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➢ SoftP Feature Interaction. We introduce SoftP, a lightweight module that uses residual 

weighting to amplify discriminative local patches, alongside an InteractHead that models 

cross-image associations to ensure descriptor coherence across varying views.

➢ Dynamic Geo-Visual Graph Mining. We introduce SoftP, a lightweight module that uses 

residual weighting to amplify discriminative local patches, alongside an InteractHead that 

models cross-image associations to ensure descriptor coherence across varying views.

➢ Weighted Greedy Clique Expansion. This weight-guided algorithm seeds batches from high-

affinity anchors and iteratively expands into challenging neighborhoods, focusing the model's 

learning on fine-grained spatial and visual distinctions.

➢ Efficient SOTA Accuracy. By leveraging a fully frozen DINOv2 backbone with parameter-

efficient fine-tuning, SAGE achieves state-of-the-art performance across eight challenging 

VPR benchmarks, maintaining robust retrieval accuracy even with highly compact descriptors.

Contributions:
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Performance & Efficiency Overview

Ultra-Parameter-
Efficient:

Requires only 9.84M 
trainable 

parameters by 
utilizing a frozen 

DINOv2 backbone.
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Static Sampling vs. Dynamic Evolution.
➢ Prior visual place recognition (VPR) methods rely on static, pre-defined sampling strategies 

that fail to adapt as the model's embedding space evolves during training. This "think-once, act-

always" approach feeds stale examples to the model, limiting its full discriminative potential.

Neglect of Fine-Grained Local Cues.
➢ Existing global feature aggregation methods often treat all local spatial descriptors with equal 

weighting. This uniform treatment underemphasizes subtle yet highly discriminative local 

visual cues that are crucial for distinguishing visually similar places.

Fully Frozen Backbone for Extreme Efficiency.
➢ Unlike prior approaches that fine-tune portions of the Transformer encoder (e.g., the last few 

layers) and incur significant training overhead , there is a strong motivation to keep the massive 

visual foundation model's backbone completely frozen. The goal is to achieve state-of-the-art 

accuracy exclusively through ultra-lightweight, parameter-efficient fine-tuning (PEFT) modules.

Motivations:



Overall Framework
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Dataset Diversity

Comprehensive SOTAAdapter-Free Efficiency



SAGE: Spatial-visual Adaptive Graph Exploration for 
Efficient Visual Place Recognition

Component Synergy: 
The combination of SoftP, OGC, and GWS is crucial for maximum performance gains.
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High Discriminability: Effectively pulls features from the same location tightly together, 

seamlessly handling intra-class variations.
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Online vs. Offline: 
Dynamic graph creation 

adds minimal overhead 

but yields substantial 

accuracy improvements.

Faster Convergence: 
Dynamic sampling 

enables superior 

learning efficiency in 

early training epochs.



Thanks !
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