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A review of multimodal representation learning

1. Introduction
Multimodal representation learning, which seeks to bridge the heterogeneity gap among modalities to exploit 

their correlations and specificities[1-3], has become a cornerstone for applications in autonomous systems, medical 
imaging, and so on. Prevailing surveys typically classify methods via two orthogonal views: One centered on 
architectural paradigms, which offer general templates but often overlook modality-specific constraints; the other 
organized by application domains, which prioritizes task adaptability but may sacrifice generality. Departing 
from these conventions, this survey introduces a systematic taxonomy structured explicitly by modality 
combinations. We comprehensively analyze five prevalent categories (1) Vision-language, (2) Audio-language, 
(3) Image-Audio, (4) Multi-Order Fusion, and (5) Special Sensing modalities—Thereby directly addressing the 
unique representational challenges and technical constraints inherent to each data pairing. For each category, we 
further dissect representative methods along architectural lines, offering a unified yet fine-grained perspective.  

2. Vision-language modalities
In early studies, Kernel Correlation Component Analysis (KCCA)[4] was employed to map image and text 

features onto a shared latent space for multimodal representation learning. However, KCCA primarily relies on 
kernel expansion methods based on linear correlations, making it difficult to fully capture the complex nonlinear 
and higher-order semantic relation- ships between images and text. To overcome this limitation, researchers 
subsequently introduced Deep Boltzmann Machines (DBM)[5]. As a deep generative model, DBM can model the 
joint distribution of images and text, learning cross-modal shared latent representations through a multi-layer 
latent variable structure. 

With the rapid advancement of deep learning in computer vision and natural language processing, 
researchers have progressively moved away from traditional shallow models toward deep neural networks 
capable of automatically extracting image and text features, enabling multimodal alignment within a unified 
embedding space. For the image modality, Convolutional Neural Networks (CNNs) are commonly employed 
for feature extraction (e.g.,VGGNet[6], ResNet[7] and GoogLeNet[8]). For text modalities with sequential 
characteristics, recurrent neural networks (RNNs) and their variants are employed to capture context 
dependencies.

After, transformers have emerged as the mainstream framework for constructing multimodal representation 
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learning models. Based on different multimodal interaction mechanisms, Transformer fusion strategies can 
be primarily categorized into the following two types: (1) Dual-stream cross-modal fusion mechanism: This 
mechanism feeds different modality data into independent Transformer branches, employing cross-attention 
at intermediate layers, such as ViLBERT[9,10]. (2) Single-stream cross-modal fusion mechanism concatenates 
images and text into a unified sequence at the token level, feeding it into the Transformer encoder, such 
as VisualBERT [11], VL-BERT [12], UNITER[13], Unicoder-VL[14], and Multitrans[15] in clinical settings. Beyond 
single-stream and dual-stream attention mechanisms, researchers have explored hybrid architectures combining 
Transformers with other fusion strategies to enhance multimodal representation capabilities[16,17]. This approach 
fuses text vectors extracted by BERT with image vectors extracted by ViT through tensor product fusion.

Faced with challenges in training scale and model generalization capabilities, researchers have turned to 
joint pre-training on large-scale image-text pairs and introduced efficient strategies such as contrastive learning. 
The core idea of contrastive learning is to construct positive and negative sample pairs, minimizing semantic 
relevance between related samples and maximizing irrelevance between unrelated samples within a unified 
embed- ding space, thereby achieving cross-modal fine-grained alignment. Such as CLIP[18]. Building upon CLIP, 
BLIP[19] introduces three complementary tasks: ITC (Image-Text Contrastive), ITM (Image-Text Matching), and 
LM (Language Modeling). It designs a visual-text hybrid encoder that balances alignment, understanding, and 
generation, further enhancing performance in downstream retrieval, question-answering, and caption generation 
tasks. 

3. Audio-language modalities
Compared to vision-language multimodal representation learning, audio- language modalities face greater 

challenges in alignment methods. Audio is a continuous, high-frequency signal that can contain, for example, 
up to 16,000 frames per second at a sampling rate of 16kHz, whereas text is a discrete, low-frequency sequence, 
with each sentence usually consisting of only a few words.

To address the lack of robustness of early fusion methods in the face of modal noise, attention mechanisms 
have been introduced in recent years to achieve dynamic inter-modal fusion. The attention mechanism in the 
Transformer architecture can adaptively focus on the more reliable and informative parts of the audio and text 
modalities, which can effectively mitigate the interference of noise on the learning of multimodal representations. 
For example, the InterVoxNet model proposed by Ding et al. in[20] constructs a bimodal fusion architecture that 
fuses Transformer with LSTAFN (Long-Short-Term Attention Fusion Network) for the depression detection task. 
Ultimately, the joint temporal information is further integrated by a second- stage bidirectional LSTM to obtain 
a multimodal representation that is synergistically enhanced by semantic and temporal information. In addition, 
Luong et al. proposed a new framework for audio-text cross-modal retrieval task, mini-batch Learning to Match 
(m-LTM), in[21]. 

Inspired by the image-text multimodal contrast learning model CLIP, Elizalde et al. proposed the audio-
text contrast learning architecture CLAP (Contrastive Language-Audio Pretraining)[22]. By introducing a contrast 
loss function, CLAP achieves the learning of joint representations between auditory and linguistic modalities, 
enabling the model to obtain more discriminative cross-modal embedding representations on large-scale 
unsupervised audio-text pairing data, thus demonstrating superior performance in tasks such as audio retrieval, 
audio classification, and cross-modal understanding.  

4. Conclusion and future directions
Based on the classification perspective of topology, combined with typical models and methods, the 

similarities and differences of each modality in terms of representation, fusion mechanism and application 
strategy are discussed in depth, which reveals the intrinsic connection and evolutionary vein of the current 
mainstream technologies. In addition, this paper combs through the development history of multimodal 
representation learning, which is divided into four major stages: starting from the shallow representation method 
represented by linear dimensionality reduction, and gradually transitioning to the complex cross-modal modelling 
system based on deep neural networks, which reflects the technological leap from the primary unimodal 
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modelling to the deep multimodal semantic understanding in this field. Overall, with the deepening knowledge 
of the topological relationship between multimodalities and the continuous improvement of model structure 
and learning ability, multimodal representation learning is gradually becoming one of the core technologies to 
support intelligent systems to achieve semantic understanding, task generalization and cross-domain migration. 
In the future, this direction will still show broad application prospects and far-reaching research value in key 
fields such as multimodal intelligences, human-computer interaction, automatic driving, and medical diagnosis.
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