XI’AN JIAOTONG UNIVERSITY

FFX4AF StructVPR: Distill Structural Knowledge by Weighting Samples for Visual Place Recognition

., PP
ml st , Yanqging Shen, Sanping Zhou, Jingwen Fu, Ruotong Wang, Shitao Chen, Nanning Zhengt ‘
TR e V 4 | =7 A National Key Laboratory of Human-Machine Hybrid Augmented Intelligence, National Engineering Research Center for Visual Information and Applications,
bl eligence /g - o - - - .
o Institute of Artificial Intelligence and Robotics, Xi'an Jiaotong University
Introduction Methodology Results
BaCkg round 1-(D Structural Knowledge Extraction 1-® Group Partition for Sample Pairs Comparison with SOTA
-y 4 D — L
- " _ - - - - - | A RN_
» Visual place recognition (VPR): a large-scale image retrieval problem. o e — Trainget| r | e ) P VISLS challonas R T
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% _— Y ) S /0 — m® | Y patch-NetVLAD-p[20] | CVPR'21 || 700 804 838 || 38.1 512 553 | 248 394 480 | 837 918  94.0
o] o . e A itniats Sttt el et ettt TransVPR [51] CVPR'22 || 708 851 896 | 480 671 736 | 313 536 648 | 738 881 919
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» Segmentation images have rich structural knowledge, which is essential for VPR. » SLME including three steps: formatting, Y y Ablation study of distillation
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» The left one shows the scene with illumination variation, and segmentation images _ _ _ _ ol | | eomsc | distillation | ratio | R@1 R@5 R@I0 | R@l R@5 R@10
are more recognizable; The right one shows the scene with changing perspectives, » Too fine-grained segmentation will | ] e | Nowe | 0% | 758 853 873 | 550 719 764
and RGB |mages are more recognlzable Interfere with VPR like noises. deer-ad IE prtc S e N o W
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» Not all samples contain high-quality and helpful (a) Global methods (b) Two-stage methods Ours | 69.55% | 83.0 910 926 | 61.7 793 833

teacher knowledge for the student, and even
some will hurt the student’s performance.

Visualizations of VPR results

Contributions > we let the two pre-trained branches participate in = Ugple < Neoy > N, Quesy  RERSERR LansyRA
We propose StructVPR, distilling the high-quality knowledge from the SEG modality seeking a more accurate partition. = Uaplle <y < N 2z
to the RGB modality and avoiding the computation and inference of segmentation _ o Ds = 1(g.p)ly <@ < Nej, 23
during testing. Weighted Knowledge Distillation Dy = {(g,p)lz > Ni}, ae
> Segmentation images are pre-encoded into weighted one-hot label maps to extract » \We define a function to refine the weights on samples from two perspectives. One E
structural information for VPR. is the knowledge levels of the teacher on each sample; the higher the knowledge 5
» StructVPR forges a connection between sample partition and weighted knowledge level, the greater the weight. Another Is the knowledge gap between the teacher o
distillation for each sample. and the student; the greater the gap, the greater the weight. E:;

» Low computational time and memory requirements for real-world applications > We adopt feature-based distillation loss in second-stage training.
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