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Abstract: In this paper, a multi-modal retrieval system for e-commerce platform is proposed, which 
integrates three advanced pre-training models: BLIP, CLIP and CLIP Interrogator. The system solves 
the challenge of traditional keyword-based product search by realizing more accurate and efficient 
graphic matching.We trained and evaluated our approach using 413,000 image-text pairs from the 
Google conceptual Captions dataset. Our method introduces a novel feature fusion mechanism and 
combines the advantages of several pre-trained models to realize comprehensive visual semantic 
understanding. The system shows strong performance in daily business scenes and complex artistic 
product description. Experimental results show that our proposed method can effectively generate 
detailed and context-aware descriptions and accurately match user queries and product pictures. The 
adaptability and semantic understanding of the system make it of special value in improving the user 
experience of e-commerce applications. This research has contributed to the development of 
intelligent shopping platform by bridging the gap between text query and visual content. It is worth 
emphasizing that the integration of the CLIP model significantly enhances the e-commerce retrieval 
system’s understanding of user intent and product semantics, thereby making product 
recommendations more accurate and the search process more targeted. 
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1. Introduction 

With the rapid development of e-commerce, the number of product images on online shopping 
platforms has grown exponentially. According to Statista, global retail e-commerce sales were 
estimated to reach about $6.3 trillion in 2023 and are projected to grow nearly $8.5 trillion by 2027, 
reflecting a compound annual growth rate of approximately 9%. To enhance user shopping 
experience and search efficiency, developing an effective and accurate image-text retrieval system 
has become increasingly important. Traditional product retrieval primarily relies on keyword 
matching, which not only requires merchants to manually add numerous tags but also often fails to 
accurately capture users’ visual needs and products’ visual characteristics. 

In recent years, with the advancement of deep learning technology, particularly the 
breakthrough in multi-modal pre-trained models, new solutions have emerged for image-text 
retrieval tasks. Multi-modal pre-trained models can simultaneously understand the semantic 
information of images and text, establishing connections between the two modalities to achieve more 
precise image-text matching. This technology has broad application prospects in the e-commerce 
field, not only improving user shopping experience but also helping merchants better showcase 
products and increase sales efficiency. 

In e-commerce scenarios, users often describe products they want to purchase using natural 
language, such as “a beige knit cardigan” or “a minimalist style desk.” Traditional keyword matching 
methods might miss many relevant products, while retrieval systems based on multi-modal pre-
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trained models can understand the semantic content of text descriptions and find the most matching 
product images in the visual space. This research aims to build such an intelligent image-text retrieval 
system to enhance the search experience on e-commerce platforms. 

2. Literature Review 

In recent years, multi-modal pre-trained models have made significant progress in image-text 
retrieval. Radford et al. [1] proposed the CLIP model, which pioneered the approach of learning 
visual models through natural language supervision. Through large-scale image-text pair training, 
they achieved excellent zero-shot transfer capabilities. Subsequently, Li et al. [2] introduced the BLIP 
model, which achieved breakthrough progress under a unified vision-language understanding and 
generation framework through an innovative bootstrapping language-image pre-training strategy. 

In the field of multi-modal retrieval applications for e-commerce, Gu et al. [3] were among the 
early explorers of multi-modal and multi-domain embedding learning in fashion product retrieval, 
proposing an embedding learning framework that comprehensively considers visual, textual, and 
attribute features. Jin et al. [4] addressed the unique characteristics of e-commerce scenarios by 
proposing an instance-level multi-modal pre-training method for large-scale applications, 
significantly improving retrieval performance in e-commerce settings. 

Regarding systematic research on cross-modal retrieval methods, Wang et al. [5] conducted a 
comprehensive review of existing cross-modal retrieval methods, outlining the field’s research 
progress and indicating future directions. Yu et al. [6] proposed the Heterogeneous Attention 
Network, effectively addressing the modal disparity issues in cross-modal retrieval and improving 
both retrieval efficiency and accuracy. 

In terms of model optimization and practical deployment, Ji et al. [7] introduced an online 
distillation-enhanced multi-modal Transformer model, optimizing model performance through 
sequential recommendation approaches to better suit practical application scenarios. This research 
not only improved model efficiency but also provided important references for deploying multi-
modal models in real-world systems. 

In summary, existing research has made significant progress in multi-modal pre-trained models, 
e-commerce applications, cross-modal retrieval methods, and model optimization, challenges persist 
in integrating these technolgoies effectively on e-commerce platforms. This research aims to build a 
more efficient and accurate image-text retrieval system for e-commerce platforms based on existing 
research achievements. 

3. Data and Model Introduction 

3.1. Data Introduction 

This research utilizes a large-scale image-text dataset from the Kaggle platform, containing 
approximately 413,000 images and their corresponding text descriptions. The data is sourced from 
Google’s Conceptual Captions dataset, which is a high-quality dataset specifically designed for 
vision-language pre-training. 

The dataset has the following characteristics: First, the image data covers a wide range, including 
various items, scenes, and people from daily life, alighning closely with the diverse product offerings 
on e-commerce platforms. Second, each image is paired with corresponding text descriptions that 
have been manually screened and cleaned, ensuring data quality. Third, the images in the dataset 
have moderate resolution, with most images sized between 224×224 pixels and 512×512 pixels, which 
is conducive to model training and practical application. 

During the data preprocessing phase, we standardized the images through size adjustment and 
color space normalization. For text data, we conducted preprocessing steps such as tokenization and 
stop word removal to improve model training efficiency. 

3.2. Model Architecture 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 2 May 2025 doi:10.20944/preprints202505.0042.v1

https://doi.org/10.20944/preprints202505.0042.v1


 3 of 7 

 

This research employs three advanced pre-trained models as the system’s core components: 
BLIP, CLIP, and CLIP Interrogator. This multi-model fusion approach effectively utilizes the 
advantages of each model to improve the system’s overall performance. 

BLIP is a powerful vision-language pre-trained model that adopts an innovative bootstrapping 
language-image pre-training method. The model uses ViT (Vision Transformer) as its image encoder, 
which better captures long-range dependencies in images through its Transformer-based 
architecture. For text processing, BLIP uses BERT as its text encoder, understanding text semantic 
information through multi-layer bidirectional Transformers. The model maps image and text features 
into the same semantic space through contrastive learning, achieving cross-modal feature alignment. 

CLIP is a milestone multi-modal pre-trained model developed by OpenAI. Trained on 400 
million image-text pairs, it demonstrates powerful zero-shot learning capabilities. CLIP adopts a 
dual-encoder architecture, processing image and text inputs separately, and trains the model to 
understand semantic connections between images and text through contrastive learning. In our 
system, CLIP primarily extracts high-level semantic features from images and text, providing a 
foundation for subsequent similarity calculations. 

As shown in Figure 1, the CLIP Interrogator combines both BLIP and CLIP models to generate 
comprehensive image descriptions by extracting captions and related keywords from the input 
image, which are then merged into a final detailed prompt. 

 

Figure 1. CLIP Interrogator Architecture and Workflow. 

CLIP Interrogator is an important extension based on the CLIP model, specifically designed for 
generating detailed image descriptions. This model can extract rich visual features from images, 
including information about objects, scenes, and styles across multiple dimensions. In our system, 
CLIP Interrogator serves as a bridge, converting visual features from images into text descriptions, 
thus providing additional semantic information for image-text matching. 

For an input image I and text query T, the feature extraction process can be represented as: 
𝐹஻

ூ = BLIPimg(𝐼) ∈ 𝑅ௗಳ  
𝐹஻

் = BLIPtxt(𝑇) ∈ 𝑅ௗಳ 
𝐹஼

ூ = CLIPimg(𝐼) ∈ 𝑅ௗ಴  
𝐹஼

் = CLIPtxt(𝑇) ∈ 𝑅ௗ಴  
where 𝐹஻

ூ , 𝐹஻
் are BLIP image and text features, and 𝐹஼

ூ,𝐹஼
்are CLIP features, respectively. 𝑑஻  and 

𝑑஼  represent their respective feature dimensions. 
The CLIP Interrogator generates text description D from image I: 

𝐷 = Interrogator(𝐼) = {𝑤ଵ, 𝑤ଶ, … , 𝑤௡} 
where wi represents words in the generated description. 
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The fusion of features from different models is achieved through: 
𝐹fused

ூ = α𝐹஻
ூ ⊕ β𝐹஼

ூ ⊕ γ𝐹Int
ூ  

𝐹fused
் = α𝐹஻

் ⊕ β𝐹஼
் 

where ⊕ denotes feature concatenation, and α,β,γ are learnable weights that satisfy: 
α +  β +  γ =  1,  α, β, γ ≥ 0 

The final similarity score between image and text is computed using: 

sim(𝐼, 𝑇) =
𝐹fused

ூ ⋅ 𝐹fused
்

|𝐹fused
ூ | ⋅ |𝐹fused

் |
 

During training, we optimize using a contrastive loss function: 

ℒ = − log  
exp(sim(𝐼, 𝑇)/τ)

∑  ே
௝ୀଵ exp൫sim൫𝐼, 𝑇௝൯/τ൯

 

wher, τ is the temperature parameter , N is the batch size, 𝑇௝ represents other text samples in the 
batch. 

The collaborative workflow of these three models operates as follows: First, when a user submits 
a text query, the system uses both BLIP and CLIP to extract semantic features from the text. In parallel, 
for product images in the database, the system uses CLIP Interrogator to generate detailed 
descriptions and combines these with image features extracted by BLIP and CLIP. Finally, the system 
computes similarity scores between the fused feature vectors of the text query and the product 
images, returning the most relevant matches. This multi-model fusion approach effectively 
capitalizes on the complementary strengths of each model, resulting in more precise and robust 
retrieval outcomes. 

Consider briefly disucss key hyperparameters and how they are chosen or tuned. 

4. Model Results Analysis 

To validate the effectiveness of our proposed multi-modal retrieval system, we analyzed two 
representative test cases. As shown in Figure 2 and Figure 3, the system demonstrates strong 
capabilities in image understanding and description generation across different scenarios. 

 

Figure 2. Text Generation Example in Donut Shop Scene. 
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Figure 3. Detailed Art Description Generation Example. 

Figure 2 showcases the system’s ability to comprehend everyday commercial scenarios. Given 
the original input describing a scene at a donut shop, the system-generated description accurately 
captures key elements of the scene, including “a man standing in front of a counter,” “digital 
rendering,” and “donut.” This demonstrates our system’s effectiveness in understanding visual 
elements and spatial relationships in commercial settings. 

Figure 3 illustrates the system’s performance in handling artistic works. For this wooden rose 
carving, the system not only identifies basic physical attributes (“wooden object on a table”) but also 
understands artistic characteristics (“woodcut,” “op art”) and visual effects (“swirling around”). This 
indicates that our system is capable of processing complex visual content and can extract and describe 
multiple dimensional features of objects. 

These test cases reveal several advantages of our proposed multi-modal retrieval system: 
Strong Scene Adaptability: The system generates accurate descriptions for both everyday 

commercial scenes and artistic works; 
Comprehensive Description: The system captures multiple key elements within scenes, 

including objects, spatial relationships, and detailed visual features -ensuring that no critical 
information is overlooked; 

Deep Semantic Understanding: The generated descriptions go beyond surface features to 
include functional attributes and artistic characteristics, that providing a richer understanding of the 
visual content. 

These results suggest that our system has significant potential for practical applications in e-
commerce. By providing accurate image-text matching services, the system can enhance user search 
experiences, reduce reliance on manual tagging, and improve overall conversion rates. The system’s 
ability to generate detailed and context-aware descriptions demonstrates its effectiveness in bridging 
the gap between visual content and textual queries, making it particularly valuable for online 
shopping scenarios where precise product matching is essential. 

5. Conclusions 

In this paper, we have presented a multi-modal retrieval system for e-commerce platforms that 
leverages advanced pre-trained models. Through the innovative integration of BLIP, CLIP, and CLIP 
Interrogator, our research has successfully developed a comprehensive solution that effectively 
bridges the gap between textual queries and visual content in online shopping scenarios This system 
helps users to retrieve matching accuracy during the shopping process, improve the shopping 
experience, and reduce search abandonment, retention, etc. 
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Our research makes several significant contributions to the field of multi-modal retrieval. We 
have proposed a novel multi-model fusion approach that effectively combines the strengths of three 
state-of-the-art pre-trained models, leveraging BLIP’s powerful vision-language understanding, 
CLIP’s zero-shot learning capabilities, and CLIP Interrogator’s detailed description generation 
abilities. The feature fusion mechanism we developed achieves more comprehensive and accurate 
representations of both images and text, enabling better cross-modal understanding and matching 
through the weighted combination of features from different models. 

The experimental results have validated the effectiveness of our approach, demonstrating that 
the system can successfully generate accurate and detailed descriptions of product images, 
understand complex visual features, and provide reliable image-text matching for e-commerce 
applications. Our system shows strong adaptability across diverse e-commerce scenarios, from 
everyday products to artistic items, generating detailed, context-aware descriptions that facilitate 
accurate product matching. 

Looking forward, several promising directions for future research emerge from this work. While 
our current system demonstrates strong performance, there is potential for further efficiency 
optimization to reduce computational complexity while maintaining performance, making the 
system more suitable for large-scale deployment. Future work will explore techniques such as model 
pruning and knowledge distillation to streamline computational demands, as well as targeted fine-
tuning using domain-specific datasets for categories like fashion and electronics. Additionally, 
improving real-time performance also remains an important consideration for enhancing user 
experience in real-world applications. 

Our research contributes significantly to the advancement of multi-modal retrieval systems in 
e-commerce, providing a practical solution for improving online shopping experiences through 
better image-text understanding and matching. By integrating our system with personalized 
recommendation engines and emerging AR/VR technologies, the potential exists to further transform 
the online shopping experience through immersive and tailored interactions. The proposed system 
not only addresses current challenges in e-commerce image retrieval but also lays a solid foundation 
for future developments in intelligent e-commerce platforms. As online shopping continues to 
evolve, the importance of accurate and efficient multi-modal retrieval systems will only grow, 
making our contributions particularly relevant for the future of e-commerce. 
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