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Background
Scene text retrieval: given a text query and an image gallery, the aim is to search for 
images that writes the query from the gallery.  Applications: visual document 
retrieval/key frame extraction.

Major contributions of this work:
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Contribution1: box-free scene text retrieval that

 eliminates the heavy cost of spatial annotations.

Contribution2: multi-query scene text retrieval that

unifies queries of four styles.



Motivation
A possible solution to the questions before is vision-language models. We unveil the 
challenges of direct application of VLM on this task.
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Observation1: Traditional CLIP-style models 
performs pool on the CoCo-Text dataset which 
features dense and small text instances.

Observation2: VLMs can transfer their vision 
attention to the smaller text after the larger 
text is masked.

Tab1. Performance on the CoCo-Text dataset.



Method

• Progressive Vision Embedding：shift the vision attention to the regions less attented to aviod 
the missing of small text instances.
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• Multi-instance matching: explicitly assing the matching relations of vision embeddings (Ev) 
and text embeddings (ET).

The MSTAR model consists of three major components: vision encoder, progressive vision embedding, 
multi-model encoder, multi-instance matching modules.



MQTR dataset

We built a large-scale scene text retrieval datasets called MQTR. It includes 4 styles of 
queries (word, phrase, combined and semantic) and 16k images. This is the first benchmark 
for multi-query scene text retrieval evaluation.
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Statistics of MQTR Samples from MQTR

Tab2. Comparisons of MQTR and prios works.



Experiments: multi-query retrieval

1.Box-based methods struggle with phrase/semantic retrieval tasks that require semantic understanding.

2.Box-free methods underperform in fine-grained perception tasks such as word and combined retrieval.

3.MSTAR demonstrates significant improvements over previous methods on MQTR.

• It outperforms the previous highest performance across all four subsets: word, phrase, combined, and 
semantic retrieval.

• Compared to the baseline BLIP2, it achieves an average performance improvement of 11.99%.

• On the public dataset PSTR, it reaches a MAP of 95.71%.
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Tab 3. Results on the MQTR dataset. FT denotes fine-tuned. Tab 4. Results on the PSTR dataset.



Experiments: word-level retrieval
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Tab 5. Word retrieval 
performance surpasses 
previous fully-supervised 
SOTA retrieval models and 
achieves comparable 
results.

Tab 6. Word retrieval 
performance achieves 
comparable results with 
fully-supervised SOTA text-
spotting models and 



Experiments: ablation studies
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Tab7. Ablation Study — Instruction (Ins), Multi-Query Matching (MQM), Progressive Vision 
Embedding (PVE)

Tab 8. Ablation Study — different 
choice of binary algorithm.

Tab 9. Ablation Study — impact of 
recurrent steps T.



Visualization
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Analysis of retrieval results

Analysis of localization of text regions

Advantages on lingusitc semantics Advantages on fine-grained features
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