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Outline

» Background
- What is Visual Place Recognition(VPR)?
- Advancements in VPR
- Challenges in VPR

 Paper
- BoQ: A Place is Worth a Bag of Learnable Queries (CVPR 2024)
- Revisit Anything: Visual Place Recognition via Image Segment Retrieval (ECCV 2024)
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Background

« What is Visual Place Recognition (VPR)?

- Image-based place recognition

- 0%l query image2} database Ll 2| reference images & O & SH0] SHXY 2| X|
- Map2} S & map2| images (database) & &1 ULCt= MA7tEHQ
- GPSQEEIIHE
_ Erel Szt AR Database (@

(Reference images)
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- Autonomous driving
- SLAM

Query image

A B
O\

SOGANG UNIVERSITY

=2 XX
= T O



Background

« What is Visual Place Recognition (VPR)?
+ Ll &2 databaseS 7|22 = XN E|ot7| W20 H 22| =X 7F EXY
- ImageOilM 52t BEE &, 22510 descriptorE 49
- Embedding spaceOf| A 242 &A0| O|0|X|= 7t A, M A0 O|0|X|= HA ot&
- VPR model

- Feature extraction
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1) Jégou, Hervé, et al. "Aggregating local descriptors into a compact image representation.” 2010 IEEE computer society conference on computer vision and pattern recognition. IEEE, 2010.

Background

« Advancements in VPR

Feature extraction
=12{H 0| ™ Q| VPR: handcrafted feature-based method n e e
- Bag of Visual Words mmmstermg)

e

s+ Local descriptor=2| =9 Yl =0 2} recognition

v Query imageOi| A visual words= extraction
v Local descriptor £ countStO| histogram2 £ H ¥

v Histogram2| similarity= 0|25} 0] recognition

New query image

-VLAD (Vector of Locally Aggregated Descriptors) 1) < Bovwgfl;?s:(fgramr:h‘jg;ﬁ;s >
;' Local descriptor2} centroid (5 ¥ 2)2| A0|2] &t = 22 = vector}f
vBoVW2} & 25t codebooks 2HE 1! matching
vZ} local descriptor2} codebook?F2| residual= Al At
v Al £H=l X}O| & aggregation StO] StLES| S¢S =l vectorE H P

p
:| SIFT ;

i | RootSIFT < e Il B T _> _‘,j_‘,
IO g Cle P ene g H
Image : Feature : Vector : Aggregation and : VLAD
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1) Arandjelovic, Relja, et al. "NetVLAD: CNN architecture for weakly supervised place recognition.” Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.
2) Lee, Chen-Yu, Patrick W. Gallagher, and Zhuowen Tu. "Generalizing pooling functions in convolutional neural networks: Mixed, gated, and tree." Artificial intelligence and statistics. PMLR, 2016.

Background

« Advancements in VPR
El2{d O0|=2| VPR: deep learning-based method
- NetVLADY
' VLADE end-to-end E2{d 7|Ele 2 =7

v Z} local descriptor2} codebookZt2] residualS St&

Image _ Convolutional Neural Network | NetVLAD layer ________
v "y . | (KxD)x1
|1 soft-assignment _____ ' vLAD
! conv (w,b) s i 2 I vector
! I 1x1xXDxK | | soft-max |} normalizationl,
e e N — !
! i t .
1

X

1 X l Vv intra- '
| TWxHxD map interpreted as | VLAD core (c) H normalization :
i I NxD local descriptors x .
1

-GeM (Generalized Mean) Pooling 2
s+ Local descriptor?| &7/8 HEE & Hlg

vGlobal average pooling2} max pooling2| eS| SHE

p=1 p=0Q0

i Ay

p : learnable parameter
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BaCkground A positive

« Advancements in VPR s
+ Standard VPR pipeline /| negative

b2

topl

wybram

top2

similarity

ne

,,,, positive

top3

[ ] 0
[ ] [ ]
anchor N * /N ® 7
negative
Global descriptor Top-k images
““““ 1 m—=======)] ~T-o--====
Aggregation 1 ! 1 | Reranking
| _gg_ g_ o | Loss [ | (optional) [
« DINOvV2 « BoQ *  Multi-similarity » Superglue
* ResNet « SALAD * Triplet * RANSAC
+ ConvNeXt «  MixVPR * Quadruplet * .
*  MobileNet *  NetVLAD * Contrastive

° s . GeM . .

«  Fine-tunning
»  Parameter efficient
fine-tunning
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Background

 Challenges in VPR

- Memory efficiency

pair

- Large-scale data handling
- Real-time processing

pair

- Robustness

- Environmental variations
o GMRE AR S 28N a0
- Viewpoint variations
co ZHH[EF 4= )
- Noise and occlusion
AR B I
- Perceptual aliasing
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1) Ali-bey, Amar, Brahim Chaib-draa, and Philippe Giguere. "BoQ: A Place is Worth a Bag of Learnable Queries.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.
L

Ali-bey, Amar, et al. "BoQ: A Place is Worth a Bag of Learnable Queries." Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2024.
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« Motivation
- 7| aggregation HH 20| SHA

- 7| & 9 E 2 local feature £ aggregation 5107 global descriptorS A4
s+ Ol I 0| A local descriptor== 245 2 £ aggregation StX| Z5t= d27F =X
s Ee, He 2 U6l re-ranking2 B2 S SO A7t 22| E BEo| AR

- 2 =M Ql aggregation= & 2t global descriptor ‘Hd 7|=2| €8
- BoQ(Bag of Queries) aggregation 2 & & ¢!

.= Global query & A S0 local feature== cross-attention 2 2 Ef MBI aggregation

- CNN, ViT backbone0| 25 E%t AR 7ts
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» Methodology

- Feature extraction
- Backbone Ol A{ O 2{ layerOil M 2| CtSt high-level feature & =&
. YHEM O 2 packbone 2| =B layer= low-level, 8 layer= high-level& =&
v O|2ot A EX HE E 28510 O S50t Lot descriptorg ‘4 /g
= CNN-based backbone
v Z} layerO| Al &2 featureZ 3x3 convolution=2 S0l At 2 &2

'+ ViT-based backbone
v 2 layerO| A &2 patch TF?{2| featureE linear projections &K A&

xL
i1 )
Backbone |—--- = Encoder x
B Conv or proj.
Output
BoQ Block _ | — |
.......................... v I v | 8
OO0 s 3 L ] :
oY X ] , u;; 2 § | Linear I
Learned & ol
Bagof Queries  —— == Il [.......... ,{ Concatenate |
(D75 == 00)
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« Methodology
- Aggregation (BoQ block)

- Learnable global queries

oy

-+ 25 query+= input featureO| A| EH H £ E EFHAHS| 1D aggregation St= = o
- Self-attention
= QueryZto| BHAE &&5t1, input feature2t A2 10| queryE refine

- Cross-attention

oo

- Refine =l global queriese input feature2t cross-attentions Sl HEE &
- Output= CHE BoQ block2| outputt SH=2 H X global descriptors 4 A

xL

xi-1 xi
Backbone — .. Encoder |——7—-—+—-"n

. — Conv or proj.
pUPEEEE CRbEE S N l—- Output

\

s ] | Ly—norm |
= [q11~q§:7qf'\[] OO /, K
OC00: [

7 | Linear I
\
Learned i N ot
Bag of Queries | Sabi .I Concatenate |

Self-Attn
=
Cross-Attn
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1) Ali-bey, Amar, Brahim Chaib-draa, and Philippe Giguere. "Gsv-cities: Toward appropriate supervised visual place recognition.” Neurocomputing 513.2022.
2) Wang, Xun, et al. "Multi-similarity loss with general pair weighting for deep metric learning." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2019.
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» Experiments

Datasets S

- Training set: Google Street View (GSV-cities)?

- Test set:
Variations
Dataset name #quer. #ref. Viewpoint Season Day/Night
MSLS [50] 740 18.9k X X X X
Pitts250k [44] 8.2k 84k X X X
Pitts30k [44] 6.8k 10k X X X
AmsterTime [51] 1231 1231 X X X X X X
Eynsham [16] 24k 24k X ’ J _ ¥
Nordland* [53] 2760  27.6k % X X ) oLl
Nordland** [42] 27.6k  27.6k X X X E |“E|:|
St-Lucia [34] 1464 1549
SVOX [10] 143k 17.2k X X X X XX X » = “'_"“"—
SPED [53] 607 607 X X X X g :

< AmsterTime dataset Of|A| >

13
LOSS ® ar.u:hor - c§_

-
-~ positive

- - - - B similarity
- Multi-similarity 10ss?2) £y - . Z{flog 14 Y o el °
q=1 peEPy ° Py ® (,E.
+—10g [1 + Z eﬁ(sqﬂ_)‘)] }’ [ ] e ® negative =
’6 neN, similarity
! mining weighting
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» Experiments

A

. Pitts250k-test MSLS-val SPED Nordland*
Method Dim.
R@l R@5 R@10 R@l R@5 R@10 R@l R@5 R@10 R@l R@5 R@10
AVG [6] 2048 78.3 89.8 92.6 73.5 839 85.8 58.8 77.3 82.7 15.3 274 339
GeM [39] 2048 82.9 92.1 94.3 76.5 85.7 88.2 64.6 79.4 &83.5 20.8 33.3 40.0
NetVLAD [6] 32768 90.5 96.2 974 82.6 89.6 92.0 78.7 88.3 914 32.6 47.1 53.3
SPE-NetVLAD [52] 163840 89.2 953 97.0 78.2 86.8 88.8 73.1 83.5 88.7 25.5 40.1 46.1
Gated NetVLAD [55] 32768 89.7 95.9 97.1 82.0 889 91.4 75.6 87.1 90.8 34.4 504 57.7
Conv-AP [3] 4096 924 974 98.4 83.4 90.5 92.3 80.1 90.3 93.6 38.2 54.8 61.2
CosPlace [11] 2048 92.3 974 984 87.4 93.8 949 75.3 85.9 88.6 544 69.8 75.9
MixVPR [4] 4096 94.2 98.2 989 88.0 92.7 94.6 85.2 92.1 94.6 58.4 74.6 80.0
EigenPlaces [12] 2048 94.1 97.9 98.7 89.2 93.6 95.0 824 914 94.7 54.2 68.0 73.9
BoQ (Ours) 4096 95.0 984 99.1 91.1 94.8 95.7 85.4 93.1 954 69.5 83.4 87.0
BoQ (Ours) 16384 95.0 98.3 99.0 914 945 96.1 86.2 944 96.1 74.4 86.1 89.8
Multi-view datasets Frontal-view datasets
Method Backbone AmsterTime Eynsham Pitts30k Nordland** St Lucia S\./OX SVOX SVC.)X SVOX  SVOX
Night Overcast Rain  Snow  Sun
NetVLAD [6] VGG-16 16.3 7.7 85.0 13.1 6G4.6 8.0 66.4 51.5 54.4 35.4
SFRS [20] VGG-16 29.7 72.3 89.1 16.0 75.9 28.6 81.1 69.7 76.0 54.8
CosPlace [11] VGG-16 38.7 88.3 88.4 58.5 95.3 44.8 88.5 85.2 89.0 67.3
EigenPlaces [12]  VGG-16 38.0 89.4 89.7 54.5 95.4 42.3 89.4 83.5 89.2 69.7
Conv-AP [3] ResNet-50 33.9 87.5 90.5 62.9 99.7 43.4 91.9 82.8 91.0 80.4
CosPlace [11] ResNet-50 47.7 90.0 90.9 71.9 99.6 50.7 92.2 87.0 92.0 78.5
MixVPR [4] ResNet-50 40.2 89.4 91.5 76.2 99.6 64.4 96.2 91.5  96.8 84.8
EigenPlaces [12] ResNet-50 48.9 90.7 92.5 71.2 99.6 58.9 93.1 90.0 93.1 86.4
BoQ (Ours) ResNet-50 53.0 91.5 92.4 85.5 99.9 85.2 98.3 964 984 96.5
LA e k-
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« Experiments

. Learnable queries®| £d A|Z3}

- 64705 471 2| queries A| 2=}
- 2t querys T2 @{0] T3

- EM I EHO|L} local HE =X

queryl

query2

query3

query4
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« Conclusion

7| £9| aggregation 2 'H E L} 2= 0|10 Z 713t global descriptorE

=2 AHAM
= OO

- Learnable queries2t cross-attention2 £ S 2ot HEE 5™ 2 £ aggregation

CHFoH VPR datasetO| M =2 52 22
- ES| AN oot Al HEIF ZH2 challenge®t SHE O M = 28t
- CNN 2 ViT backbone 2 50| 8 & 7}55tH 5ot ds= 2
- CHRFSH ZHA 0| M global representation S I8l At 7ts
- VPR 2|2| CtZ vision taskO| = M & 7tsd= 7%
 Future works

. Jgg; SlxHs10f O 2 dataset%ﬁ@ 28 2|0 HAZE
H

-
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1) Garg, Kartik, et al. "Revisit Anything: Visual Place Recognition via Image Segment Retrieval." European Conference on Computer Vision. Springer, Cham, 2024.

Garg, Kartik, et al. "Revisit Anything: Visual Place Recognition via Image Segment Retrieval."”
European Conference on Computer Vision (ECCV), 2024,
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1) Lu, Feng, et al. "Towards seamless adaptation of pre-trained models for visual place recognition.” The Twelfth International Conference on Learning Representations (2024).

Revisit Anything
« Motivation
- 7| Z VPR YR ES| 22X H
- 71& VPR ™A imageE global descriptorZ H%=t5}0] matching
'+ O] = view-pointZ} Hote I 55| Ffgf
: Non-overlapping 7t € 0| matching ‘40 28Xl IoF= 7
-7 I—’E VPRO| A Local descriptor@| AF-& Al

'+ local descriptor& aggregationSt O] global descriptorg TFE= &

_L

|7CI

(]

-+ Re-ranking &

Non-overlapping area

Retrieving top-k candidates

‘ Re-ranking

FH

Adapted
ViT Backbone) Tokens

A query & some I ReLU
reference images Local
I up-conv 3x3  Adaptation Local matching for re-ranking
Module
Non-overlapping area
. . = ol 10
< View-point X}0|7} & data O A| > < 7IE VPR model 2 SelaVPRYZ| 1A >

ﬂ B THED
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Revisit Anything
» Methodology

- Problem formulation
- 7|& VPR Y =2 global descriptorE AFE50 imageE TN HS 2 B
-+ [EFA view-point 2| H2t2 QI8 EX|= F=0| & 42, matching ‘45 0| X5}
- 0| & 8| Z35}7| 2I8ll imageS segment descriptorl] Heto 2 H o
(@)

= Segment level 2| representation= £ 2X 0l HEE 2 HH

Segment mask

M € {0,1}5*N

VLAD
Features vocabulary  Residuals

SuperSegments
Descriptors Query Correct Match

A s fr € RY VDS
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Revisit Anything Ry T
° MethOdOIOgy ¥ o ¥ ‘jﬁr,’i”f:” 5 *._',\ \

< Zt H(ZHOYIM Delaunay Triangulation©O| & F2(FE) HEEX| %2 B2 (R) >
- SuperSegment °

1

AN

- Che=ot segmentE E O] Zf segment2t 1 F=H O| XA E Zotst= S E

- Delaunay Triangulations & M|1HEQ| O| % #A & 48
X

v 2t segmentl| FASHE SHE2ZE X[H

Ot

RS- PXPS
Z

v Q178 HEHOf| A Neighborhood expansionEE Z} segmentOf| A| SuperSegment= ‘& ‘g

o
! o= order

(o]
Segment mask ol ™ & Msxn = (ASXS Msyn)

—

SR
M € {0,1}9*N A e {0,1}5%5

C Database >

VLAD
Features  vocabulary  Residuals SuperSegments

D Descriptors Query Correct Match
R B TUED JpeR
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Revisit Anything
» Methodology

= SuperSegment

- Neighborhood expansion

. ,.:l .
o .'f'fmllqu '

;= View-point 'H2+2} occlusionOf Z 212t

| 4% udha N | VDS |
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Revisit Anything

« Methodology

A

- SuperSegment Descriptors

- Segments, Neighborhood segments, image 2 F0| 27153

SuperSegment masks  Aggregated features (VLAD)

SuperSegment descriptors FSXD ) MSXN . TNXD
- Segment mask2| 7 ==0f| 2} Cpfot il AFE 7t

vEX)N=19 A2, image MA|

SuperSegment masks

MS)(N = ]l(A%xS : MSXN)

Segment mask

VLAD

Features  vocabulary  Residuals SuperSegments
Descriptors

D
fp €R TNxD Fsyup =Mgsun -TnxD

2 §
4 o CH &Tl Pixel feature
SOGANG UNIVERSITY

Pixel descriptor 22

St descriptor A| Ot
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™

Correct Match



Revisit Anything
» Methodology

Image Retrieval via Segments
- Query image2| Zt SuperSegment descriptors O|-£ 5l databasel| &= SuperSegment2} H|
= J2 SuperSegment descriptor/t &2t image== AM 510 7HE 3 AL image &

O|W, O & | = descriptors 2| weights@| gf= 7| =2 2 EHCh A
r; = argmax 6(r;)
s &

O0rj) =D Our- L=y

s=1 k=1

Segment mask

M € {0,1}5*N

FALE &2] K7l descriptor

VLAD
Features vocabulary

Residuals SuperSegments

D Descriptors Query Correct Match
fr €R TNxD Fsyp =Mgsun -TnxpD VDS
N S8 TH &"l Pixel feature Pixel descriptor
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Revisit Anything
» Experiments

Outdoor dataset

Method Pitts- MSLS MSLS SF-XL RO35k RO5k RP6k RPok
J0K SF CPH Val Med Hard Med Hard
CosPlace 90.4/95.7 93.4/97.5 §4.9/92.0 94.6/97.6 85.7/87.1 27.1/45.7 94.3/957 7T.1/15.7
MixVPR 01.5/95.5 91.3/95.9 87.1/92.4 §7.8/93.8 68.6/80.0 32.9/543 943/100 10.0/32.9
EigenPlaces 92.6/96.7 92.6/97.1 87.1/92.8 96.4/98.2 B85.7/885.6 42.8/57.1 957/98.6 43/114
AnyLoc 87.7/94.7 83.4/94.6 T79.9/89.1 844919 B8B.6/M29 40.0/58.6 97.1/100 11.4/44.3
SALAD 92.6/96.5 91.7/97.1 92.3/96.1 93.6/97.3 829M0.0 37.1/54.3 95.7/98.6 14.3/58.6

SegVLAD-PreT 86.7/94.2 B88.4/94.2 81.7/90.7 90.9/96.4 91.4/95.7 60.0/81.4 943/100 B8.6/48.6
SegVLAD-FineT 93.2/96.8 94.6/97.1 90.9/95.7 94.9/95.1 §7.1/95.7 514/70.0 957/100 10.0/48.6

DINOvV2 + NetVLAD 2

Out-of-distribution dataset backbone finetunning
- Fine-tunning Al £7% domainO| overfitting & =+ JUS
indoor historical  Indoor-to-outdoor indoor aerial
Method Baidu AmsterTime InsideOut 17Places VPAir
CosPlace 41.6/55.0 47.7/69.8 0.2/2.0 81.3/88.2 4.6/13.7
MixVPR 64.4/80.3 40.2/59.1 0.0/1.8 85.2/90.1 6.8/16.1
EigenPlaces 56.5/72.8 48.9/69.5 04/1.4  83.0/90.1 6.5/17.9
AnyLoc 75.2/87.6  50.3/73.0 24/8.0  95.3/973 66.7/79.2
SALAD T4.8/86.5 55.4/75.6 0.6/1.8 B2.5/88.2 25.8/38.7

SegVLAD-PreT 78.5/93.8 56.8/77.7 4.2/94 95.3/98.0 69.8/83.7
SegVLAD-FineT 68.1/89.0 58.9/79.3 7.4/15.6 95.1/97.5 354/55.3

SOGANG UNIVERSITY 24 LAB




1) Keetha, Nikhil, et al. "Anyloc: Towards universal visual place recognition." IEEE Robotics and Automation Letters (2023).

Revisit Anything
» Experiments
. T 9E 0l B Z 2O objectol] ZES0] Q1Zte| A|Z4Tt B <8tA| B7HE 0 w2t mpo}

Query image SegVLAD (ours)

P szusa U | VDS I
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Revisit Anything
 Conclusion
- Image segment 7|22 = MZ2 VRP 2l SegVLAD X ¢t
- £ instanceE QA SH= object retrieval 1 3 Al
7| &2 global descriptor 7|2t 2| model= 2 Lt view-point #H }0f|
7|= Ao ApEE A 7| & Ao o Ch ey et
* Future works
. Segment 7| 20| descriptorE 4 4SHA A
. CLIPIF 22 LLM 2 &9l text?| Bt 22O 8 A & 7t5
* Limitations

- B2 databaseE 2o 0| EHE

ﬂ 41 TH8E D
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