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Abstract

In recent years, the rapid advancement of artificial intelligence technology in both computer vision
and natural language processing (NLP) has facilitated deep integration between these fields, signif-
icantly expanding the technological boundaries and application prospects of intelligent systems.
This cross-domain convergence not only drives technological innovation but also paves new paths
for a myriad of novel research and applications. This paper introduces CLIP-Retrieval, an image
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retrieval method designed specifically for the Cats vs. Dogs dataset and railway-related datasets.
The goal is to address the challenges posed by complex backgrounds and multi-angle photography
in both public and specialized domains. CLIP-Retrieval leverages the image encoder of the CLIP
model as its core architecture, extracting image features and constructing a similarity matrix to com-
pute similarity scores between different images. Based on the sorted results, it displays the most
relevant images. To verify the robustness and stability of CLIP-Retrieval, we conducted comparison
studies and interference resistance experiments. Experimental results show significant perfor-
mance improvements, demonstrating excellent image retrieval effects. Specifically, CLIP-Retrieval
effectively handles complex backgrounds and pose variations across different datasets, providing
accurate and efficient retrieval services.
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Figure 1. CLIP framework
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Figure 2. CLIP-retrieval framework
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Figure 4. Cat and dog partial data display
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Figure 5. Rail partial data display
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Table 1. Algorithm comparison

F= 1. Bt

FF 4% cat dog
Resnet50 85% 84%
Resnet152 87% 86%
VGG 90% 89%
CLIP-Retrieval 94% 92%
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