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ABSTRACT 

 
Large vision-language models have been used to create cross-modal retrieval systems, including CLIP, that 

have achieved large performance improvements but often act as black boxes, which makes it more difficult to 

use these models and apply them in more critical areas. This non-disclosure is a great impediment to the 

responsible implementation of such systems in high stakes applications. As a measure to counter this 

shortcoming, we suggest an explainability-based design with an embedded post-hoc interpretation modules as 

part of the CLIP retrieval pipeline. The framework provides sensible, dual- mode accounts of bidirectional 

retrieval tasks; to begin with, it produces visual heatmaps that both outline the regions in the image that have 

the strongest impact on a retrieval decision and to a second end, it deactivates word-level attribution to 

quantify the relative significance of textual tokens in the query or caption. As we will discuss later, with our 

implementation and subsequent evaluation of our system on Flickr8k one can see that we provide these 

interpretable insights whilst maintaining, and in fact slightly increasing the baseline retrieval accuracy of the 

vanilla CLIP model. The empirical evidence confirms that the incorporation of interpretability layers is not 

accompanied by the trade-off in terms of performance. Together, this work confirms that principled 

explainability mechanisms should be augmented to multimodal retrieval systems in order to foster trustful, 

responsible AI solutions. Based on the increased transparency, the approach prepares the foundation of more 

solid and trustworthy human-AI cooperation. 

 
Index Terms: Explainable AI (XAI), CLIP, Cross-Modal Re- trieval, Multimodal Learning, Interpretability, 
Visual Attribution, Text Attribution, Human-AI Collaboration 

INTRODUCTION 

The rapid evolution of artificial intelligence has ushered in a new era of sophisticated multimodal systems 

capable of understanding and connecting information across different data types, such as images and text. 

Among these, cross-modal retrieval—the task of finding relevant content in one modality (e.g., images) using 

a query from another (e.g., text)—has seen transformative advances. This capability is foundational to next-

generation search engines, content recommendation systems, and assistive technologies for the visually 

impaired. The breakthrough of Contrastive Language–Image Pre- training (CLIP) by Radford et al. [1] 

has been pivotal. By learning a shared, semantically rich embedding space from hundreds of millions of 

image-text pairs, CLIP enables powerful zero-shot transfer and establishes a strong benchmark for retrieval 

by aligning visual and linguistic concepts through a simple cosine similarity metric. However, this powerful 

alignment comes at a cost: interpretability. CLIP, like many other deep learning models, functions as a 

complex, non-linear “black box.” While it can retrieve a relevant image for a query like” a dog playing fetch,” 

it provides no inherent explanation for why that particular image was selected over others, or which visual 

features (the dog, the frisbee, the grass) or words in the caption were most decisive. This opacity is not merely 

a technical curiosity; it is a significant barrier to user trust, system debugging, bias detection, and the ethical 

deployment of AI in sensitive domains such as healthcare, security, and media. 

The burgeoning field of Explainable AI (XAI) aims to bridge this gap between performance and transparency. 

http://www.rsisinternational.org/
https://doi.org/10.51583/IJLTEMAS.2026.150300065


Page 789 
www.rsisinternational.org 

 INTERNATIONAL JOURNAL OF LATEST TECHNOLOGY IN ENGINEERING,  

MANAGEMENT & APPLIED SCIENCE (IJLTEMAS) 

                            ISSN 2278-2540 | DOI: 10.51583/IJLTEMAS | Volume XV, Issue III, March 2026 

  

Tech- niques like Grad-CAM [?] for visual models and LIME [?] for tabular and text data have been 

developed to shed light on model decisions. Yet, their direct application to multimodal, contrastive models 

like CLIP in a retrieval context remains a nuanced and underexplored challenge. Explaining a classification 

decision (“this is a cat”) differs fundamentally from explaining a similarity ranking (“this image is more 

similar to this text than all others”). There is a distinct research gap in developing tailored, post-hoc 

explanation frameworks that seamlessly integrate with the retrieval mechanism of vision- language models 

without altering their pre-trained knowledge or compromising their efficacy. 

This paper directly addresses this gap by proposing a novel, explainability-driven framework for 

interpretable cross- modal retrieval. Our primary contribution is a practical sys- tem that augments the 

standard CLIP-based retrieval pipeline with two dedicated, plug-and-play interpretation modules. The 

framework provides: 

Visual Explanations: Generating similarity-aware heatmaps that localize and highlight the specific regions 

within a retrieved image that were most influential for matching a given text query. 

Textual Explanations: Employing an occlusion-based attribution method to score and highlight the 

importance of individual words in a retrieved caption relative to a query image. 

We implement this framework and evaluate it on the widely- used Flickr8k dataset [?]. Crucially, our 

experiments confirm that the addition of these explanation modules does not degrade the intrinsic retrieval 

performance of the base CLIP model, as measured by standard metrics like Recall@K. The framework thus 

delivers meaningful, intuitive transparency “for free,” transforming a powerful but opaque retrieval tool into 

an interpretable aid for human decision-making. 

The remainder of this paper is structured as follows: Section II reviews related work in vision-language models 

and XAI. Section III details our proposed framework and explanation methods. Section IV presents our 

experimental setup, results, and a qualitative analysis of the explanations. Section V discusses the 

implications, limitations, and the importance of our work for fostering trust. Finally, Section VI concludes the 

paper and outlines directions for future research. 

Related Work 

 

Our study falls at the crossroads of three running areas of interest: (1) vision-language pre-training and cross-

modal re- trieval; (2) explainable artificial intelligence of visual models; and (3) explicability of multimodal 

and retrieval systems. An overview of the relevant advances is given here and the specific gap that our 

framework intends to fill outlined. 

 

Vision-Language Models and Cross-Modal Retrieval 

 

The quest to bridge the semantic gap between vision and language has driven significant innovation. Early 

approaches often relied on jointly trained encoder-decoder architectures for specific tasks like image 

captioning [?]. The paradigm shifted with the introduction of large-scale contrastive pre- training. Models like 

CLIP [1] and ALIGN [2] demonstrated that learning a unified embedding space from hundreds of mil- lions 

of noisy image-text pairs could yield remarkably robust and generalizable representations. The core learning 

objective aligns the embeddings of matching image-text pairs while pushing non-matching pairs apart. For 

retrieval, this simplifies to finding candidates with the highest cosine similarity to a query embedding in this 

shared space, a method both elegant and powerful. 

 

Following CLIP, subsequent efforts have focused on scaling (e.g., Florence [5]), incorporating more granular 

objectives (e.g., BLIP [3] for generative and understanding tasks), or expanding modalities. These models 

have set the state-of- the-art for zero-shot and fine-tuned cross-modal retrieval on benchmarks like Flickr30k 

and MS-COCO. Our framework is agnostic to the specific base model but utilizes CLIP as a canonical, high-
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performing example to build upon, focusing not on improving the embedding quality itself but on making its 

retrieval decisions interpretable. 

Explainable AI for Visual Models 

 

The field of XAI has developed a rich toolkit for inter- preting deep neural networks, particularly in computer 

vision. These methods are broadly categorized into gradient-based and perturbation-based approaches. 

Gradient-based methods, such as Grad-CAM [?] and its variants, use the gradients of a target concept 

(e.g., a class score) flowing into the final convolutional layer to produce a coarse localization map 

highlighting important regions. Perturbation-based methods, like LIME [?] and SHAP [?], probe a model by 

systematically perturbing the input (e.g., occluding parts of an image) and observing changes in the output to 

attribute importance. 

While highly effective for classification and detection tasks, these methods are not directly transferable to 

the retrieval paradigm. They are designed to explain a model’s confidence in a single, predefined output 

class. In contrast, explaining re- trieval requires elucidating a relative similarity score between two distinct 

modalities—why is this image more similar to this text than others? This necessitates a fundamental 

rethinking of the attribution target. 

Explainability for Multimodal and Retrieval Systems 

Explaining multimodal systems presents unique challenges, as explanations must often bridge modalities 

themselves. Initial work has explored generating textual rationales for visual question answering (VQA), 

as seen in VQA-X [?] and related efforts, where the goal is to produce a natural language justification for 

an answer. Other approaches have sought to visualize cross-attention maps in transformer-based 

architectures [?]. 

However, work specifically targeting the post-hoc inter- pretability of retrieval decisions in contrastive 

embedding spaces is nascent. Some recent studies have begun to explore this direction. For instance, X-

Pool [?] introduces a cross- modal attention pooling method that provides token-level relevance for 

retrieval.  

Other works have adapted gradient-based techniques to the contrastive loss function to derive saliency maps 

[?]. While promising, these approaches often remain tied to specific model architectures or training 

modifications. 

Our work distinguishes itself by proposing a lightweight, post-hoc framework that can be seamlessly 

attached to a pre- trained, frozen CLIP model without any retraining or architectural change. We combine 

a novel similarity-aware visual attribution method that operates directly on the embedding space with a 

straightforward yet effective occlusion-based textual attribution.  

This design philosophy prioritizes practi- cal deployability and user accessibility, aiming to make the 

“black-box” retrieval process immediately more transparent to end-users and researchers alike. 

Gap Identification and Our Contribution 

In summary, while powerful vision-language models exist and mature XAI techniques are available, there 

is a distinct lack of integrated, user-facing frameworks that provide intu- itive, dual-mode explanations for 

why a cross-modal retrieval result was returned. Prior art often focuses on a single modality of explanation 

or requires changes to the underlying model.  

Our contribution is a unified, post-hoc framework that de- livers both visual and textual explanations for 

bidirectional CLIP-based retrieval, maintaining original performance and requiring no model alteration, 

thereby directly addressing the transparency gap in deployable multimodal AI systems. 
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METHODOLOGY 

 
System Architecture Overview 

Our framework, illustrated in Figure 1, consists of four inter- connected modules: (1) Multimodal Encoding, 

(2) Embedding Indexing, (3) Similarity-based Retrieval, and (4) Explainability Generation.  

The architecture maintains CLIP’s frozen pa- rameters while adding lightweight explanation modules that 

operate in post-hoc manner without affecting the core retrieval mechanism. 

Fig. 1: End-to-end architecture of the proposed explainability driven framework. Dashed lines indicate 

optional paths for explanation generation. 

Multimodal Feature Extraction Pipeline 

We employ a two-stage feature extraction strategy that preserves both global semantic information and local 

structural details essential for fine-grained explanations. 

Global Embedding Generation: For an image I and text T , the CLIP model produces normalized embeddings: 

We employ a two-stage feature extraction strategy that preserves both global semantic information and local 

structural details essential for fine-grained explanations. 

Global Embedding Generation: For an image I and text T , the CLIP model produces normalized embeddings: 

http://www.rsisinternational.org/


Page 792 
www.rsisinternational.org 

 INTERNATIONAL JOURNAL OF LATEST TECHNOLOGY IN ENGINEERING,  

MANAGEMENT & APPLIED SCIENCE (IJLTEMAS) 

                            ISSN 2278-2540 | DOI: 10.51583/IJLTEMAS | Volume XV, Issue III, March 2026 

  

 

 

where v, t ∈ R512 for CLIP-ViT-B/32. 

Local Feature Preservation: Crucially, we extract inter- mediate representations before spatial pooling: 

• Visual tokens: Fv ∈ R7×7×768 from the final transformer block 

• Textual tokens: Ft ∈ Rn×512 for n input tokens 

These local features enable our fine-grained attribution meth- ods described in Sections III-D and III-E. 

Table I: Embedding Indexing Strategy for Efficient Retrieval 

 

Visual Attribution: Multi-Scale Similarity Propagation 

We propose a multi-scale similarity propagation method that computes attribution at different granularities. 

As shown in Figure 2, our approach provides more precise localization compared to baseline methods. 

 

Grad-CAM 
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Patch Similarity 

 

Our Method 

Fig. 2: Comparison of visual attribution methods. Our approach provides finer localization and better 

alignment with semantic concepts. 

The attribution score for patch (i, j) at scale s is computed as: 

 

Textual Attribution: Context Aware Occlusion 

We enhance standard occlusion with contextual awareness. Instead of masking individual words in isolation, 

http://www.rsisinternational.org/


Page 794 
www.rsisinternational.org 

 INTERNATIONAL JOURNAL OF LATEST TECHNOLOGY IN ENGINEERING,  

MANAGEMENT & APPLIED SCIENCE (IJLTEMAS) 

                            ISSN 2278-2540 | DOI: 10.51583/IJLTEMAS | Volume XV, Issue III, March 2026 

  

we consider n-gram contexts: 

 
 

where w is the context window size, and si,j is similarity when words i through j are masked. 

Table II compares different attribution techniques on caption explanation tasks. 

TABLE II: Comparison of Text Attribution Methods on Flickr8k Captions 

 

Implementation Details 

We also use PyTorch 2.0 in our implementation to take advantage of automatic mixed precision and, therefore, 

max- imize computational efficiency. The modules of explanation are packaged as pluggable modules, which 

can be activated in accordance to requirements defined by the user. Optimisation of memory is done by 

gradient checkpointing on large-scale models and by processing long captions in parts. 

Experiments and Results 

 

The section outlines the research design, provides quantitative evidence of retrieval efficiency to support the 

suitability of the proposed framework to the underlying model and gives a qualitative analysis of the 

obtained explanations to depict their usefulness and interpretability. 

Experimental Setup 

Dataset: We tested our framework on the Flickr8k dataset, which is a standard benchmark of cross-modal re- 

trieval. The data set contains 8,000 images, and five human captions of each are independently annotated to 

create a total of 40,000 image-text pairs. The dataset is formally divided into 6 000 training images, 1 000 

validation images and 1 000 images used in testing. We used the complete dataset in our experiments (both 

the training and the test split) to pre- compute the embedding index and conduct the experiments with the 

CLIP model in its original state, without any further fine-tuning of the model, thus, following a zero-shot 

retrieval paradigm. 

Implementation and Infrastructure: We implemented the framework using PyTorch 1.12.1 and the Hugging 

Face transformers library (version 4.25.1) to load the pre-trained openai/clip-vit-base-patch32 model. Datasets 

Image and text embeddings of all datas were pre- computed and indexed with the FAISS library with a 

flat 

Evaluation Metrics: To assess retrieval performance, we employed standard information retrieval metrics: 

• Recall at K (R@K): The percentage of queries for which the ground-truth paired item is found among 

the top-K retrieved results. We report R@1, R@5, and R@10. 
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• Mean Average Precision (mAP): Provides a single- figure measure of quality across recall levels, 

considering the rank of correct results. 

Crucially, these metrics are applied to the output of the retrieval module to verify that our added explanation 

layers do not alter the ranking. The quality of explanations is assessed via a qualitative user study and case 

analysis. 

Quantitative Retrieval Performance 

The primary quantitative goal was to confirm that our explainability framework is a transparent wrapper 

that does not degrade the inherent capabilities of the CLIP model. Table III compares the retrieval metrics 

of the standard CLIP base- line (which only performs similarity search) against our full framework (which 

performs search followed by explanation generation). 

TABLE III: Cross-Modal Retrieval Performance on the Flickr8k Test Set. 

 

Outsourcing evidence supports that the similarity-conscious patch attribution module, and the occlusion-

based word attribution module, can only work on retrieved outputs, and inter- mediate features that do not 

show back-propagation and manipulation that would affect the initial similarity measures. As a result, the 

framework demonstrates a successful decoupling of the interpretability and the primary model performance.  

Qualitative Analysis of Explanations 

The qualitative insights offered by the explanation modules are the fundamental value of our work, which 

goes beyond quantitative fidelity. Two illustrative examples from the Gradio interface are shown. 

Visual Explanation Case Study: Figure 3 shows the result for the text query “a brown dog running through 

a grassy field.” The top-retrieved image is correctly explained by our similarity-aware heatmap. High-

attribution regions (shown in red/yellow) are localized precisely on the dog and the grassy terrain, while the 

distant trees and sky receive low attribution (blue). This aligns perfectly with human intuition, confirming 

that the model’s semantic match is driven by the salient objects and scene context specified in the query, not 

by irrelevant background elements. 

 

Fig. 3: Visual explanation for the text query “a brown dog running through a grassy field.” 

Textual Explanation Case Study: Figure 4 demonstrates the textual attribution for an image query depicting a 
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crowded urban street at night. The top-retrieved caption is “A busy city street illuminated by neon signs 

at night.” Our occlusionbased attribution highlights “busy,” “city,” “street,” “neon signs,” and “night” as high-

importance words. Articles and prepositions receive negligible scores. This breakdown reveals that the 

model’s retrieval decision hinges on the core nouns and descriptive adjectives that capture the scene’s essence 

(urban setting, time, and key visual elements like neon lights), offering a transparent window into the textual 

semantics that aligned with the image. 

Fig. 4: Textual explanation for an image of a neon-lit city street. 

DISCUSSION OF RESULTS 

Two aspects of our framework are validated by the ex- perimental results. In terms of numbers, it maintains 

the robust CLIP baseline’s retrieval accuracy, guaranteeing that interpretability and performance are not 

compromised. Qualitatively, the explanations produced are not only algorithmically sound but also 

immediately comprehensible to a human observer and semantically meaningful. 

By directly utilizing the core similarity metric, the visual heatmaps effectively transfer gradient-free 

attribution from classification tasks to the retrieval domain. By providing a causal, perturbation-based 

measure of word importance, the textual attributions successfully identify keywords, going beyond simple 

attention visualization. Together, they transform the retrieval output from a single ranked list into an inter- 

pretable decision supported by visual and textual evidence. 

These results strongly support our thesis that post-hoc explainability can be seamlessly integrated into state-

of-the- art vision-language retrieval systems, paving the way for their adoption in scenarios where 

understanding the “why” is as critical as the “what.” 

Discussion 

Our framework’s dual success—maintaining baseline CLIP performance while offering human-

interpretable explana- tions—is confirmed by experimental validation. This section explores the 

implications of these findings in greater detail, looks at the inherent drawbacks of our methodology, and 

con- siders how important explainability is to building confidence in AI systems. 

Interpretation of Explanations and Model Alignment 

The qualitative effectiveness of our visual and textual attri- butions offers more than just proof-of-

functionality; it provides a lens to audit and understand CLIP’s internal reasoning. For instance, in Figure 

3, the model’s focus on the ”dog” and ”grass” validates that it has semantically grounded the textual 

concepts in specific visual features. Similarly, the textual attribution in Figure 4 reveals that CLIP prioritizes 

concrete nouns and descriptive adjectives over grammatical filler words. This alignment between 

explanation and human intuition is non-trivial. It suggests that CLIP’s embedding space, while trained with 

a simple contrastive objective, encodes semantically decomposable representations where localized visual 

features and individual word meanings contribute additively to the global similarity score—a property our 
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framework successfully exposes. 

This post-hoc transparency has the potential to be an effective diagnostic instrument. These explanations 

can be used by researchers and developers to pinpoint biases or failure modes. For instance, a query for “a 

person cooking” may reveal previously undetectable dataset bias if it consistently produces heatmaps 

centered on kitchen utensils but not on members of particular demographics. As a result, our frame- work 

transforms the model from an end-to-end system into an instrument that can be examined and 

comprehended. 

Limitations and Scope 

Our suggested methodology is promising, but it has a number of drawbacks that limit its application and 

suggest areas for further study. 

Granularity of Visual Explanations: Our visual heatmaps’ resolution is limited by the Vision Transformer 

(ViT) architecture. As attribution takes place at the patch level (for instance, 32x32 pixels for ViTB/32), the 

resulting explanations are coarser by nature. Distinctive fine-grained objects or tiny details in a patch may not 

be recognized. This represents a fundamental drawback of utilizing a frozen, high- performing model and 

marking the explainability at the level of pixels. Internal gradients or training-time modifications might lead 

to pronouncing finer detail but at the expense of our framework’s main virtue of being a lightweight, post-

hoc wrapper. 

Computational Overhead of Textual Attribution: The occlusion-based method for text explanation requires n 

+ 1 forward passes through the CLIP text encoder for a caption of length n to compute word importance. 

While acceptable for explaining a single top-retrieved caption in an interactive setting (as in our Gradio app), 

this linear scaling makes it inefficient for batch processing or explaining long documents. Approximate 

methods, such as employing integrated gradients [?] or leveraging the model’s internal attention distributions 

(with appropriate caveats about their faithfulness [?]), could be explored for better scalability. 

The Challenge of Multi-Modal Interaction: A more profound limitation is that our current explanations treat 

modalities in isolation. The visual heatmap explains an image relative to a text query, and the textual 

attribution explains a caption relative to an image query. However, it does not generate cross-modal 

explanations—for example, explaining which specific word (“red”) corresponds to which specific image 

region (the red car). This is a complex challenge known as “grounding.” Our framework reveals that both 

modalities contain relevant information but does not explicitly map the interplay between them. Future work 

could aim to correlate high-attribution patches with high-attribution words to create such grounded 

explanations. 

The Critical Role of Explainability in User Trust and System Debugging 

This study is mainly relevant to human-AI interaction through its impact. In practical scenarios, between 

forensic image search, assistive technology for the blind, and content moderation, the user understanding of a 

retrieval result is one of the major considerations. A user will be more inclined to trust and use the output of 

the system if he/she is able to see its reasoning. For example, a reporter looking through the archives with 

the search terms “protest with police presence” can use the heat maps generated by our system to check that 

the results were retrieved by means of related visual evidence, no coincidental background associations.  

Moreover, these explanations are recognized as an important debugging tool from the viewpoint of a 

developer. The explanation that accompanies the retrieval error can right away indicate the root of the 

misunderstanding. Did the model pay too much attention to the wrong section of the image? Did it put too 

much emphasis on a trivial word in the caption? 

This understanding is much more useful than just providing a similarity score, thus greatly cutting down 

the time and labor involved in troubleshooting and enhancing AI systems. 
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Broader Implications for Responsible AI Development 

Our method is in line with the progressive concepts of Responsible AI that call for transparency, 

accountability, and fairness as the main principles. By opening up the reasoning of a great “black-box” 

model like CLIP, we will be helping to reduce the mystification surrounding AI operations. This 

transparency is the first-most step in auditing AI systems for fairness and bias, making them ready for 

responsible usage, and empow- ering the user instead of just automating the decision for the user. We 

maintain that explainability cannot be regarded as an optional extra for the integration of AI into high-

stakes decision-making processes but must rather be a foundational requirement, as indicated in this study. 

Conclusion and Future Work 

In this paper, a new framework was introduced which was based on explainability and specifically 

designed to turn up the light on the cross-modal retrieval systems that are considered as being the best in 

the present day and make them interpretable as well. It was our success to carry out the demonstration 

that the augmentation of a high-performing, frozen CLIP model with post-hoc explanation modules was not 

only feasible but practical as well and that the retrieval accuracy of the model was not affected at all. Our 

framework’s core contributions are twofold: (1) a similarity-aware visual attribution method that generates 

heatmaps by computing patch-level relevance in the joint embedding space, and (2) an occlusion-based 

textual attribution method that quantifies the importance of individual words in a caption relative to an 

image query. 

The assessment through numbers on the Flickr8k dataset validated that our system acts as a loyal wrapper, 

maintaining the original Recall@K and mAP metrics of the baseline CLIP model. On the other hand, the 

explanations produced visual heatmaps and emphasized text were revealed to be easily understood and 

semantically applicable, thereby giving the users real access to the model’s retrieval reasoning. This study 

linking up the strong multimodal representation learning with the requirement for transparency has taken a 

major step towards the establishment of more reliable, easily-maintained, and user-comfortable AI systems. 

Future Work 

While this framework establishes a strong foundation for interpretable cross-modal retrieval, several exciting 

directions remain for future research to enhance its scope, efficiency, and depth of explanation. 

Enhancing Explanation Granularity and Faithfulness: The immediate technical extension involves 

improving the quality of explanations. For visual attribution, integrating gradient-based techniques 

tailored for contrastive loss (e.g., Contrastive Grad-CAM [?]) could yield sharper, more precise heatmaps 

than our current patch-similarity method. For text, exploring scalable feature attribution methods like SHAP 

or Integrated Gradients could reduce the computational overhead of occlusion while potentially capturing 

word interactions more effectively. A key research question is to formally evaluate the faithfulness of these 

explanations—measuring how accurately they reflect the model’s true reasoning pro- cess—through 

systematic ablation studies. 

Towards Interactive and Grounded Explanations: A compelling next step is to evolve from passive 

explanations to an interactive retrieval loop. Users could refine queries by clicking on important regions 

in a heatmap or words in a caption, dynamically steering the search. Furthermore, advancing from unimodal 

to grounded cross-modal explanations is a major challenge. Future work could develop methods to explicitly 

align high-attribution image regions with specific words or phrases in a caption (e.g., linking the heatmap on 

a “red ball” to the words ”red” and ”ball”), providing a unified, fine-grained rationale for the retrieval match. 

Expansion to Diverse Tasks and Modalities: The fundamentals of our framework can be used not only for 

image-text retrieval tasks but also for other multimodal applications where CLIP or similar models are 

involved, like visual question answering (VQA), image captioning, or even video-text retrieval, thus making it 

a promising research direction. Furthermore, the application of the framework to more than two modalities 
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(e.g., image, text, and audio) would greatly increase the range of its use. The introduction of new modalities 

and tasks would require attribution to be redefined, thus facilitating the advancement of explainability 

methods that are more general and robust. 

Rigorous Human-in-the-Loop Evaluation: The ultimate test of an explanation is its benefit to mankind. 

Besides, future studies have to incorporate a formal user assessment to mea- sure precisely the impacts of our 

explanations on user trust, task performance (e.g., discovering suitable information more rapidly), and the skill 

of recognizing model errors or biases. Moreover, the setting up of common benchmarks and metrics for the 

assessment of the retrieval systems’ explainability will be a must for the field to advance from qualitative 

proof to more reliable ground. 

Ultimately, this research not only bridges a vital technical gap but also corresponds to the fundamental human 

qualities of comprehension and trust in the development of AI by uncovering the “black box” of cross-modal 

retrieval. We encourage researchers to use this framework as a trigger for more studies into transparent, 

accountable, and collaborative multimodal AI systems. 
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