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1. Background & Motivation
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1. The Visual Foundation Model 
(VFM) has significantly 
enhanced the performance of 
Visual Place Recognition (VPR), 
avoiding training a model from 
scratch on environment-
specific data. 

2. This paper focuses on crucial 
role of probing in effectively 
adapting a VFM for improved 
image representation. 



2. Solution
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Controlling the preservation     of task-specific information  for each image, 
enabling more flexible fine-tuning.

Remove the explicit calculation of semantic 
centroids      for the enhanced generalization.
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3. Results

Achieving State-of-the-Art performance with minimal trainable parameters. EMVP-B successfully finds the closest match in 
challenging scenarios.



4. Comparison with Different Probing Methods
Takeaways

• First-order methods are inferior to 
CFP, due to information loss.

• The second-order MP is inferior to 
CFP, lacking of leveraging the priors 
provided by semantic centroids. 

• Directly removing centroids using 
bilinear pooling leads to a 
performance drop. 

• Increasing the feature dimension of 
NetVLAD can significantly enhance 
the performance. However, it is 
costly when dealing with the storage 
of sizable global descriptors.

• CN makes this reinterpretation 
operation empirically more robust. 
And the improvement brought by CN 
is dependent on its specific 
implementation.



5. Comparison with Different Adapters
Takeaways

• Current VFMs (i.e., DINOv2) lack 
sufficient zero-shot capabilities for 
diverse data in the VPR domain. 
SALAD achieves high performance 
by fully fine-tuning on DINOv2.

• VPR models are typically deployed 
on mobile robots, and full-parameter 
update approach imposes the higher  
demands on communication.

• The sequential DPNR performs 
better. This is primarily because the 
sequential method recalibrates the 
backbone features more thoroughly.

• Compared with SALAD and PSRP, 
DPNR outperforms them by 
achieving the best performance while 
saving 64.3% of trainable parameters 
(0.14M vs 0.05M).
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