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Abstract

Multimodal data fusion involves integrating and analyzing in-
formation from multiple modalities to uncover latent corre-
lations and complementary patterns, thereby enhancing data
processing and decision-making. While existing methods for
structured multimodal inputs are typically designed around
specific tasks and assume fully observed modalities, real-
world applications often suffer from uncertain or missing
modality inputs due to various factors. Some traditional mod-
els overly emphasize local interactions within missing modal-
ities, neglecting the global complementary cues embedded in
multimodal representations. To overcome these limitations,
we propose a Dynamic Multimodal Data Fusion model based
on Contrastive Learning (CL-DMDF). CL-DMDF introduces
a novel attention mechanism that operates across both fea-
ture and modality dimensions to compute reliable attention
scores, effectively reflecting importance at each level. The
CL-DMDF further incorporates an entity-centroid contrastive
learning module that constructs centroid-based positive sam-
ples from entity features to enhance discriminative learn-
ing. Additionally, an adaptive fusion module is employed
to improve the efficiency and accuracy of dynamic fusion
strategies. Extensive experiments conducted on three datasets
demonstrate the effectiveness of the CL-DMDF across di-
verse multimodal fusion tasks.

Code — https://github.com/zoo-111-p/CL-DMDF

Introduction
In the real world, humans perceive the environment through
sensory receptors such as eyes, ears, skin, nose, and tongue,
enabling them to see objects, hear sounds, feel textures,
smell scents, and taste flavors. The information obtained
from each sensory source or medium can be regarded as a
modality. Multimodal refers to the use of two or more het-
erogeneous modalities, such as text, vision, or audio, for
joint learning and inference.

The human brain unconsciously integrates information
from different sensory receptors, or fuses modalities, ex-
tracting complementary information to form predictions or
decisions. In addition, machines are highly dependent on
sensors such as RGB cameras, microphones, and other types

*Corresponding author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Relying solely on textual information is unlikely to
accurately predict the current emotion during classification.
However, audio and vision modalities can provide crucial
cues for the multimodal network.

of sensors. Each sensor maps the observed objects or activ-
ities into the machine’s domain, enabling it to make predic-
tions or decisions based on the collected data.

While existing methods for multimodal decision-making
often rely on manual feature engineering, they often fail to
capture cross-modal complementarity, leading to early infor-
mation loss. Although models such as CNNs, LSTMs, trans-
formers, and BERT can process multimodal inputs, the key
challenge remains how to perform deep fusion to enhance
machine intelligence.

Multimodal data fusion aims to combine information
from multiple modalities—such as vision, audio, and tex-
tual—to enhance analytical accuracy. For example, in emo-
tion recognition (Figure 1), integrating audio and visual sig-
nals improves classification by leveraging cross-modal com-
plementarity.

For dynamic multimodal data, we propose a Dynamic
Multimodal Data Fusion model based on Contrastive Learn-
ing (CL-DMDF). The model extracts modality-specific fea-
tures and projects them into a shared embedding space.
A dual-dimensional attention mechanism over feature and
modality dimensions assigns weights to account for struc-
tural variability. Contrastive learning enhances feature dis-
criminability, while an adaptive fusion module dynamically
selects task-relevant strategies to generate a unified repre-
sentation.

Multimodal fusion significantly enhances system percep-
tion by mitigating the limitations of single-modality inputs,
which are often affected by factors such as lighting, noise,
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and sensor failure. By integrating complementary cues, it
improves accuracy and robustness in complex environments.
For instance, in autonomous driving, combining camera im-
ages, radar data, and voice commands enhances safety and
interaction reliability.

In this paper, we propose a novel Dynamic Multimodal
Data Fusion model based on Contrastive Learning (CL-
DMDF), to address the limitations of existing fusion models
in terms of task adaptability and semantic expressiveness.
Our main contributions are summarized as follows:

(1) We propose a dual-dimensional attention mechanism
that jointly models feature-level and modality-level impor-
tance, enabling the computation of more reliable attention
scores to guide effective multimodal integration.

(2) We introduce an entity-centroid contrastive learning
module, which constructs positive and negative pairs based
on attention-weighted modality features. This module en-
hances the discriminative power of representations and ex-
pands the embedding space.

(3) We present an adaptive fusion module that dynami-
cally selects optimal fusion strategies based on the charac-
teristics of input features. This allows the model to balance
accuracy and computational efficiency across varying tasks.

(4) CL-DMDF’s innovation lies in the collaborative de-
sign of its three components, optimizing a single objec-
tive within a unified architecture, representing an innovation
at the framework level. We conduct comprehensive experi-
ments on three representative datasets. The results demon-
strate that CL-DMDF consistently outperforms strong base-
lines across diverse tasks, validating the effectiveness and
generalizability of the model.

Related Work
Multimodal data fusion under dynamic conditions aligns
with conventional fusion paradigms. This section reviews
representative studies in this area.

Multimodal Data Fusion
Multimodal fusion has traditionally been categorized into
data-level, feature-level, and decision-level approaches.
Early data-level models (Camille, Clément, and Laurent
2013) concatenated RGB and depth images at the input,
while SSR-CNN (Liu et al. 2019) employed a single-
stream architecture to integrate modalities. Feature-level ap-
proaches (Li et al. 2018; Hu et al. 2020a) encoded modal-
ities independently and fused them during decoding; FFN
(Janani et al. 2021) improved this by concatenating outputs
from modality-specific encoders.

For decision-level fusion, (Nihar, Kevin, and Peyman
2021) introduced a multimodal variational autoencoder
(VAE) that learned a shared latent space from image fea-
tures. Similarly, an end-to-end VAE framework (Dhruv et al.
2019) addressed fake news detection by encoding and recon-
structing joint textual and visual embeddings.

Recent studies extended these paradigms. (Chen, Wang,
and Zhang 2024) proposed a progressive cross-modal at-
tention mechanism for adaptive fusion across abstraction
levels. (Liu, Fan, and Li 2025) incorporated latent-variable

modeling to capture modality-specific uncertainty. (Zhang,
Hu, and Tan 2025) further explored lightweight transformer-
based fusion under real-time constraints, improving the
trade-off between efficiency and performance.

Dynamic Multimodal Data Fusion
Dynamic attention-based fusion methods were gener-
ally categorized into intra-modality self-attention, cross-
modality cross-attention, and transformer-based approaches.
(Gao et al. 2019) applied hard attention to generate spa-
tial binary masks for selective feature propagation. (Ma-
teusz et al. 2018) introduced bidirectional cross-modal at-
tention for vision-language alignment, and (Hu et al. 2020b)
proposed a dot-product cross-attention to capture audio-text
correlations. MVAE integrated multiple modalities for tasks
such as fake news detection.Transformer-based fusion meth-
ods leveraged cross-modal attention to model long-range
dependencies. (Sun et al. 2021) designed a cross-modal
transformer for MRI–acoustic signal alignment, while (Xu,
Feng, and Huang 2022) adopted self-attention to capture
inter-modal relations. (Yang, Tan, and Gao 2024) presented
a multi-head sparse transformer with hierarchical fusion,
demonstrating robustness on noisy video-text datasets. (Liu,
Zhao, and Zhang 2025) introduced an adaptive sparse atten-
tion framework that pruned modality contributions based on
semantic uncertainty. More recently, UniFM (Jiang, Zhang,
and Tan 2024) and MM-TokenMixer (Li, Xu, and Liu 2025)
optimized cross-modal token integration using shared rep-
resentations and token-wise mixing, resulting in improved
generalization between benchmarks.

Graph-based methods evolved from standard GCNs to
spatio-temporal graph architectures. (Chih et al. 2022) uti-
lized deep GCNs for emotion recognition, and (Hu et al.
2021) combined multimodal GATs with temporal convolu-
tions to model temporal-spatial patterns. (Ding, Sun, and
Zhao 2023) integrated multi-head attention into GNNs for
scene graph embeddings, followed by cross-modal align-
ment in (Yang et al. 2023). (Wang, Lin, and Song 2025)
proposed a reinforcement-guided GNN with modality-aware
policy learning for dynamic social event detection. Further-
more, GNN-Adapter (Wu, Sun, and Huang 2024) incorpo-
rated lightweight graph modules into pre-trained multimodal
models, enhancing efficiency without retraining the back-
bones.

Differences from Existing Work
Our work differs from traditional methods in several key as-
pects.

Most existing fusion models adopt static strategies across
tasks, limiting adaptability. In contrast, CL-DMDF em-
ploys a dynamic fusion mechanism that selects task-relevant
strategies based on modality reliability. Existing attention-
based methods often yield unstable weights due to unsuper-
vised design, while graph-based models struggle to gener-
alize to unseen modalities. CL-DMDF addresses this via a
dual-dimensional attention mechanism that jointly considers
feature-level and modality-level importance. Unlike previ-
ous contrastive learning approaches with coarse alignment,
our entity-centric contrastive module captures fine-grained
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Figure 2: The overview of CL-DMDF. Features are first extracted from data of different modalities using a feature extraction
network and projected into a unified dimensional space. A dual-dimensional attention mechanism is then employed to guide
the allocation of attention. Subsequently, contrastive learning is applied to enhance the discriminability of the features. Finally,
an adaptive fusion module selects the most appropriate fusion strategy based on the specific requirements of the task.

semantics, enhancing representation quality. Finally, to bal-
ance performance and efficiency, we introduce a resource-
aware objective that guides the adaptive fusion module to
avoid redundant computation under varying task complexi-
ties.

Method
We begin by presenting the proposed CL-DMDF model for
dynamic multimodal fusion, followed by a formal definition
of the problem and its implementation details.

Model Overview
This paper proposes a Dynamic Multimodal Data Fusion
model based on Contrastive Learning, termed CL-DMDF.
The model first extracts features from different modalities
using dedicated feature extraction networks and projects
them into a unified vector space. To account for the diver-
sity of modality combinations and varying feature counts
per entity, a dual-dimensional attention mechanism is in-
troduced to guide attention allocation across modalities and
features. This mechanism enhances the model’s ability to
concentrate on task-relevant information. To enhance feature
discriminability, CL-DMDF integrates a contrastive learning
module that sharpens representation boundaries by distin-
guishing similar from dissimilar samples. An adaptive fu-
sion module further selects optimal strategies based on task
demands and modality characteristics, enabling effective ag-
gregation of heterogeneous features. The overall architec-
ture is shown in Figure 2.

Dual-Dimensional Attention Mechanism
Different modalities may represent distinct entities with
varying semantic features, complicating consistent and in-
formative fusion due to modality-specific encoding differ-
ences.To address this, we propose a dual-dimensional at-
tention mechanism that jointly considers both feature-level
richness and modality-level presence when assigning atten-
tion weights to each entity.

Entities with broader feature coverage and presence
across more modalities are assigned higher weights, enhanc-
ing their contribution to the final fused representation. This
method prioritizes semantically important entities, enabling
more effective cross-modal integration. Weighted features
are used in contrastive learning, with an attention module,
consisting of a shared linear layer and non-linear activation,
further balancing modality contributions across samples.

For multimodal features, F 1
i ∈ RD1 , F 2

i ∈
RD2 , . . . Fn

i ∈ RDn , where {Di} represents the fea-
tures extracted from different modalities, we use batch
normalization and linear projection functions to convert
them into the same shape, is given by Equation 1:

h(x) = project
(
batchnorm(x)

)
(1)

where project(·) and batchnorm(·) represent the linear
projection function and batch normalization function, re-
spectively. After alignment, all modality features are input
into the module to obtain their attention scores ai, which
guide the contrastive learning process to generate centroids
and expand the feature embedding space.
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To improve attention reliability, we introduce a self-
supervised dual-dimensional mechanism that assigns atten-
tion scores based on pseudo-labels Ỹn, reflecting both fea-
ture count and modality coverage. Entities with limited fea-
tures or modalities receive lower weights due to reduced
semantic value. The pseudo-label Ỹn is defined over F as
shown in Equations 2-4.

N =
1

W

W∑
i=1

F i (2)

M =
1

W

W∑
i=1

∑
Ei∈Mj

MEi (3)

Ỹ =
Ni

∑
Ei∈Mj

MEi

Ni +N
(∑

Ei∈Mj
MEi +M

) (4)

Let W denote the number of entities and MEi the number
of modalities containing entity Ei. Entities with feature and
modality counts above the averages N and M are assigned
higher pseudo-labels Ỹn, while others receive lower values.
To align with the activation-constrained attention range, Ỹ ∈
{0, 1} is used.

To ensure stable convergence of self-supervised attention
scores, we incorporate an appropriate loss function as shown
in Equation 5.

Γatten = −
B∑
i=1

log
(
1− |αMi − Yi|

)
(5)

Since αMi
is a vector and Ỹn is a scalar, we first aver-

age αMi
to obtain a scalar for regression. As both values

lie within (0, 1), directly applying standard L1 or L2 losses
can lead to weak gradients. To address this, we adopt a loga-
rithmic transformation in the loss function to maintain suffi-
ciently strong gradients and ensure monotonicity during op-
timization.

We align features using batch normalization and linear
projection to stabilize attention weights. CL-DMDF demon-
strates robustness under noisy and low-sample conditions
by focusing on key entities and enhancing features via two-
dimensional attention and contrastive learning.

Entity-Centroid Contrastive Learning
Figure 3 illustrates the Entity-Centroid Contrastive Learn-
ing framework. To enhance discriminability, representations
are projected into a shared embedding space. Unlike con-
ventional methods, our approach captures multiple seman-
tics per instance. For a batch of fused features FMi, each
entity aggregates cross-modal information, with its embed-
ding set defined in Equation 6.

Gi = FM1 , FM2 , . . . , FMn (6)

Let n denote the number of modalities in the fused feature
set. The centroid Ci of group Gi expands the embedding
space. Dual-dimensional attention scores guide weighted

Figure 3: Entity-Centroid Contrastive Learning implemen-
tation details. Embedding features in vector space to capture
diverse semantics and prevent over-alignment in contrastive
learning.

feature aggregation, integrating modality-specific informa-
tion, with features treated as positive samples (Equation 7).

Ci =
∑

FMi∈Gi

αMi
FMi (7)

Here, αMi
denotes the attention scores generated by the

dual-dimensional attention mechanism. After expanding the
embedding space, features within this space are treated as
positive samples, while those outside it are considered neg-
ative. Accordingly, the complete embedding set for all sam-
ples is defined as in Equation 8.

UB
i=1Gi = {FM1 , FM2 , . . . , FMj} (8)

B denotes the number of entities, and j the total num-
ber of modality features. This yields the feature embedding
set for all entities in the current batch. Samples outside this
embedding space—i.e., the complement of UB

i=1Gi is con-
sidered a negative sample during reinforcement learning, as
in Equation 9.

Si = UB
i=1Gi − Ci (9)

In the loss design, since positive samples define an em-
bedding space, we compute the similarity between each neg-
ative sample and all features within this space and sum the
results to enhance feature discriminability, which can be for-
mulated as follows:

qi =
∑

FMi∈Si

exp

(
FifEMi

τ

)
(10)

Γcontra = −
B∑
i=1

log
exp

(
FifCi

τ

)
exp

(
FifCi

τ

)
+ qi

(11)

The temperature coefficient τ adjusts the model’s sensitiv-
ity to negative samples. Lower τ sharpens similarity scores,
assigning higher penalties to hard negatives. During train-
ing, negatives are repelled proportionally to their similar-
ity. qi denotes the total similarity between sample Fi and
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Figure 4: The adaptive fusion module enables finer-grained
and more flexible decision-making by stacking multiple fu-
sion units to construct a fusion network.

its positives Si, with the objective of attracting positives and
repelling negatives.

Given multimodal inputs X = {x1, x2, ..., xM}, we de-
fine a set of candidate fusion operations {Oi}Bi=1, such as
element-wise addition, concatenation, or attention-based fu-
sion. A gating network G(·) processes X and outputs a
weight vector of B. The final fused representation h is com-
puted as the weighted sum over all fusion operations, as in
Equation 12.

h =
B∑
i=1

gioi(x) (12)

The Entity-Centric Contrastive Learning module tackles
class imbalance by using attention-weighted features for
positives and out-of-embedding samples for negatives.

Adaptive Fusion
The adaptive fusion module integrates multiple fusion op-
erations with a gating mechanism that dynamically selects
task-relevant strategies based on contrastively enhanced,
weighted features, enabling flexible multimodal fusion.

As shown in Figure 4, X1 and X2 are inputs from two
modalities. The module includes four fusion blocks and a
global gating network, where Fr, Ft are shallow features,
and F ′

r, F ′
t , F ′′

r , F ′′
t are deeper features. The gating network

selects fusion units based on task requirements.
To enhance efficiency, deeper operations are skipped

when shallow features suffice. The gating network selects
operations based on task complexity. A resource-aware loss
is introduced, with C(Oi,j) representing the cost of op-
eration j in fusion unit i. During inference, the adaptive
module dynamically adjusts fusion strategies based on input
features, managing modality uncertainty through resource-
aware optimization (Eq. 13).

Γfusion = Γtask +

F∑
j=1

B∑
i=1

g
(j)
i C(Oi,j) (13)

Here, Γtask denotes the task loss, g(j)i is the policy weight
assigned to the j-th operation by the i-th fusion cell, B is the
total number of candidate operations, and F is the number

of fusion cells. The final training objective of the CL-DMDF
model combines the attention loss Γatten (Equation 5), con-
trastive loss Γcontra (Equation 11), and fusion loss Γfusion

(Equation 13), formally defined in Equation 14.

Γ = Γatten + Γcontra + Γfusion (14)

Dynamic Multimodal Fusion Algorithm
This section outlines the general CL-DMDF algorithm.
Given a multimodal data set D, hyperparameter τ , and iter-
ation count num, the model initializes and outputs the fused
feature representations. The computation is defined as fol-
lows.

• Step 1: Initialize all modalities and their corresponding
feature embeddings, then extract and embed modality-
specific features from the dataset.

• Step 2: Extract modality features and enhance embed-
dings by minimizing a temperature-scaled contrastive
loss between positive and negative pairs.

• Step 3: Compute attention scores based on feature and
modality averages, and fuse features via the adaptive
module to obtain the final representation.

For full implementation details, please refer to the sup-
plementary material.

Experiment
We evaluated CL-DMDF on three public datasets, with ex-
periments including setup details, comparisons, and abla-
tions.

Experimental Setup
Datasets. MM-IMDB contains approximately 25,000
training and 25,000 testing movie reviews, each consisting
of textual content and a corresponding movie poster image,
labeled with either positive or negative sentiment. NYU
Depth V2 includes 1,449 images captured from more than
400 indoor scenes, each with pixel-level depth annotations.
CMU-MOSEI consists of more than 23,000 video clips,
each annotated with sentiment categories and containing
data from multiple modalities.

To improve the accuracy of the model, we progressively
adjust key hyperparameters during training. Selected exper-
imental settings for CL-DMDF are summarized in Table 1.
Please refer to the supplementary material for specific ex-
tractor configurations.

Baseline Methods. To ensure fair evaluation across het-
erogeneous tasks, we adopt dataset-specific metrics. MM-
IMDB, a multi-label text-image classification dataset, uses
Micro-F1 and Macro-F1, capturing global and per-class per-
formance, respectively. NYU Depth V2, for semantic seg-
mentation, is evaluated via Mean Intersection over Union
(MIoU). CMU-MOSEI, a multimodal sentiment benchmark,
reports Accuracy (Acc) and Mean Absolute Error (MAE) for
classification and regression. This metric selection supports
a comprehensive and task-aligned assessment of CL-DMDF.

15076



Parameter MM-IMDB NYU-V2 CMU-MOSEI

Epoch 500 500 500
Batch size 32 32 32
Learning rate 0.001 0.001 0.001
Vector dimension 200 200 200

Table 1: Hyperparameter settings of CL-DMDF across dif-
ferent datasets.

Model MicroF1 MacroF1

Unimodal Unimodal Text 59.37 47.59
Unimodal Image 40.31 25.76

Encoder-Decoder

LRMF 58.95 50.73
CCA 60.31 50.45
MFM 56.44 48.53
ReFNet 59.45 51.51

Attention-Based RMFE 58.67 49.82
DynMM 60.35 51.60

Graph-Based MI-Matrix 55.87 46.77

CL-DMDF(ours) 63.25 53.28

Table 2: Comparison of CL-DMDF with baseline methods
on MM-IMDB dataset.

We evaluate CL-DMDF on MM-IMDB, NYU Depth V2,
and CMU-MOSEI, comparing it against three fusion model
categories and unimodal baselines.

(1)Unimodal Models: Text-only and image-only base-
lines are included to assess the standalone discriminative
power of individual modalities.

(2) Encoder-Decoder Models: CCA (Sun et al. 2020),
MFM (Braz et al. 2021), ReFNet (Sudharsan, Diyi, and Soon
2021), MUIT (Bai et al. 2019), CM-BERT (Yang, Xu, and
Gao 2020), and CEN (Wang et al. 2020);

(3) Attention-Based Models: MulCon (Chih et al. 2022),
MARN (Amir et al. 2018), LW-RefineNet (Nekrasov, Shuai-
Hua, and Reid 2018), and ESANet (Schlegel et al. 2021);

(4) Graph-Based Models: MLTC (Wang, Dai et al. 2022)
and MI-Matrix (Muralidhar et al. 2019), which take advan-
tage of graph reasoning for modality interaction.

The selected benchmarks cover diverse modalities (dis-
crete, continuous, temporal), validating our model’s ability
to handle dynamic multimodal interactions and supporting
future adaptation to unseen modalities.

Experiment Results
Comparative Experiments. To thoroughly evaluate the
performance of CL-DMDF, we performed comparative ex-
periments on the MM-IMDB, NYU Depth V2 and CMU-
MOSEI datasets. The results are presented in Tables 2-4.

Table 2 summarizes the results of CL-DMDF on the MM-
IMDB dataset. The unimodal text model outperforms the
image-only model, highlighting the advantage of text fea-
tures. Most baseline fusion methods lacking modality-aware
adaptation offer limited improvement. DynMM achieves
Micro-F1 and Macro-F1 scores of 60.35% and 51.60%,

Model MIoU (%) MAdds

Encoder-Decoder ACNet 48.3 126.2
CEN 51.1 618.3

Attention-Based ESANet 50.6 56.9
LW-RefineNet 43.6 38.5

Graph-Based MLTC 50.4 147.6

CL-DMDF (ours) 52.3 43.4

Table 3: Comparison of CL-DMDF with baseline methods
on NYU Depth V2 dataset.

Model Acc (%) MAE

Encoder-Decoder

MFM 78.1 0.951
CM-BERT 84.5 0.729
LRMF 76.4 0.912
MUIT 83.0 0.871

Attention-Based MARN 77.1 0.968

Graph-Based MLTC 78.4 0.922

CL-DMDF (ours) 85.4 0.737

Table 4: Comparison of CL-DMDF with baseline methods
on the CMU-MOSEI dataset.

respectively, while CL-DMDF’s adaptive fusion and con-
trastive learning methods improve by 2.9% and 1.68%, re-
spectively, with Micro-F1 and Macro-F1 scores reaching
63.25% and 53.28%, respectively.

Table 3 summarizes CL-DMDF’s results on the NYU
Depth V2 dataset, comparing it with state-of-the-art seman-
tic segmentation methods. CL-DMDF achieves the highest
MIoU (52.3%), surpassing CEN by 1.2% while using only
1/14 of its computational cost. While CEN’s dynamic fu-
sion strategy incurs high resource overhead, CL-DMDF bal-
ances performance and efficiency through task-adaptive fu-
sion, outperforming all baselines in both accuracy and re-
source use.

Table 4 shows CL-DMDF’s results on the CMU-MOSEI
dataset, comparing it with baselines, including CM-BERT.
While CM-BERT improves performance through cross-
modal fine-tuning, CL-DMDF outperforms with higher ac-
curacy (85.4%, +0.9%) and competitive MAE (0.737) by
leveraging adaptive feature weighting and contrastive cen-
troid embeddings, demonstrating superior representation
learning.

Ablation Study. Training settings: To assess the effective-
ness of the proposed training strategy, we conduct ablation
studies on the MM-IMDB dataset under the following three
settings:

• -D (Dual-Dimensional Attention Mechanism): Re-
moves the dual-dimensional attent ion mechanism.

• -G (Entity-Centroid Contrastive Learning): Removes
the contrastive learning module; the fused features are
not enhanced via contrastive learning.
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Model MicroF1 (%) MacroF1 (%)
CL-DMDF(ours) 63.25 53.28
CL-DMDF-D 63.21 53.25
CL-DMDF-D-G 62.56 52.45
CL-DMDF-D-G-F 59.87 50.41

Table 5: Ablation study results on the MM-IMDB dataset.

Model MicroF1 (%) MacroF1 (%)
MulCon 62.14 52.03
MCL 62.38 52.26
MLTC 62.76 52.45
C-GMVAE 63.03 52.87
CL-DMDF(ours) 63.25 53.28

Table 6: Comparison of CL-DMDF with contrastive learning
baselines on the MM-IMDB dataset.

• -F (Adaptive Fusion): Replaces the adaptive fusion
module with a static fusion strategy, where modality fea-
tures are fused using a fixed rule.

Table 5 shows that replacing the adaptive fusion mod-
ule with a static one causes a performance drop of over 5%
across all metrics, underscoring the importance of dynamic
fusion. Ablation experiments also validated CL-DMDF’s ef-
fective adaptation under noisy or missing modes.

Removing the dual-dimensional attention or contrastive
learning module led to consistent performance drops, con-
firming their effectiveness in weighting and feature discrim-
ination.

Contrastive Learning Method Experiments. To evalu-
ate the contrastive learning module, we conducted ablation
studies by replacing it with existing methods, including Mul-
Con (Chih et al. 2022), MCL (Xu, Feng, and Huang 2022),
MLTC (Wang, Dai et al. 2022), and C-GMVAE (Bai, Kong,
and Gomes 2022). As shown in Table 6, our module con-
sistently outperforms all baselines. Centroid-based type em-
beddings also outperform random initialization, capturing
inter-class semantics and improving feature discrimination.

Parameter Analysis. In the entity-centroid contrastive
module, the temperature parameter τ controls similarity
scaling between positive and negative pairs, affecting em-
bedding separation. A small τ overemphasizes hard nega-
tives and distorts embeddings. Figure 5 shows that τ = 0.1
achieves optimal results on the MM-IMDB dataset, with
83.2% Macro-F1 and 84.9% Micro-F1, enabling effective
multimodal integration and improving downstream perfor-
mance.

Analysis of Dual-Dimensional Attention Mechanism.
To assess the effectiveness of the dual-dimensional atten-
tion mechanism, we conduct a case study (Table 7) using
three test samples Ar

1, A
r
2, A

r
3, in which semantically salient

modalities are marked in red. The attention module assigns
higher scores to informative modalities, validating its ability

Figure 5: Effect of parameter τ on MM-IMDB.

Poster AI Plot AT Number AK

0.824

The desert can
be a lonely

place for the
. . .

0.370 29 0.822

0.373

A young boy
struggles on
his own in a

run . . .

0.708 38 0.816

0.659

A
documentary
directed by
one of their

own . . .

0.793 5 0.307

Table 7: Case study on dual-dimensional attention module.

to identify modality relevance.
As shown in Table 7, key modalities received high re-

liability scores, while less informative cues (e.g., emotion)
scored lower, confirming the dual-dimensional attention ef-
fectively highlights salient modalities.

Conclusion

We propose Dynamic Multimodal Data Fusion model based
on Contrastive Learning(CL-DMDF) that addresses seman-
tic inconsistency and task-adaptive fusion. CL-DMDF in-
tegrates dual-dimensional attention for reliable weighting,
centroid-based contrastive learning for discriminative rep-
resentations, and an adaptive fusion module to balance ac-
curacy and efficiency. Experiments on three benchmarks
demonstrate consistent improvements over state-of-the-art
methods. Future work will explore extensions to incomplete
modalities and real-time scenarios.
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