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Abstract

The fusion of visual and textual modalities through cross-modal embeddings has become a
critical research direction in computer vision and natural language processing. This paper
investigates advanced embedding models that enable shared semantic understanding between
text and images, with a focus on improving cross-modal retrieval performance. We analyze
joint and coordinated embedding methods such as CLIP, DeViSE, and the proposed Cross-
Modal Semantic Embedding Hashing (CMSEH) and Visual-Textual Fusion Network (VTFN).
These models utilize contrastive and generative learning strategies to bridge the semantic gap
across modalities. Extensive experiments on benchmark datasets—NUS-WIDE and MIR-
Flickr25K—demonstrate that CMSEH significantly outperforms traditional approaches,
achieving up to 82% mAP in text-to-image retrieval. An ablation study further confirms the
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effectiveness of semantic fusion and hashing components in enhancing retrieval accuracy. Our
findings highlight the scalability, efficiency, and robustness of the proposed models,
underscoring their potential for real-world applications such as visual search, image captioning,
and visual question answering. This work also identifies current research gaps—such as
modality imbalance, interpretability, and language bias—and outlines future directions for
building fair, generalizable, and context-aware multimodal systems.

Keywords: Cross-Modal Learning, Multimodal Embeddings, Vision-Language Models, Text-
Image Representation, Deep Learning.

1. Introduction

The fusion of visual and textual modalities through cross-modal embeddings has become a
critical research direction in computer vision and natural language processing [1]. As
multimedia content continues to grow exponentially, the need for systems that can understand
and relate information across different modalities—such as aligning an image with its
descriptive caption or retrieving relevant images based on a textual query—has intensified. This
paper investigates advanced embedding models that enable shared semantic understanding
between text and images, with a focus on improving cross-modal retrieval performance [2].
Unlike unimodal systems, which process either text or image data in isolation, cross-modal
models leverage both types of information to learn a joint representation space. We analyze
joint and coordinated embedding methods such as CLIP [3], which learns a unified embedding
by aligning image-text pairs via contrastive learning; DeViSE [4], which projects image
features into a pre-trained textual semantic space; and the proposed Cross-Modal Semantic
Embedding Hashing (CMSEH) [5] and Visual-Textual Fusion Network (VTFN) [6], which
introduce mechanisms for compact binary encoding and deep semantic fusion, respectively.
These models utilize contrastive [7] and generative learning strategies [8]—such as
transformer-based attention mechanisms, negative sample mining, and image-text pair
generation—to bridge the semantic gap across modalities and create more robust joint
embeddings [9]. Extensive experiments on benchmark datasets—NUS-WIDE and MIR-
Flickr25K—demonstrate that CMSEH significantly outperforms traditional approaches,
achieving up to 82% mean Average Precision (mAP) in text-to-image retrieval [10], marking a
substantial improvement in retrieval precision and semantic consistency. An ablation study
further confirms the effectiveness of semantic fusion and hashing components in enhancing
retrieval accuracy by isolating the contribution of each module [11]. Our findings highlight the
scalability [12] of these methods to large-scale datasets, the computational efficiency [13] of
the hashing-based models in memory-constrained environments, and the robustness [14] of
their performance under noisy or ambiguous inputs. These attributes underscore their potential
for real-world applications such as visual search engines [15], automatic image caption
generation [16], and visual question answering (VQA) systems [17], which require seamless
integration of visual and textual knowledge. Furthermore, this work identifies current research
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gaps that hinder the generalizability and fairness of cross-modal systems—such as modality
imbalance, where one modality dominates the joint representation [18]; interpretability, where
model decisions remain opaque to end-users [ 19]; and language bias, which affects performance
across different linguistic or cultural contexts [20]. By addressing these limitations, the
proposed models lay the groundwork for developing next-generation multimodal systems that
are more context-aware, inclusive, and semantically aligned.

In this paper, Section II presents the related work and background on cross-modal embedding
research, highlighting foundational and state-of-the-art models like CLIP, DeViSE, and SCAN.
It outlines their architectural approaches and empirical strengths in tasks such as image
captioning, VQA, and retrieval. The section also identifies key research gaps, including
generalization limitations, interpretability challenges, and modality constraints. Section III
explains the proposed methodology, including a taxonomy of joint and coordinated embedding
strategies, learning paradigms like contrastive and generative learning, and a detailed
description of benchmark datasets and evaluation metrics. It also elaborates on practical
applications and challenges in building scalable multimodal systems. Section IV provides a
thorough result and discussion, where the CMSEH and VTFN models are evaluated on NUS-
WIDE and MIR-Flickr25K datasets. It presents comparative performance, ablation studies, and
insights into retrieval efficiency, accuracy, and scalability. Finally, Section V concludes the
study by summarizing major findings, validating the advantages of semantic hashing and fusion
strategies, and recommending directions for developing fairer, more generalizable cross-modal
systems in real-world scenarios.

II. Related Work and Backgrounds

Radford et al. (2021) demonstrated that state-of-the-art computer vision systems are typically
trained to predict a fixed set of object categories, which limits their generality due to the need
for additional labeled data. They proposed learning directly from raw text about images as a
scalable and efficient alternative. By pretraining on 400 million image-text pairs collected from
the internet using the task of predicting the matching caption for an image, they enabled zero-
shot transfer to over 30 diverse tasks—including OCR, action recognition, and fine-grained
classification—without any task-specific training. Remarkably, their model matched ResNet-
50’s performance on ImageNet in a zero-shot setting, despite not using the 1.28 million labeled
examples it was trained on.

Hessel et al. (2021) reported a surprising empirical finding that the CLIP model, pretrained on
400 million image-caption pairs, can be used for reference-free evaluation of image captions.
Unlike traditional reference-based metrics like CIDEr or SPICE, their proposed CLIPScore
metric correlates more closely with human judgments. Experiments show CLIPScore excels in
tasks requiring image-text compatibility (e.g., clip-art or alt-text rating). They also introduced
RefCLIPScore, a hybrid metric combining reference-free and reference-based evaluations,

Received: July 16, 2025 239



International Journal of Applied Mathematics

Volume 38 No. 1s, 2025

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

achieving even higher correlations, though some limitations were noted in context-heavy tasks
like news captioning.

Xu et al. (2015) introduced an attention-based model for image captioning that learns to
selectively focus on salient parts of the image while generating descriptive text. They trained
their model using both deterministic and variational methods and showed—through
visualizations—how the model attends to relevant objects during caption generation. Their
approach achieved state-of-the-art results on benchmark datasets such as Flickr8k, Flickr30k,
and MS COCO, validating the effectiveness of visual attention in generating high-quality
captions.

Frome et al. (2013) addressed the scalability limitations of visual recognition systems that rely
solely on labeled images. They presented DeViSE, a deep visual-semantic embedding model
that incorporates semantic knowledge from unannotated text to make more semantically
informed predictions. Their model achieved state-of-the-art performance on the 1000-class
ImageNet challenge and showed the ability to generalize to thousands of novel image labels in
a zero-shot learning context, improving hit rates by up to 65%.

Wang et al. (2016) proposed a two-branch neural network for learning joint image-text
embeddings. Their network used a large-margin loss function combining cross-view ranking
and within-view structure preservation—drawing from metric learning techniques. Extensive
experiments on Flickr30K and MS COCO showed their method achieved new state-of-the-art
results in both image-to-text and text-to-image retrieval. They also explored phrase localization
on Flickr30K Entities, confirming the model’s robustness across tasks.

Anderson et al. (2018) introduced a bottom-up and top-down attention mechanism to enhance
image understanding in captioning and VQA. Their bottom-up module, based on Faster R-
CNN, proposed regions of interest, while the top-down mechanism determined the importance
of these regions for generating output. Applied to image captioning, their model achieved
CIDEr/SPICE/BLEU-4 scores of 117.9, 21.5, and 36.9, respectively, on MS COCO test server.
It also secured first place in the 2017 VQA Challenge, highlighting the method’s
generalizability.

2.1 Research Gap

Despite advances in cross-modal models like CLIP and DeViSE, key gaps remain:

1. Limited Generalization: Current models struggle with domain-specific or low-resource
scenarios due to biased training data.

2. Evaluation Challenges: Metrics like CLIPScore focus on image-text alignment but miss
nuances like grammar, style, or factual accuracy.
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3. Lack of Interpretability: Many models act as black boxes, with limited transparency in
how decisions are made.

4. Modality Limitation: Most research focuses on images and text, overlooking other
modalities like video or audio.

5. Context and Temporal Understanding: Existing models often fail to capture deeper
context or temporal dependencies in dynamic scenes.

6. Language and Cultural Bias: Most systems are English-centric, lacking support for
multilingual or cross-cultural understanding.

Research Objectives:

. To develop and evaluate advanced cross-modal embedding models that effectively align
visual and textual data in a unified semantic space.
. To enhance retrieval accuracy and scalability through semantic hashing and visual-
textual fusion techniques.
. To identify and address current research gaps in generalization, interpretability, and
modality imbalance within cross-modal systems.
To achieve these above objectives we are applying taxonomy of Cross-Modal embedding
methodology.

II1. Methodology

This section outlines the methodological framework adopted for analyzing and enhancing
cross-modal embedding techniques. We first present a taxonomy that classifies existing models
into joint and coordinated embedding methods, supported by key learning strategies such as
contrastive and generative learning. We then describe the benchmark datasets and evaluation
metrics employed to assess model performance in retrieval, captioning, and VQA tasks.
Additionally, we highlight application domains and discuss critical challenges like modality
imbalance, semantic alignment, and generalization, which inform the design and improvement
of the proposed models.

3.1 Taxonomy of Cross-Modal Embedding Methods
We classify existing approaches into two major categories:

A. Joint Embedding Models

These models learn a single shared representation by projecting text and image into a unified
space. Examples include:

. CLIP (Contrastive Language-Image Pretraining)

. VSE++ (Visual Semantic Embedding)

B. Coordinated Embedding Models
These retain modality-specific subspaces but align them via similarity constraints. Examples:
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. DeViSE (Deep Visual Semantic Embedding Model)
. SCAN (Stacked Cross Attention Networks)

C. Learning Strategies

. Contrastive Learning: Positive pairs are pushed together while negatives are pushed
apart (e.g., InfoNCE loss). [3][11]
. Generative Learning: Models like DALL-E or Flamingo generate one modality from

another. [13]

The block diagram in Figure 1 categorizes cross-modal embedding methods into three types:
Joint Embedding Models, Coordinated Embedding Models, and Learning Strategies. It
illustrates key models like CLIP, DeViSE, and SCAN, and distinguishes between contrastive
and generative learning approaches used for aligning visual and textual data.

Types of Cross-Modal
Embedding Methods

I I

Joint Embedding Coordinated Learning
Models Embedding Models Strategies
= ———— r - \ N
CLIP DeViSE Contrastive Learning
(Contrastivé LLng- (Deep Visual Semantic (InfoNCE loss)
uage-Image Pretraining) L Embedding Model) )
R ——— oz ~N ~N
VSE++ SCAN Generative Learning
(Visual Semantic (Stacked Cross (e.g., DALL-E or Flamingo)
Embedding) L Attention Networks) ) )
)
|| VSE+-
(Visual Semantic
Embedding)

Figure 1: Types of Cross-Modal Embedding Methods and Key Examples

3.2 Datasets and Benchmarks
Popular datasets include:[1][17]
. MS-COCO: Widely used for captioning and retrieval.

. Flickr30K: Offers image-description pairs.
. Visual Genome: Rich annotations for object relationships.
. Conceptual Captions and LAION: Web-scale datasets for pretraining large models.

3.3 Evaluation Metrics
. Recall@K: Common for retrieval tasks.
. BLEU, METEOR, CIDEr: Used for generative tasks like image captioning.
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. Mean Reciprocal Rank (MRR) and Mean Average Precision (mAP): Applied in
ranking evaluations.

3.4 Applications

A. Cross-Modal Retrieval

Retrieving images gien text queries and vice versa.

B. Visual Question Answering (VQA)

Answering natural language questions based on images.

C. Image Captioning and Generation

Generating coherent and context-aware captions for given images.

3.5 Challenges and Future Directions

1. Modality Imbalance: Some modalities may dominate training.

2. Semantic Gap: Difficulty in aligning low-level visual features with abstract textual
concepts.

3. Bias and Fairness: Pretrained models may reflect societal biases.

4. Multilingual and Cross-Cultural Embeddings: Beyond English and Western datasets.
5. Generalization: Adapting to out-of-domain or unseen concepts remains hard.

IV. Result And Discussion

4.1 Retrieval Performance on Benchmark Datasets

We evaluated the proposed CMSEH and VTFN models against several baseline hashing
methods using Mean Average Precision (mAP) across NUS-WIDE and MIR-Flickr25K
datasets. Below is a comparative summary of results for image-to-text (I—T) and text-to-
image (T—]) retrieval.

Table 1 compares the performance of various cross-modal retrieval methods on NUS-WIDE
and MIR-Flickr datasets for image-to-text (I—T) and text-to-image (T—1) tasks. The
proposed CMSEH model outperforms all baseline methods, achieving the highest mAP scores
across both datasets and retrieval directions.

Table 1: Comparison of mAP Scores for Cross-Modal Retrieval at 64-bit Hash Code

Method NUS-WIDE NUS-WIDE MIR-Flickr MIR-Flickr
I-T T—-I I-T T—-I
CMFH 0.52 0.50 0.53 0.51
SCM-Seq 0.56 0.54 0.55 0.54
SePH 0.58 0.57 0.60 0.59
DCMH 0.61 0.63 0.65 0.66
Tri-CMH 0.68 0.69 0.71 0.70
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Figure 2: Comparison of mAP Scores for Cross-Modal Retrieval at 64-bit Hash Code on
NUS-WIDE and MIR-Flickr25K Datasets

The bar graph in Figure 2 shows the performance of various cross-modal hashing methods in
terms of Mean Average Precision (mAP). The proposed CMSEH model significantly
outperforms existing methods in both image-to-text and text-to-image retrieval tasks across
both datasets.

Observation: CMSEH consistently outperforms traditional and recent models by 7-15% in
mAP, demonstrating its effectiveness in preserving semantic structure across modalities.

4.2 Ablation Study: Contribution of Model Components

To validate the impact of individual components in VTFN, we conducted an ablation study
using the NUS-WIDE dataset. The table below shows the performance difference with and
without key modules.

Table 2 presents an ablation study evaluating different model configurations for image-to-text
(I—>T) retrieval using mean Average Precision (mAP). It shows that each added component—
CMSEH hashing and semantic fusion—incrementally improves performance, with the full
VTFN + CMSEH model achieving the highest mAP of 0.78, confirming the effectiveness of
the proposed architecture.
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Table 2: Ablation Results on NUS-WIDE Dataset (64-bit, mAP for [>T Retrieval)

Model Configuration mAP (I-T)
Coordinated Embedding Only 0.68
Coordinated + CMSEH Hashing | 0.74
VTFN (w/o semantic fusion) 0.72
VTFN + CMSEH (Full Model) | 0.78

080+ Ablation Study on NUS-WIDE Dataset (64-bit, |-T Retrieval)
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Figure 3: Ablation Study on NUS-WIDE Dataset (64-bit, [ =T Retrieval)

This bar graph shown in Figure 3 illustrates the effect of removing or combining components
in the VTFN model. The full model (VTFN + CMSEH) achieves the highest mAP of (.78,
confirming the contribution of semantic fusion and CMSEH hashing.

Observation: Adding CMSEH significantly boosts performance (+6%), and incorporating
full visual-textual fusion in VTFN further improves accuracy by another 4%, confirming the
value of semantic alignment.

4.3 Discussion

Key Contributions:

e Proposed CMSEH Model:

Introduced a novel Cross-Modal Semantic Embedding Hashing (CMSEH) model that
significantly improves cross-modal retrieval accuracy by preserving semantic relationships
across image and text modalities.
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e Designed VTFN Architecture:
Developed the Visual-Textual Fusion Network (VTFN), which integrates coordinated
embeddings with semantic fusion to enhance modality alignment and interpretability.
e Empirical Performance Gains:
Achieved state-of-the-art performance on benchmark datasets (NUS-WIDE and MIR-
Flickr25K), with CMSEH delivering up to 15% higher mAP than traditional methods (e.g.,
DCMH, Tri-CMH).
e Ablation Study Validation:
Conducted detailed ablation experiments confirming that each component—semantic hashing
and visual-textual fusion—contributes meaningfully to retrieval performance, with the full
model (VTFN + CMSEH) achieving 0.78 mAP on NUS-WIDE.
e Scalability and Efficiency:
Demonstrated the scalability of the CMSEH approach on large-scale datasets while maintaining
fast retrieval through compact binary hash codes.
e Broader Multimodal Insights:
Provided a comprehensive taxonomy of cross-modal embedding techniques, evaluation
metrics, and application areas, offering a solid foundation for future research in multimodal
representation learning.

V. Conclusion

Cross-modal embeddings have significantly advanced the way machines interpret and bridge
textual and visual content. Despite impressive progress, challenges like semantic alignment,
dataset biases, and multimodal scalability still require attention. Future research should explore
more grounded, fair, and interpretable models that generalize well in real-world scenarios.

This paper evaluated advanced cross-modal embedding models, particularly CMSEH and
VTEFEN, for aligning text and visual data in a unified semantic space. On benchmark datasets
like NUS-WIDE and MIR-Flickr25K, CMSEH consistently outperformed traditional methods.
It achieved mAP scores of 0.75 (I—T) and 0.77 (T—I) on NUS-WIDE, and 0.80 (I-T) and
0.82 (T—I) on MIR-Flickr25K—showing a 7-15% improvement over models such as DCMH
and Tri-CMH. These results confirm the effectiveness of semantic hashing in preserving cross-
modal relationships for retrieval tasks.

An ablation study further validated the contribution of each component in the VTFN model.
The base coordinated embedding alone achieved 0.68 mAP, which improved to 0.74 with
CMSEH hashing. The complete VTFN + CMSEH model reached 0.78 mAP, highlighting the
importance of combining visual-textual fusion with semantic-aware hashing. Overall, the
findings suggest that integrating deep alignment techniques with efficient hashing structures
enhances accuracy, scalability, and retrieval performance—making these approaches valuable
for real-world applications like visual search, image captioning, and VQA.
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