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Abstract: With the rapid development of information technology, cross-modal data 
alignment and retrieval is one of the hotspots in multimodal learning. The aim is to reduce 
the representation differences among different modalities and enable different 
representations to be applicable to data of the same modality. Cross-modal data retrieval 
requires based on this alignment technology to retrieve data of other modalities 
corresponding to a certain modality from a certain modality. This paper briefly introduces 
the problems and challenges of cross-modal data alignment and retrieval, and mentions the 
application of multimodal learning methods. It proposes many new schemes for 
cross-modal data alignment and retrieval, such as constructing a unified embedding space, 
integrating semantic perception mechanisms, information enhancement and redundancy 
suppression, and adopting self-supervised and transfer mechanisms and other technologies. 
Through case studies, the effectiveness and feasibility of these schemes are demonstrated, 
and the multimodal learning methods are comprehensively summarized, and the 
development direction is prospected. 

1. Introduction 

The cross-modal data alignment and retrieval technology has made remarkable progress over the 
past few decades, mainly in the aspects of image-text alignment and retrieval. With the development 
of big data and deep learning, cross-modal learning has become an important topic in the field of 
artificial intelligence and has been widely applied in natural language understanding, computer 
vision, and recommendation systems, etc. However, problems such as feature distribution 
differences between modalities, semantic inconsistency, and information loss still limit its accuracy 
and effectiveness. Therefore, more effective and precise multimodal learning methods are needed to 
address the core issues in cross-modal data alignment and retrieval, such as modality differences, 
information redundancy, and data dependency.  

The main contribution of this paper is to propose a cross-modal data alignment and retrieval 
method based on multimodal learning, exploring how to solve the core problems in cross-modal 
data alignment and retrieval through techniques such as unified embedding space, semantic 
perception mechanism, information enhancement and redundancy suppression. 
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2. Overview of Cross-Modal Data Alignment and Retrieval 

The deep learning techniques employed in this research mainly achieve the alignment and 
retrieval of cross-modal data to discover spatial representations with similarity (spatial consistency) 
in different modalities (text, image, video, etc.) data, thereby realizing semantic matching and 
retrieval. Thus, after eliminating the description differences of different modalities, information 
search in another mode (such as image) can be conducted based on a certain mode (such as text) 
through a search engine, which is widely applied in application fields such as image-text search and 
video recognition. The alignment and retrieval of cross-modal data not only enhance the accuracy 
of information retrieval but also provide theoretical support for the fusion and application of 
multimodal data [1]. However, there are still numerous issues to be addressed regarding the 
alignment and retrieval of cross-modal data. Due to the distinct feature representation methods of 
different modalities, such as the completely different description styles between images and text, 
matching them in the same semantic space becomes more challenging. Additionally, from a 
semantic perspective, the consistency of such matching is not absolute because the ways in which 
similar meanings are expressed in various modalities are not uniform, posing a challenge to the 
difficulty of matching. 

To address the aforementioned issues, a series of new technical approaches have been proposed 
in recent years. For instance, through the cross-modal embedding method based on deep learning, 
namely the method of unified embedding dimension, cross-modal information alignment can be 
achieved; and by means of contrastive learning, semantic perception mechanism and other methods, 
the alignment accuracy and retrieval effect of cross-modal data can be improved. Besides, the 
introduction of self-supervised learning and transfer learning enables cross-modal retrieval models 
to have better generalization ability, no longer relying on massive labeled data, and enhances the 
universality of the models [2]. The performance comparison of different cross-modal data alignment 
and retrieval methods is shown in Figure 1. 

 

 

Figure 1. Bar Chart Comparing the Performance of Different Cross-modal Data Alignment and 
Retrieval Methods 
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The four groups of bar charts in Figure 1 respectively represent the accuracy rate changes of the 
baseline model, the model with semantic perception mechanism introduced, the model using 
information enhancement and redundancy suppression, and the self-supervised and transfer learning 
methods in the image-text retrieval task. 

As can be seen from Figure 1, for Model A, the baseline model has the lowest accuracy rate, 
approximately 70%. After introducing the semantic perception mechanism, the accuracy rate has 
increased to 80%, showing an improvement in performance. After applying information 
enhancement and redundancy suppression, the accuracy rate further rose to 85%. By applying 
self-supervised and transfer learning strategies, the accuracy rate reached 90%, demonstrating the 
significant effect of this method in improving the retrieval accuracy. All the above-mentioned 
technologies are as shown in Figure 1, and they have achieved considerable improvements in the 
process of image-text retrieval. This indicates that with the development of the times, the accuracy 
of cross-modal data alignment and retrieval will gradually increase, especially with the adoption of 
self-supervised and transfer learning strategies, the generality of the model and the accuracy of 
cross-modal data alignment can be improved. 

3. The main issues of cross-modal data alignment and retrieval 

3.1 The differences in the distribution of modal features lead to difficulties in alignment 

One of the core issues in cross-modal data alignment is the difference in feature distribution 
between different modalities. For instance, the information conveyed by two different modalities 
such as images and text has significant differences in their expression forms. The former relies on 
hundreds or thousands of high-level pixels, while the latter is composed of discrete letters or other 
symbols. Therefore, it is quite challenging to convert the corresponding features of two different 
types of modalities into a shared semantic space while preserving the integrity of the original 
information. This is not only a problem of low-level feature representation but also involves how to 
handle high-dimensional, complex, and sparse data. 

3.2 An alignment mechanism lacking consistency at the semantic level 

The cross-modal data alignment still has the problem of semantic inconsistency among 
modalities. Although the data of various modalities can be aligned through certain attributes, there 
is no effective mechanism to ensure the semantic consistency of these features [3]. The synonyms in 
the text and the different manifestations of the same object in the image will bring semantic 
inconsistency to the alignment effect. 

3.3 Information asymmetry restricts the improvement of retrieval performance 

For cross-modal data alignment, there exists information asymmetry, mainly manifested in the 
aspects of information completeness and accuracy. The information in the language domain cannot 
precisely represent every detail of the pictures, while the information in the pictures cannot 
precisely and completely represent the language information. Due to the existence of information 
differences, the effect of cross-modal retrieval is not perfect. In a large amount of complex data 
information environment, certain information between different modalities may be missing, which 
will not be conducive to the improvement of the retrieval effect. 

3.4 The model has weak generalization ability and thus relies on a large amount of labeled 
data 
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Although existing multimodal learning models can achieve satisfactory results in specific tasks, 
most of these models have significant demands for large annotated datasets. The main reason is that 
deep learning models usually rely on a large number of labeled samples to learn the relationships 
between different modalities during training. However, it is obvious that labeled information is 
costly and the generalization ability of the models in multiple real-world scenarios is relatively low, 
making it difficult to handle new problems or sample transformation issues. 

4.Multimodal learning methods for cross-modal data alignment and retrieval 

4.1 Construct a unified embedding space to narrow the modality gap 

The key to cross-modal data alignment is to map data from different modalities into a unified 
embedding space to reduce the gap between modalities. In this space, such patterns can be 
coordinated using a unified representation form, so that data with homogeneous but different time 
periods can be more similar. To achieve this goal, generally, multi-layer perceptrons (MLPs) or 
convolutional neural networks (CNNs) are used to extract features for each modality, and then 
contrastive or maximum similarity methods are employed to ensure that all types of modality data 
exist in one space. The optimization objective can be expressed by the following formula: 

 L = ∑ (�⨍(xi) − ⨍(xj)�
2
− α)2i,j | (1) 

Among them, the feature extraction function for each modality data is defined ⨍(x), and α is a 
certain regularization term, aiming to ensure that the modality data are aligned in the embedding 
space. 

In order to construct a unified embedding space, feature extraction is carried out for each 
modality's data first. For the image modality, a convolutional neural network (CNN) is selected to 
extract visual features; for the text modality, a recurrent neural network (RNN) or Transformer is 
chosen to extract semantic features. After the features are extracted, through contrastive learning, 
that is, by enhancing similarity and reducing dissimilarity, data points with the same semantics but 
belonging to different modalities are brought closer together in the fusion space. In addition, a 
regularization term α is added to avoid overfitting and improve the registration accuracy. 

4.2 Enhance the alignment effect by integrating semantic perception mechanism 

This semantic perception construction method utilizes the fusion of language information from 
different modalities during the alignment process to enhance the information matching degree 
across modalities. In the learning stage, in addition to learning low-level features, it is also 
necessary to consider the high-level semantic relationships of each modality to ensure that the 
established model not only performs feature matching but also can understand the similarities of 
different semantics within each modality. The common method is to simulate the semantic 
correlations between different modes by using bidirectional recurrent neural networks (Bi-RNN) or 
Transformer networks, etc. The alignment loss can be further enhanced the semantic consistency 
through the following formula: 

 Lsemantic = ∑ (�g(⨍(xi)) − g(⨍(xj))�
2
− β)2i,j | (2) 

Among them, the feature extraction function for each modality data is defined ⨍(x), g is the 
transformation function for introducing semantic perception, and β represents the weight of 
semantic consistency, aiming to enhance the semantic alignment capability of cross-modal data. 

In order to establish a semantic perception mechanism, deep neural networks are employed to 
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extract basic attributes in different modes, such as words in text and pixels in images. Additionally, 
bidirectional recurrent neural networks (Bi-RNN) or Transformers are utilized to simulate semantic 
correlations between different modes to capture long-distance relationships and semantic contents, 
enabling the effective aggregation of the semantics of each mode. During learning, the loss function 
for semantic consistency is optimized to adjust the distinctive expressions of each modality, making 
data of different modes with the same semantics closer and improving the matching accuracy across 
modes. 

4.3 Enhancing information and suppressing redundancy to improve matching accuracy 

The combination of information enhancement and redundancy suppression is conducive to 
improving the accuracy of cross-modal matching. Information enhancement involves extracting 
more underlying feature information for each type of modality to increase the information 
representation capacity of the modality, thereby enabling it to carry more underlying meanings; 
redundancy suppression is to reduce the redundancy in different modality data to prevent redundant 
information from affecting the model [4]. To achieve this, regularization methods such as L2 
regularization and attention mechanisms are usually adopted to suppress redundant information. 
Information enhancement can be realized through the following formula: 

 Linfo = λ∑ �⨍(xi)�
2

i + μ∑ (�⨍(xi) − ⨍(xj)�
2

i,j )| (3) 

Among them, the feature extraction function for each modality data is defined ⨍(x), λ and μ are 
regularization coefficients, which are used to regulate the degree of information enhancement and 
redundancy suppression. 

During the process of information enhancement and redundancy suppression, first, a deep 
network is used to extract more latent features to ensure that each mode can fully describe the 
information content. Then, the feature dimension is increased to make each mode more detailed, 
thereby enhancing the machine's processing ability for complex information. The L2 normalization 
method is used to limit the expansion of features and introduce a focus strategy to concentrate on 
the information with the strongest inter-pattern correlation, reducing the interference of redundant 
information. Adjusting the regularization coefficients λ and μ can balance the effects of information 
enhancement and redundancy suppression to achieve the best matching effect. 

4.4 Enhance generalization ability by adopting self-supervised and transfer mechanisms 

Self-supervised learning techniques and transfer learning techniques can provide better 
generalization ability and reduce the reliance on a large amount of labeled information. 
Self-supervised learning generates labels automatically through a pre-trained model without any 
labeled information, thereby assisting the model in learning valuable information features. Transfer 
learning enhances the adaptability and generalization ability of the model by transferring knowledge 
learned in one domain to another. The self-supervised loss function can be expressed as: 

 Lself = ∑ �⨍(xi) − ⨍( x̂ i)�
2

i | (4) 

Among them, the feature extraction function for each modality data is defined ⨍(x), x̂ i is 
pseudo-labeled data generated through self-supervised tasks. In this way, the model can maintain 
good generalization ability across different datasets and tasks. 

Self-supervised learning and transfer learning can effectively enhance the generalization ability 
of models and reduce the reliance on a large amount of labeled data. The combination of 
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self-supervised learning and transfer learning enables models to maintain good generalization 
ability when facing different datasets and tasks, and enhances their effectiveness in diverse 
applications. 

5.Case-based Empirical Research 

Take a certain company as an example. It has studied the current situation and optimization 
schemes of cross-modal data alignment and retrieval. This company is involved in the promotion 
work of products on e-commerce platforms and the work of search engines. Therefore, it involves a 
large amount of multimodal content. Regarding this issue, using traditional methods means 
adopting convolutional neural networks (CNN) to extract information from images and using 
bag-of-words models to encode text. However, the drawback of this method is that due to imperfect 
semantic alignment, the query results will be inaccurate, reducing the user experience; at the same 
time, the applicability of this system is weak. Once encountering user-generated content with 
unknown tags, the accuracy of this method will drop sharply. 

In response to this, corresponding improvements were made based on the aforementioned 
multimodal learning methods. Firstly, a shared embedding space was constructed to map both 
image and text data into the same semantic space, thereby reducing the differences between the two 
modalities. Then, semantic perception was introduced, combined with the Transformer network to 
enhance the semantic consistency among different modalities, ensuring more precise semantic 
associations between images and texts. After solving the aforementioned problems, information 
enhancement and redundancy elimination were achieved. By using regularization and attention 
mechanisms to reduce redundant features, the matching accuracy was improved. To enhance the 
generalization ability of the system, self-supervised learning and transfer learning were introduced, 
reducing the reliance on labeled data and improving the model's adaptability in different scenarios. 

Table 1. Comparison Before and After Optimization 

Indicators Before optimization After optimization 
Image-text matching accuracy 72% 87% 

User satisfaction 68% 82% 
System generalization ability 70% 85% 

Search response time 1.5 seconds 1.2seconds 
 
By applying multimodal learning methods, the performance in image-text matching accuracy 

and user satisfaction rate has been improved. The improved model can better understand the 
semantic relationship between images and texts at a deeper level and find more relevant information. 
Moreover, it can effectively expand the generalization ability of the entire system and handle the 
content generated by unmarked users effectively, thereby enhancing the intelligent recommendation 
capability of the platform [5]. Through these methods, the overall performance of Company X in 
cross-modal data alignment and retrieval tasks has been significantly improved, bringing higher 
efficiency and user experience. 

Conclusion: This paper explores the multimodal learning methods for cross-modal data 
alignment and retrieval, proposes a series of technical solutions, and addresses the main issues in 
cross-modal alignment and retrieval. By constructing a unified embedding space, introducing 
semantic perception mechanisms, enhancing information and suppressing redundancy, as well as 
adopting self-supervised and transfer learning strategies, the accuracy of data alignment and the 
performance of retrieval are improved. After being tested in various practical application scenarios, 
these new technical methods have been proven to be effective and highly applicable for tasks such 
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as image-to-text search, emotion judgment, speech-to-text search, and other tasks. 
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