
Vol 5 Issue 2   MZ Computing Journal  

 

 

1 

 

MZ Journals 

Interpretable Multimodal Transformers: Bridging the Gap Between 

Visual and Textual Representations 

Aderinsola Aderinokun 

Department of Computer Science, University of Lagos, Nigeria 

Abstract 

With the increasing prevalence of multimodal data in various applications, such as image 

captioning, visual question answering, and multimedia content analysis, the need for interpretable 

models that can effectively bridge visual and textual representations has become critical. This 

paper presents a comprehensive review of interpretable multimodal transformers, exploring their 

architecture, mechanisms, and the challenges associated with integrating visual and textual 

information. We discuss recent advancements in the field, evaluate existing methods, and propose 

directions for future research to enhance the interpretability and effectiveness of multimodal 

transformers. 
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1. Introduction 

The field of artificial intelligence (AI) has witnessed significant advancements with the integration 

of multimodal data—combinations of different types of data such as text, images, and videos. 

Among the various approaches to processing multimodal data, transformers have emerged as a 

powerful tool due to their ability to handle complex relationships and interactions across 

modalities[1]. Multimodal transformers leverage attention mechanisms to align and integrate 

information from diverse sources, enabling them to perform tasks that require a nuanced 

understanding of both visual and textual content. This capability has propelled transformers into 

various applications, including image captioning, visual question answering, and multimedia 

content analysis, where they have achieved state-of-the-art performance[2]. 

Despite their impressive capabilities, the interpretability of multimodal transformers remains a 

critical concern. These models often operate as "black boxes," making it challenging to understand 

how they process and combine information from different modalities to arrive at a final decision. 

Interpretability in AI is crucial for building trust, ensuring fairness, and facilitating the effective 

deployment of these models in real-world scenarios[3]. For multimodal transformers, achieving 

interpretability involves unraveling how visual and textual information are fused and how specific 

inputs influence the model's outputs. 
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This paper explores the concept of interpretable multimodal transformers, focusing on their 

architecture, mechanisms, and the challenges associated with integrating visual and textual 

information. We review the latest advancements in the field, evaluate current methods for 

enhancing interpretability, and propose future research directions to address existing gaps. By 

bridging the gap between visual and textual representations, interpretable multimodal transformers 

can offer deeper insights into the decision-making process, thereby advancing the field of 

multimodal AI and improving its application across diverse domains. 

2. Background and Motivation 

Multimodal transformers represent a significant evolution in the field of AI by integrating 

information from multiple data sources, such as images and text, to perform complex tasks. These 

models are built upon the transformer architecture, originally designed for natural language 

processing (NLP) tasks[4]. Transformers use attention mechanisms to weigh the importance of 

different parts of the input data, allowing them to capture intricate relationships within a single 

modality. In the context of multimodal transformers, this capability is extended to handle and fuse 

information from different modalities. By leveraging self-attention and cross-attention 

mechanisms, multimodal transformers can align and integrate visual features with textual 

information, enabling them to tackle tasks such as image captioning, where understanding both 

the content of an image and its associated textual description is crucial[5]. 

Despite their success, the complexity of multimodal transformers poses significant challenges for 

interpretability. Interpretability in AI refers to the ability to understand and explain how a model 

arrives at its decisions. For multimodal transformers, this involves deciphering how visual and 

textual inputs are processed and combined to generate outputs[6]. The "black box" nature of these 

models often makes it difficult to trace the decision-making process, which can be problematic in 

applications where transparency is essential, such as healthcare, finance, and autonomous systems. 

Without clear explanations of how different modalities contribute to the model's predictions, it 

becomes challenging to trust the model's outputs, identify potential biases, or ensure fairness in its 

decision-making process[7]. 

Integrating visual and textual information involves several challenges. Different modalities have 

distinct representations and structures: visual data is often high-dimensional and unstructured, 

while textual data is sequential and structured. Effective fusion of these modalities requires 

sophisticated techniques to ensure that relevant information from each modality is preserved and 

appropriately combined[8]. Moreover, attention mechanisms, while powerful, can become 

intricate and difficult to interpret when applied across multiple modalities. Understanding which 

parts of the input data are most influential in the model's decision-making process and how 

attention weights are distributed across modalities are key aspects of interpretability that need to 

be addressed[9]. 

The motivation for researching interpretable multimodal transformers stems from the need to 

enhance the transparency and trustworthiness of AI systems that operate on complex, multimodal 
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data. As these models become increasingly prevalent in applications requiring a deep 

understanding of both visual and textual information, ensuring their interpretability becomes 

paramount[10]. By developing techniques that make the decision-making process of multimodal 

transformers more transparent, researchers and practitioners can improve model reliability, 

facilitate better user understanding, and address ethical concerns related to AI decision-making. 

This research aims to bridge the gap between advanced multimodal capabilities and the need for 

clear, actionable insights into how these models function, ultimately contributing to more 

trustworthy and effective AI systems[11]. 

3. Architecture of Interpretable Multimodal Transformers 

Attention mechanisms are foundational to the architecture of multimodal transformers, enabling 

them to process and integrate diverse types of data effectively. At their core, attention mechanisms 

allow the model to weigh the importance of different input elements when making predictions[12]. 

In the context of multimodal transformers, attention mechanisms are extended to handle multiple 

modalities simultaneously. For instance, cross-attention mechanisms facilitate the alignment of 

visual features with textual tokens, enabling the model to focus on relevant parts of the image 

when generating or interpreting text. This alignment is achieved through attention matrices that 

capture the relationships between different modalities, offering a way to trace how the model 

integrates information. However, the complexity of these attention patterns can pose challenges 

for interpretability, as understanding how different parts of the input contribute to the model's 

decisions requires clear visualization and analysis of these attention weights[13]. 

The integration of visual and textual data in multimodal transformers involves various fusion 

strategies, each affecting the interpretability of the model differently. Early fusion approaches 

combine features from different modalities before feeding them into the transformer, which can 

simplify the interaction between modalities but may lead to the loss of modality-specific 

information. Late fusion, on the other hand, processes each modality separately before combining 

their outputs, allowing for a more nuanced integration of information but complicating the 

interpretability of how these separate processes contribute to the final decision. Joint embedding 

strategies involve mapping both modalities into a shared representation space, facilitating direct 

interaction between them[14]. Each fusion strategy has its trade-offs in terms of both performance 

and interpretability, making it essential to carefully evaluate which approach best balances the 

need for effective integration with the ability to understand and explain model behavior. 

Visualization techniques are crucial for enhancing the interpretability of multimodal transformers 

by providing insights into how the model processes and integrates different types of data. Attention 

maps are one of the primary tools used to visualize how different parts of the input data influence 

the model's decisions. For multimodal transformers, attention maps can be generated to show how 

visual features are aligned with textual tokens, revealing which aspects of the image are most 

relevant for a given textual description[15]. Saliency maps and activation visualizations can also 

be employed to highlight which features of the input contribute most to the model's predictions. 
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These visualization techniques help in understanding the model's decision-making process and 

identifying potential areas of improvement. However, the complexity of multimodal interactions 

can make it challenging to produce clear and actionable visualizations, necessitating the 

development of advanced tools and methods for effective interpretation[16]. 

4. Applications of Interpretable Multimodal Transformers 

Image captioning is a prominent application of multimodal transformers, where the goal is to 

generate descriptive textual content based on visual input. Interpretable multimodal transformers 

enhance this task by providing insights into how visual features are mapped to textual 

descriptions[17]. By analyzing attention maps and activation patterns, researchers can understand 

which parts of an image are being focused on when generating specific words or phrases in the 

caption. This transparency allows for more precise refinement of the captioning process, ensuring 

that generated descriptions accurately reflect the content of the images. Additionally, interpretable 

models can help identify biases or inaccuracies in the captions, contributing to more reliable and 

contextually appropriate outputs[18]. 

Visual question answering (VQA) involves answering questions about an image using both visual 

and textual information. Interpretable multimodal transformers play a crucial role in VQA by 

clarifying how different elements of the image and the question are combined to produce an 

answer. For instance, attention mechanisms can highlight which regions of the image are relevant 

to specific parts of the question, providing a clearer understanding of how the model arrives at its 

response. This interpretability is valuable for evaluating model performance, ensuring that the 

answers are based on relevant visual information, and improving the model's ability to handle 

complex, nuanced queries[19]. By offering insights into the decision-making process, interpretable 

VQA models facilitate trust and accountability in applications such as interactive question-

answering systems and automated support tools. 

Multimedia content analysis encompasses tasks such as video summarization, content retrieval, 

and sentiment analysis, where multimodal transformers are employed to process and understand 

complex data. Interpretable multimodal transformers enhance these applications by providing a 

clearer view of how different modalities contribute to the analysis. For example, in video 

summarization, attention mechanisms can reveal which frames or segments of the video are 

prioritized based on the textual description or metadata[20]. Similarly, in content retrieval, the 

model’s attention can be analyzed to understand how specific visual and textual features influence 

search results. By improving the interpretability of multimedia content analysis models, 

researchers can ensure that the results are more accurate and aligned with user expectations, 

leading to better performance and user satisfaction[21]. 

In the healthcare sector, interpretable multimodal transformers are increasingly used for tasks such 

as medical image analysis and electronic health record (EHR) integration. For instance, in 

diagnostic imaging, these models can assist in identifying and interpreting patterns in medical 

images while integrating relevant textual information from patient records. Interpretability is 
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crucial in this context as it helps clinicians understand how the model’s predictions are derived 

from both visual and textual data, thereby improving diagnostic accuracy and decision-making. 

By providing insights into the model’s reasoning process, interpretable multimodal transformers 

support more informed clinical decisions, enhance trust in AI-assisted diagnostics, and contribute 

to better patient outcomes[22]. 

5. Evaluation of Existing Methods 

Evaluating the performance of interpretable multimodal transformers requires a multifaceted 

approach, combining traditional accuracy metrics with specific measures of interpretability. 

Standard performance metrics such as accuracy, precision, recall, and F1 score are essential for 

assessing the overall effectiveness of these models in tasks like image captioning or visual question 

answering. However, in the context of interpretability, additional criteria must be considered. 

Metrics such as clarity of attention maps, consistency of visualizations with model predictions, 

and the ability to explain model decisions in human-understandable terms play a crucial role[23]. 

Evaluating how well these models maintain performance while providing interpretable insights 

helps balance the trade-offs between model complexity and transparency. 

Case studies offer valuable insights into the practical effectiveness and limitations of existing 

interpretable multimodal transformers. By examining real-world applications and specific 

instances where these models have been deployed, researchers can assess their performance in 

various contexts[24]. For example, a case study on image captioning models might reveal how 

well attention maps align with human judgments of relevance and accuracy. Similarly, case studies 

in visual question answering can demonstrate how interpretable models handle complex queries 

and provide explanations that enhance user trust. These detailed analyses highlight strengths and 

weaknesses, offering practical guidance for improving interpretability in different application 

domains[25]. 

Both qualitative and quantitative analyses are crucial for a comprehensive evaluation of 

interpretable multimodal transformers. Quantitative analyses involve measuring the accuracy and 

efficiency of the models using standard metrics, while qualitative analyses focus on the 

interpretability aspects, such as the clarity and usefulness of visualizations. Qualitative 

assessments often include user studies or expert evaluations to gauge how effectively the model’s 

explanations facilitate understanding[26]. Combining these approaches provides a well-rounded 

view of how interpretable multimodal transformers perform, offering insights into both their 

practical effectiveness and their ability to provide meaningful explanations for their decisions[27]. 

User feedback and usability studies are essential for evaluating the practical impact of interpretable 

multimodal transformers. By collecting feedback from end-users who interact with the models, 

researchers can assess how well the interpretability features support decision-making and 

understanding. Usability studies can reveal how intuitive and helpful the visualizations and 

explanations are in real-world scenarios[28]. This user-centric evaluation helps identify areas for 
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improvement and ensures that the interpretability features align with the needs and expectations 

of users, ultimately leading to more effective and user-friendly models. 

6. Future Directions 

As the field of interpretable multimodal transformers continues to evolve, several key areas 

warrant further exploration to enhance both model performance and transparency. Future research 

should focus on developing more sophisticated fusion techniques that improve the integration of 

visual and textual information while maintaining clarity in the interpretability of the model's 

decisions[29]. Advances in interactive visualization tools could provide deeper insights into how 

different modalities interact, enabling users to explore and understand model behavior in real time. 

Additionally, expanding the generalization capabilities of interpretable multimodal transformers 

across diverse domains and tasks is crucial. This involves designing models that not only excel in 

specific applications but also adapt effectively to new and unseen scenarios. By addressing these 

challenges, researchers can contribute to more robust, transparent, and adaptable AI systems that 

offer reliable insights and enhance user trust across a wide range of applications[30]. 

7. Conclusions 

Interpretable multimodal transformers represent a significant advancement in AI, offering the 

ability to bridge visual and textual representations with unprecedented effectiveness. This paper 

has explored the architecture, mechanisms, and applications of these models, highlighting the 

critical role of attention mechanisms, fusion strategies, and visualization techniques in enhancing 

interpretability. Despite their impressive capabilities, challenges remain in balancing model 

complexity with transparency. Future research should focus on refining fusion techniques, 

developing interactive visualization tools, and improving the generalization of these models across 

various domains. By addressing these challenges, researchers can enhance the reliability and 

trustworthiness of multimodal transformers, leading to more transparent and effective AI systems 

that can be confidently deployed in diverse real-world applications. 

References: 

[1] K. Peng et al., "Towards making the most of chatgpt for machine translation," arXiv preprint 

arXiv:2303.13780, 2023. 

[2] S. Raza, M. Garg, D. J. Reji, S. R. Bashir, and C. Ding, "Nbias: A natural language processing 

framework for BIAS identification in text," Expert Systems with Applications, vol. 237, p. 121542, 

2024. 

[3] P. Resnik and J. Lin, "Evaluation of NLP systems," The handbook of computational linguistics and 

natural language processing, pp. 271-295, 2010. 

[4] H. Li, L. Ding, M. Fang, and D. Tao, "Revisiting Catastrophic Forgetting in Large Language Model 

Tuning," arXiv preprint arXiv:2406.04836, 2024. 

[5] J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova, "Bert: Pre-training of deep bidirectional 

transformers for language understanding," arXiv preprint arXiv:1810.04805, 2018. 

[6] J. O'Connor and I. McDermott, NLP. Thorsons, 2001. 



Vol 5 Issue 2   MZ Computing Journal  

7 

https://mzjournal.com/index.php/MZCJ 

 

[7] B. Liu et al., "Diversifying the mixture-of-experts representation for language models with 

orthogonal optimizer," arXiv preprint arXiv:2310.09762, 2023. 

[8] M. Zhou, N. Duan, S. Liu, and H.-Y. Shum, "Progress in neural NLP: modeling, learning, and 

reasoning," Engineering, vol. 6, no. 3, pp. 275-290, 2020. 

[9] Q. Zhong et al., "Revisiting token dropping strategy in efficient bert pretraining," arXiv preprint 

arXiv:2305.15273, 2023. 

[10] F. Wang, L. Ding, J. Rao, Y. Liu, L. Shen, and C. Ding, "Can Linguistic Knowledge Improve 

Multimodal Alignment in Vision-Language Pretraining?," arXiv preprint arXiv:2308.12898, 2023. 

[11] E. Cambria and B. White, "Jumping NLP curves: A review of natural language processing 

research," IEEE Computational intelligence magazine, vol. 9, no. 2, pp. 48-57, 2014. 

[12] G. Camilli, "The case against item bias detection techniques based on internal criteria: Do item bias 

procedures obscure test fairness issues?," in Differential item functioning: Routledge, 2012, pp. 

397-417. 

[13] M. Cherti et al., "Reproducible scaling laws for contrastive language-image learning," in 

Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2023, pp. 

2818-2829.  

[14] T. Xia, L. Ding, G. Wan, Y. Zhan, B. Du, and D. Tao, "Improving Complex Reasoning over 

Knowledge Graph with Logic-Aware Curriculum Tuning," arXiv preprint arXiv:2405.01649, 

2024. 

[15] W. M. Al-Masri, M. F. Abdel-Hafez, and A. H. El-Hag, "A novel bias detection technique for 

partial discharge localization in oil insulation system," IEEE Transactions on Instrumentation and 

Measurement, vol. 65, no. 2, pp. 448-457, 2015. 

[16] M. U. Anwaar, E. Labintcev, and M. Kleinsteuber, "Compositional learning of image-text query 

for image retrieval," in Proceedings of the IEEE/CVF Winter conference on Applications of 

Computer Vision, 2021, pp. 1140-1149.  

[17] L. Zhou, L. Ding, and K. Takeda, "Zero-shot translation quality estimation with explicit cross-

lingual patterns," arXiv preprint arXiv:2010.04989, 2020. 

[18] S. Wu, A. Conneau, H. Li, L. Zettlemoyer, and V. Stoyanov, "Emerging cross-lingual structure in 

pretrained language models," arXiv preprint arXiv:1911.01464, 2019. 

[19] K. T. Hufthammer, T. H. Aasheim, S. Ånneland, H. Brynjulfsen, and M. Slavkovik, "Bias 

mitigation with AIF360: A comparative study," in NIKT: Norsk IKT-konferanse for forskning og 

utdanning 2020, 2020: Norsk IKT-konferanse for forskning og utdanning.  

[20] G. Jawahar, B. Sagot, and D. Seddah, "What does BERT learn about the structure of language?," 

in ACL 2019-57th Annual Meeting of the Association for Computational Linguistics, 2019.  

[21] R. Mihalcea, H. Liu, and H. Lieberman, "NLP (natural language processing) for NLP (natural 

language programming)," in Computational Linguistics and Intelligent Text Processing: 7th 

International Conference, CICLing 2006, Mexico City, Mexico, February 19-25, 2006. 

Proceedings 7, 2006: Springer, pp. 319-330.  

[22] M. Koroteev, "BERT: a review of applications in natural language processing and understanding," 

arXiv preprint arXiv:2103.11943, 2021. 

[23] R. Shrestha, K. Kafle, and C. Kanan, "An investigation of critical issues in bias mitigation 

techniques," in Proceedings of the IEEE/CVF Winter Conference on Applications of Computer 

Vision, 2022, pp. 1943-1954.  



Vol 5 Issue 2   MZ Computing Journal  

8 

https://mzjournal.com/index.php/MZCJ 

 

[24] S. Wu and M. Dredze, "Beto, bentz, becas: The surprising cross-lingual effectiveness of BERT," 

arXiv preprint arXiv:1904.09077, 2019. 

[25] T. Sun et al., "Mitigating gender bias in natural language processing: Literature review," arXiv 

preprint arXiv:1906.08976, 2019. 

[26] A. Søgaard, I. Vulić, S. Ruder, and M. Faruq, Cross-lingual word embeddings. Springer, 2019. 

[27] T. Feldman and A. Peake, "End-to-end bias mitigation: Removing gender bias in deep learning," 

arXiv preprint arXiv:2104.02532, 2021. 

[28] I. Tenney, D. Das, and E. Pavlick, "BERT rediscovers the classical NLP pipeline," arXiv preprint 

arXiv:1905.05950, 2019. 

[29] A. Vaswani et al., "Attention is all you need," Advances in neural information processing systems, 

vol. 30, 2017. 

[30] C. Welch and H. Hoover, "Procedures for extending item bias detection techniques to polytomously 

scored items," Applied Measurement in Education, vol. 6, no. 1, pp. 1-19, 1993. 

 


