }
Nsiame,same = { (CZ—‘GL,7 T:/) ) (VGL7 Vak) ) (A27 As) (5)

| (i, k) € negative pairs }

In the cross-modal and same-granularity contrastive
strategy, we focus on ensuring consistency of representa-
tions across different modalities for the same semantic con-
tent. This strategy also centers on macro-level features.
Specifically, for the same sample, features from different
modalities (e.g., T and V') are treated as positive pairs
for contrastive learning, guiding the model to align semanti-
cally similar cross-modal information in the latent represen-
tation space. This approach helps mitigate distribution dis-
crepancies caused by modality heterogeneity and enhances
the consistency and fusion of cross-modal emotional fea-
tures. The construction of positive and negative sample
pairs is defined as follows:

Plrosssame = {(Tas A0), (T3, V), (Vi AL }
U{(T5, AL (T2 V), (Va, AL,
(AG, T, (Vi T3), (A4, V)
| (i,5) € positive pairs }

(6)

N(;ir()SS,Same = {(T(;L,’ Vak)7 (Val’ AZ)? (T(;L/’ Al;)a
(Va, Ta), (A5, Vi), (Aa, 1) (D)
| (i, k) € negative pairs }

In the same-modal and cross-granularity contrastive
strategy, our aim is to establish representational connections
between macro- and micro-level features, promoting con-
sistency and complementarity across semantic hierarchies.
Taking the textual modality as an example, we pair the
macro-level feature 77/ with the micro-level feature 77 from
the same sample, guiding the model to build collaborative
relationships across different granularities. This strategy
enhances the model’s sensitivity to fine-grained emotional
information while reinforcing structural alignment and se-
mantic complementarity between features at different lev-
els. The construction of positive and negative sample pairs
is defined as follows:

Psiame,cross = { (Tg, T;) ) (Vaiﬂ sz) ) (Afw Ai)

o ®)
| (4,7) € positive pairs }

Nslame,cross = { (Tév Tzk) ) (Valv Vzk) ) (sz Af) 9)
| (i, k) € negative pairs }

It is worth noting that we intentionally do not introduce
a direct cross-modal and cross-granularity contrastive strat-
egy. Although such a setting may appear intuitive for mod-
eling modality—granularity interactions, it involves simul-
taneous shifts in both modality and semantic granularity,
which can lead to semantic misalignment and ambiguous
supervision signals in contrastive learning. In particular,
representations from different modalities and different gran-
ularity levels often exhibit heterogeneous abstraction struc-
tures and modality-specific biases, making it difficult to de-
fine semantically comparable positive and negative pairs.



Directly enforcing contrastive constraints across both di-
mensions may introduce noisy alignments and adversely af-
fect optimization stability.

By combining the same-modal and same-granularity,
cross-modal and same-granularity, and same-modal and
cross-granularity pairs of sample i, we obtain the sets of
positive and negative sample pairs P; and N; for sample i
during the contrastive learning process, as follows:

U P

same,Cross

P, =P UP;

same,same Cross,same

(10)

_ % %
Ni - Nsame,same U Ncross,same

U Nsiame,cross ( l 1)

Given a batch B, our collaborative contrastive loss L.,
is computed as follows:

Wiy sim(a,p)
&mw“ﬁ(ﬁff)

Lcon - Z 1Og Wi, 4)-sim(a,q)
1€B (a,q)€PUN? exp < T
12)
where W(; ;) is the corresponding weight for the sample
pair (i, j).

3.3. Cross Modality-Granularity Fusion

From the projection operations described above, we ob-
tain both macro- and micro-level features for each modal-
ity. However, simply concatenating these features may
overlook deep semantic interactions across modalities and
granularities, and may introduce information redundancy,
which could negatively impact downstream task perfor-
mance. Inspired by [10], we propose a Cross Modality-
Granularity Fusion (CMGF) mechanism to fully exploit the
complementary information between modalities and gran-
ularities, thereby enhancing the interaction and collabora-
tive representation of multimodal features. The structure
of this mechanism is illustrated in Figure 2. Specifically,
we use the macro-level feature of each modality as a query,
and the micro-level features of the other two modalities as
keys and values, enabling dynamic cross-modal and cross-
granularity interaction via a multi-head attention mecha-
nism. For example, in the case of the textual modality, the
macro feature T, interacts with the micro-level features of
the visual (V;) and acoustic (A;) modalities to capture fine-
grained semantic cues from other modalities. Similarly, Va
and Aa interact with the micro-level features of the remain-
ing modalities to enrich their own representations with com-
plementary information. This process is formalized as fol-
lows:

Fl = MTM(T,,V;, A;) (13)
F2 = MTM(V,,T;, A;) (14)
F3 = MTM(A,,T;,V;) (15)

Where MTM(-) represents the fusion module.

LayerNorm

Figure 2. Structure of the CMGF module, illustrated with the tex-
tual modality as an example.

Finally, we concatenate the three enhanced macro-level
features to construct a unified fusion representation, which
is then fed into a three-layer multilayer perceptron (MLP)
as the sentiment intensity predictor to perform sentiment in-
tensity regression.

Fﬁl’fb

F=|F2 (16)

e

Fe,
3.4. Overall Learning Objectives

After multimodal fusion, we employ an MLP with ReLU
activation functions as the classifier to obtain the final pre-
diction results. This choice is primarily motivated by the
MLP’s ability to capture complex nonlinear relationships
in the input data—an essential characteristic for sentiment
analysis tasks, where latent patterns and subtle variations
are often highly nonlinear and multifaceted. We use the
joint multimodal representation F as the input to the classi-
fier. Let the batch of samples be denoted as B. For a given
sample ¢ € B, let its predicted sentiment intensity from
the classifier be °. The multimodal prediction loss is then
computed using the mean squared error (MSE) as follows:

i = MLP(F) (17)
1, . .
Lpred = E Z(yz - Z)l)Q (18)
=1

Where n is the number of samples in the batch and 3 is the
multimodal label.

In addition, for each sample i, we feed the obtained
macro- and micro-level features [T;,V;,Af;,T;, Vj,A:]
into separate MLP classifiers as auxiliary tasks, resulting



Dataset #Train #Valid #Test #Total Language
CH-SIMS 1,368 456 457 2,281 Chinese
CMU-MOSI 1,284 229 686 2,199 English
CMU-MOSEI 16,326 1,871 4,659 22856  English

Table 1. The statistics of CH-SIMS, CMU-MOSI and CMU-
MOSEIL

in six individual predictions denoted 4. Specifically, the
unimodal prediction loss is computed as follows:

@t = MLP([T:, Vi, AL T Vi, A1) (19)

u' = [yt Yty v v, v (20)

2L

where the vectoru’ = [y, 3%, 4%, y¥r, yi,, v’ | represents the
ground-truth labels for unimodal prediction. In other words,
each decomposed feature is individually regularized to per-
form a separate prediction task.

The overall loss function can be formulated as follows:

L = Lpred + aLcon + BLuni (22)

where L,y is the collaborative contrastive loss, Ly eq is
the multimodal prediction loss, and L,,,; is the auxiliary
unimodal prediction loss. The coefficients « and g are hy-
perparameters that balance the contributions of each loss
term.

4. Experiment
4.1. Dataset and Metrics

We conducted extensive experiments on three publicly
available benchmark datasets: CMU-MOSI [26], CMU-
MOSEI [27], and CH-SIMS [28]. The statistic details of
three datasets are shown in Table 1.

In our experiments, we report the averaged results
over three runs with different random seeds, evaluating
overall performance on both classification and regression
tasks. For classification, we assess multi-class accuracy
and weighted F1 scores. This includes binary (Acc-2),
three-class (Acc-3), and five-class (Acc-5) accuracy on
the CH-SIMS dataset, as well as binary and seven-class
(Acc-7) accuracy on the CMU-MOSI and CMU-MOSEI
datasets. For the binary classification results (Acc-2 and F1
scores) on CMU-MOSI and CMU-MOSEI, we evaluate us-
ing two different label partitioning schemes: negative/non-
negative (retaining the neutral category) [ 3, 22] and nega-
tive/positive (excluding the neutral category) [14, 22]. Re-
garding regression, we report two metrics: mean absolute
error (MAE) and Pearson correlation coefficient (Corr). Ex-
cept for MAE, higher values of all other metrics indicate
better model performance.

Stage Dataset Model / Encoder Learning Rate Epochs Batch Size

CH-SIMS bert-base-chinese le-5 150 64

CMU-MOSI bert-base-uncased le-5 150 64

. CMU-MOSEI bert-base-uncased le-5 150 64

Unimodal

CH-SIMS 1-layer Transformer (V/A) le-4 200 128

CMU-MOSI  I-layer Transformer (V/A) le-4 200 128

CMU-MOSEI  3-layer Transformer (V/A) le-4 200 128

CH-SIMS MGCL le-4 50 64

Multimodal ~ CMU-MOSI MGCL le-4 50 64
CMU-MOSEI MGCL le-4 25 8

Table 2. Experimental Settings and Hyperparameters.

4.2. Experimental Settings

To ensure a fair comparison with existing benchmarks,
we adopt standard experimental protocols widely used in
recent competitive and state-of-the-art studies. The training
process consists of two stages: a unimodal training stage
and a multimodal training stage.

In the unimodal training stage, we fine-tune bert-base-
chinese for CH-SIMS and bert-base-uncased for CMU-
MOSI and CMU-MOSEI to obtain textual representations.
Subsequently, Transformer encoders are adopted as the Vi-
sion Encoder and Audio Encoder, as illustrated in Figure 1.
Specifically, for CH-SIMS and CMU-MOSI, single-layer
Transformer encoders are employed to model the visual
and acoustic modalities, respectively. For CMU-MOSEI,
deeper Transformer encoders with three layers are used to
accommodate its larger scale. In the multimodal training
stage, MGCL is trained for multimodal sentiment analysis
by leveraging the pretrained unimodal encoders. All exper-
iments are conducted on a single NVIDIA RTX 4090 GPU,
and the detailed experimental settings and hyperparameters
are reported in Table 2.

4.3. Baseline

To comprehensively evaluate the performance of our
MGCL model, we conducted a fair comparison with sev-
eral advanced and state-of-the-art baseline methods. These
baselines include LF-DNN [28], MFN [12], LMF [29], TEN
[13], MulT [14], MISA [4], MAG-BERT [15], Self-MM
[22], ConFEDE [7] and SFTTR [10].

4.4. Results

Tables 3 and 4 summarize the performance comparisons
of all methods on the CH-SIMS, CMU-MOSI, and CMU-
MOSEI datasets. We report the average results of our pro-
posed model over three independent runs with different ran-
dom seeds to reduce randomness and improve result stabil-
ity. For each evaluation metric, the best results are high-
lighted in bold font for clarity.

On the CH-SIMS dataset, our proposed method outper-
forms nearly all mainstream baseline models across almost
all evaluation metrics. Compared to the best-performing
contrastive method, SFTTR, we achieve significant im-
provements on several key metrics: a 1.11% increase in



Model CH-SIMS

Acc-2 F1 Acc-3  Acc-5 MAE Corr
LF-DNN 78.87 79.87 6691 41.62 0.420 0.612
MEN 7790 77.88 6573 3947 0435 0.582
LMF 7777 77.88 64.68 40.53 0.441 0.576
TFN 7838 78.62 65.12 39.30 0.432 0.591
MulT 78.56 79.66 64.77 37.94 0.453 0.561
MISA 76.54  76.59 - - 0.447 0.563
Self-MM* 7871 78.76 6547 4294 0.411 0.601
ConFEDE* 79.26 7947 6882 45.60 0.389 0.646
SFTTR* 80.58 80.49 69.15 4551 0.384 0.649
MGCL 81.69 81.66 69.88 4340 0.402 0.664

Table 3. Results on CH-SIMS. Models with * were replicated un-
der the same conditions, while other results are from published
papers or official repositories.

Acc-2, a 1.17% improvement in F1 score, a 0.73% gain in
Acc-3, and a 1.5% rise in Pearson correlation (Corr). These
results demonstrate that our approach possesses stronger
modeling capabilities in capturing the consistency of emo-
tional expressions and the synergy among modalities.

However, our model performs slightly worse than some
existing methods on the Acc-5 and MAE metrics. These
metrics require finer-grained sentiment discrimination and
more accurate modeling of continuous sentiment intensity,
and are therefore more sensitive to subtle representation bi-
ases than coarse-grained evaluations. We believe this phe-
nomenon may be attributed to the following two factors.
(1) Characteristics inherent to the fusion mechanism. When
incorporating micro-level features from other modalities,
certain samples may introduce noise or misleading cues,
particularly when emotional expressions across modalities
are inconsistent. While such noise may have limited in-
fluence on coarse-grained classification performance, it can
blur fine-grained decision boundaries and distort continu-
ous intensity estimation, leading to more noticeable degra-
dation on Acc-5 and MAE. In addition, the fusion mod-
ule may exhibit a smoothing effect on representations of
samples with extreme emotions, which reduces sensitivity
to large sentiment intensity variations and hinders discrim-
ination among adjacent fine-grained categories. (2) Limita-
tions of the sentiment-intensity-guided contrastive strategy.
Although contrastive learning is guided by sentiment inten-
sity differences, the current linear distance-based formula-
tion may not fully capture the nonlinear psychological per-
ception underlying human emotion annotation. As a result,
differences that are perceptually uneven may be treated uni-
formly, which can negatively affect continuous prediction
and fine-grained evaluation metrics such as MAE. Over-
all, these observations suggest that samples with strong
cross-modal inconsistency or extreme sentiment intensity
pose greater challenges for fine-grained sentiment model-
ing, helping to explain why performance differences are

more apparent on Acc-5 and MAE than on coarse-grained
metrics.

On the CMU-MOSI dataset, our proposed MGCL
method outperforms all existing baseline models on sev-
eral key metrics. Specifically, MGCL achieves the best
performance in terms of Pearson correlation (Corr), Acc-
2, and F1 score under both the negative/non-negative (NN)
and negative/positive (NP) partition settings. Additionally,
our method surpasses most competing models in Acc-7 and
MAE metrics, demonstrating strong overall stability.

These results indicate that the modality-granularity col-
laborative contrastive learning mechanism proposed in
MGCL effectively models the interactions and expressions
of multimodal features, maintaining excellent robustness
and generalization even on relatively small-scale datasets
like CMU-MOSI. On the CMU-MOSEI dataset, MGCL at-
tains leading results across all metrics except for Acc-7 and
MAE, further validating the adaptability and effectiveness
of our approach on large-scale, diverse sentiment data.

We observe that MGCL achieves significantly superior
Pearson correlation (Corr) scores across the CH-SIMS,
CMU-MOSI, and CMU-MOSEI datasets. This trend indi-
cates that MGCL has a strong capability to model the rela-
tive variations in sentiment intensity. We attribute this ad-
vantage primarily to the modality-granularity collaborative
contrastive learning mechanism introduced in MGCL: by
constructing multidimensional sample pairs and performing
contrastive optimization guided by sentiment intensity dif-
ferences, the model effectively learns the relative emotional
distances between samples, thereby enhancing its sensitiv-
ity to sentiment intensity ranking. Unlike traditional regres-
sion models that focus solely on predicting absolute labels,
MGCL explicitly optimizes the representation distribution
of sample pairs during training. This encourages seman-
tically similar samples to be closer in the embedding space
while samples with large sentiment intensity differences are
pushed farther apart. Such an optimization naturally fosters
a more coherent emotional ranking structure, ultimately re-
flected in higher Corr scores during evaluation.

4.5. Ablation Study

To evaluate the impact of each key component in our pro-
posed model on overall performance, we conducted system-
atic ablation studies on the CH-SIMS dataset. The results
are presented in Table 5. These ablation settings are de-
signed to analyze how each component contributes to spe-
cific learning objectives, such as cross-modal alignment,
cross-granularity consistency, and modality-specific senti-
ment modeling.

Specifically, we individually removed the following
components or strategies: “w/o CL”: Removing the con-
trastive learning module to verify its contribution to feature
representation and sentiment recognition; “w/o C3”: Re-



Model CMU-MOSI CMU-MOSEI

Acc-2 F1 Acc-7 MAE Corr Acc-2 F1 Acc-7 MAE Corr
LF-DNN 77.52/78.63 77.46/78.63 34.52 0955 0.658 80.60/82.74 80.85/82.52 50.83 0.580 0.709
MFN 77.4/- 77.3/- 34.1 0.965 0.632 78.94/82.86 79.55/82.85 51.34 0.573 0.718
LMF -/182.5 -182.4 332 0917 0.695 80.54/83.48 80.94/83.36 51.59 0.576 0.717
TFN -/80.8 -/80.7 349 0901 0.698 78.50/81.89 78.96/81.74 51.60 0.573 0.714
MulT -/83.0 -/82.8 40.0 0.871 0.698 81.15/84.63 81.56/84.52 52.84 0.559 0.733
MISA 81.8/83.4 81.7/83.6 423 0.783 0.776 82.59/84.23 82.67/83.97 5220 0.568 0.724
MAG-BERT 82.13/83.54 81.12/83.58 41.43 0.790 0.766 82.51/84.82 82.77/84.71 50.41 0.583 0.741
Self-MM* 82.51/84.7 82.6/84.91 4579 0.712 0.792 82.68/84.96 82.95/84.93 53.46 0.529 0.767
ConFEDE* 82.62/84.45 82.6/84.48 4492 0.731 0.792 81.21/85.75 81.77/85.74 53.14 0.540 0.766
SFTTR* 81.92/83.85 81.92/839 4579 0.712 0.793 82.47/85.82 82.84/85.63 53.69 0.531 0.761
MGCL 83.04/84.96 82.96/84.94 45.19 0.727 0.794 83.12/85.85 83.33/85.66 52.79 0.542 0.770

Table 4. Results on CMU-MOSI and CMU-MOSEIL All baseline settings and results are consistent with those in Table 3. For Acc-2 and
F1 scores, the values to the left of the “/” correspond to the negative/non-negative (NN) setting, while those to the right correspond to the

negative/positive (NP) setting.

moving the same-modal and cross-granularity contrastive
strategy while retaining the other contrastive terms, to
assess the effectiveness of granularity-collaborative con-
trastive learning; “w/o uni”: Removing the unimodal pre-
diction module to investigate the influence of auxiliary su-
pervision in multi-task learning; “w/o fusion”: Replacing
our designed cross-modal granularity fusion module with
simple feature concatenation to validate the effectiveness of
the proposed interaction and fusion structure.

The experimental results indicate that removing any of
the key components leads to a decline in model perfor-
mance, confirming the importance of each module within
the overall framework. Among the four ablation settings,
removing the fusion module (“w/o fusion”) has the greatest
impact, causing a 1.33% drop in Acc-2 compared to the full
model. This strongly demonstrates the effectiveness of our
proposed cross modality-granularity fusion mechanism in
enhancing feature representation and improving sentiment
recognition capability. Specifically, without the proposed
fusion module, the model is unable to explicitly optimize
cross-modal semantic alignment and fine-grained interac-
tion across different granularities, leading to weaker joint
representations for sentiment prediction.

Model Acc-2 F1 Acc-3 Acc-5 MAE Corr
w/o CL 79.94 7998 69.15 42.16 0409 0.650
w/o C3 8140 81.31 69.29 4325 0407 0.659
w/o uni 8140 81.17 69.15 4339 0414 0.646
w/o fusion  79.36  79.18 68.49 4245 0405 0.662
MGCL 81.69 81.66 69.88 4340 0.402 0.664

Table 5. Ablation study results on CH-SIMS. Each score repre-
sents the average over three runs.

Furthermore, when the entire contrastive learning mod-

ule (“w/o CL”) is removed, the model’s performance
drops significantly. This degradation suggests that re-
moving contrastive learning weakens the explicit optimiza-
tion of cross-modal and cross-granularity alignment objec-
tives, resulting in less discriminative sentiment represen-
tations. In comparison, removing the same-modal cross-
granularity contrastive component (“w/o C3”) also leads to
some performance degradation, but the impact is relatively
smaller. This suggests that granularity-collaborative con-
trastive learning serves as a complementary pathway that
enhances the model’s sensitivity to fine-grained emotional
details. In particular, this component enforces consistency
between macro- and micro-level representations within the
same modality, which directly supports the optimization of
fine-grained sentiment modeling.

When the unimodal prediction module is removed (w/o
uni), the model performance drops accordingly. This re-
sult indicates that different modalities in the CH-SIMS
dataset contain modality-specific sentiment cues. Incor-
porating unimodal prediction as an auxiliary task helps
the model capture these unique representations more effec-
tively, thereby improving overall performance. Removing
this auxiliary task weakens the modality-specific supervi-
sion in the multi-task learning objective, which in turn re-
duces the quality of the fused representation.

To further evaluate the effectiveness of contrastive learn-
ing guided by sentiment intensity, we present ablation re-
sults in Table 6. Here, “w/o CL” indicates the model trained
without contrastive learning, while “w/o weight” refers to
using sentiment labels to select positive and negative pairs
without incorporating sentiment-intensity weights.

The experimental results show that contrastive learning
guided by sentiment intensity substantially enhances per-
formance on the CH-SIMS dataset. In contrast, the “w/o



weight” setting leads to a noticeable performance drop.
This degradation can be attributed to the fact that SIMS in-
cludes fine-grained sentiment intensity labels. Therefore,
without applying sentiment-intensity weights, contrastive
learning struggles to capture nuanced sentiment distinc-
tions, thereby limiting overall model performance. This in-
dicates that sentiment-intensity weighting is essential for ef-
fectively optimizing fine-grained contrastive objectives on
datasets with continuous sentiment annotations. By inte-
grating weights derived from sentiment intensity, our pro-
posed contrastive learning method achieves significant im-
provements across all evaluation metrics. These findings
demonstrate the effectiveness of sentiment-intensity-guided
contrastive learning in enhancing model performance.

Overall, the ablation results demonstrate that each mod-
ule in MGCL is closely associated with a specific optimiza-
tion objective, and the observed performance degradation
in each ablation setting is consistent with the corresponding
objective being weakened.

Model Acc-2 F1 Acc-3 Acc-5 MAE Corr
w/o CL 79.94 7998 69.15 42.16 0.409 0.650
w/oweight 80.63 80.01 69.52 4256 0410 0.652
MGCL 81.69 81.66 69.88 4340 0.402 0.664

Table 6. Ablation study of sentiment-intensity-guided contrastive
learning on CH-SIMS.

5. Conclusion

In this paper, we propose MGCL, a modality-granularity
contrastive learning framework for multimodal sentiment
analysis. MGCL first employs pretrained encoders to ex-
tract macro-level features (global semantics) and micro-
level features (fine-grained dynamics) for each modal-
ity separately. Subsequently, a cross modality-granularity
fusion mechanism is employed, where micro-level fea-
tures are leveraged to enhance macro-level representa-
tions, thereby strengthening the modeling of sentiment
expressions. To effectively capture cross-modal consis-
tency and cross-granularity complementarity, MGCL in-
troduces a modality-granularity collaborative contrastive
learning guided by sentiment intensity. Additionally, uni-
modal prediction is incorporated as an auxiliary task to im-
prove the model’s robustness and generalization capabil-
ity. Experimental results on three mainstream multimodal
sentiment analysis datasets—CH-SIMS, CMU-MOSI, and
CMU-MOSEI—demonstrate that MGCL significantly out-
performs existing state-of-the-art methods on multiple key
metrics, particularly exhibiting superior ability in modeling
sentiment intensity as reflected by the Pearson correlation
coefficient (Corr).

Limitations

Although our proposed MGCL method achieves promis-
ing results in multimodal sentiment analysis, several limita-
tions need to be considered. First, our approach is specif-
ically designed for scenarios where all modalities—text,
video, and audio—are available. The model’s performance
may degrade when one or more modalities are missing. Ad-
ditionally, since we pretrain separate encoders to extract
both macro and micro features for each modality, this ap-
proach demands more time and computational resources
during training on large-scale datasets. Furthermore, the
model deployment phase requires increased GPU memory
consumption due to the dual-encoder architecture for each
modality. In future work, we will further explore modal
robust learning, adaptive fusion strategies, and knowledge
distillation to effectively address the aforementioned limi-
tations on the basis of the existing framework.
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