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Patch-wise Retrieval: A Bag of Practical Techniques for Instance-Level Image Matching

(a) Continous LocScore

Contributions LocScore: Localization-aware Metrics Patchify: Localized Retrieval Baseline 
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(b) Discrete LocScore
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• (a) Measures retrieval quality with spatial awareness.

• (b) further enables user-controllability with the notion of “good localization”.

𝐼𝑛: # 𝑜𝑓 𝐺𝑇 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 𝑓𝑜𝑟 𝑞𝑢𝑒𝑟𝑦 𝑛

𝑟𝑛,𝑖: 𝑅𝑎𝑛𝑘 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 𝐺𝑇 𝑖𝑚𝑎𝑔𝑒𝑠

ℎ𝑛,𝑖: # 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 𝑤𝑖𝑡ℎ𝑖𝑛 𝑡𝑜𝑝 − 𝑟𝑛,𝑖

• A comprehensive study on the effectiveness of localized 

retrieval for instance-level matching

• LocScore enables evaluation beyond AP by measuring spatial 

alignment.

• Structured patch-based retrieval provides a strong baseline for 

studying localized retrieval.

• Experiments uncover practical design factors such as region 

granularity, window size, and feature budget.

• Strong performance can be achieved with only a handful of 

structured patch features under realistic memory constraints.

A Bag of Practical Findings

Spatial Granularity Alone Is Not Enough Competitive Localized Retrieval with a Handful of Features
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High AP Does Not Guarantee Correct Localization Local Features Help for Small and Off-Center Objects

• Global representations blur localized evidence, failing to capture small or off-center 

objects accurately, and more distracted.

• Patch-based(local patch matching) retrieval preserves spatial cues, enabling more 

robust localization and consistent performance.

• Both examples achieve perfect ranking performance.

• However, their predicted regions show very different spatial 

overlap with the target.

• AP measures which images are retrieved, while LocScore 

further evaluates how well they are spatially aligned.

• Retrieval performance increases with finer region granularity.

• However, gains diminish with overly dense sampling.

• Sliding window results suggest that increasing spatial coverage 

alone is insufficient.

• Region proposal results further indicate that both window size 

and region granularity are critical for optimal performance.

• Patchify provides strong first-stage retrieval performance.

• It integrates effectively with reranking pipelines using only a handful of features.

• With Product Quantization, memory usage remains comparable to global search and 

significantly lower than dense local reranking methods.

• Patchify strikes a practical balance between accuracy, scalability, and efficiency.

• Patchify provides a strong and practical starting baseline for localized retrieval !

• Structured multi-scale patch representation (L0–L3).

• Patch-level matching with max-similarity scoring for image ranking.

Directly applicable 

to strong pretrained 

backbones without 

fine tuning !
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Effect of IoU Threshold on Discrete LocScore

     

     

                               

                  

                                    

                                    

                    

     

        

              

        

              


	Slide 1

