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Outline

» Background

- What is Visual Place Recognition?

- Self-supervised foundation models that extract task-agnostic visual features
* Paper

- Towards Seamless Adaptation of Pre-trained Models for Visual Place Recognition
(ICLR 24)

- CricaVPR: Cross-image Correlation-aware Representation Learning for Visual Place
Recognition (CVPR 2024)

- Optimal Transport Aggregation for Visual Place Recognition (CVPR 24)

SOGANG UNIVERSITY 2

A szuta VDS
S

-
>
o



Background

« What is Visual Place Recognition (VPR)?

-ImageE O| 85t Za4& QA5

- Use cases
-Visual (Re-)Localization
-Online SLAM Mapping
- Multi-Robot mapping
- Multi-Session Mapping

- Standard VPR
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Schubert, S., Neubert, P., Garg, S., Milford, M., & Fischer, T. (2023). Visual place recognition: A tutorial. IEEE Robotics & Automation Magazine.

Online SLAM
Mapping

< Overview of Visual Place Recognition use cases? >



1) Schubert, S., Neubert, P., Garg, S., Milford, M., & Fischer, T. (2023). Visual place recognition: A tutorial. IEEE Robotics & Automation Magazine.

Background

» What is Visual Place Recognition (VPR)? Database DB
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1. Feature Extraction

= Image dataOf| Al 32|05t

local feature extraction Image-wise
Descriptor Computation

2. Place Descriptor Generation \ii ‘1/
= Local features= aggregation St0{ global descriptorE ‘&
sim()
3. Matchlng

+ SijES
;= Inference A| query image2| global descriptor S 4 45}0
database 2F 2| global descriptor 2t H|
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< Pipeline of standard VPRY >
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1) Pion, N., Humenberger, M., Csurka, G., Cabon, Y., & Sattler, T. (2020, November). Benchmarking image retrieval for visual localization. In 2020 International Conference on 3D Vision (3DV) (pp. 483-494). IEEE.

Background

« What is Visual Place Recognition (VPR)?

- Image Retrieval and Visual Place Recognition

— Global descriptor, aggregation 2 & Image Retrieval Of| A IH =l 7| = 0| =Y

- S| object O =5, Xl {/X[0f| =
- Dataset, 2t 2H 24|

< Image Retrieval and Visual Place Recognition?) >
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1) Ali-Bey, A., Chaib-Draa, B., & Giguere, P. (2023). Mixvpr: Feature mixing for visual place recognition. In Proceedings of the IEEE/CVF Winter Conference on Applications of Computer Vision (pp. 2998-3007).
2) Zhu, S., Yang, L., Chen, C., Shah, M., Shen, X., & Wang, H. (2023). R2former: Unified retrieval and reranking transformer for place recognition. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 19370-19380).

Background

« What is Visual Place Recognition (VPR)?
- & VPR
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1) Keetha, Nikhil, et al. "Anyloc: Towards universal visual place recognition." IEEE Robotics and Automation Letters (2023).

Background

« Self-supervised foundation models that extract task-agnostic visual features
- CLIP, DINOXt &2 visual foundation model 0| &%

- VPROJ| M = visual foundation model 2 At B S%t

- AnyLocOll Al DINOV2 O] VPRO|MO| At 7IsH 2 BB

o
' DINOV2E S5l Pre-trained 10| Lot 2t 0 M HE 750t E-&EX ¢l solution M| A|

v, .
1'Stage CosPlacecver22 EigenPlacesiccvzs CricaVPRcvrr24
V.
N SFRSEccvz2o MixVPRwacv2s AnyLoOCraL23 SALADcvrr24
i o
| | | |
| | | | >
2021 2022 2023 2024
Patch-NetVLADcver2s DHE-VPRasar24
v
TransVPRcvrr22 R2formercver23 SelaVPRicLr24
< AnyLoc Performance?d > 2-3'[899 StructVPRecvrr23
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Lu, Feng, et al. “Towards Seamless Adaptation of Pre-trained Models for Visual Place
Recognition” The Twelfth International Conference on Learning Representations (ICLR), 2024.
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Introduction

» Background

N

. Foundation model2| S%2 2 generalizationO| & &

| & m
- 0|22t model=2 & M of F <, €2 HA H{EA = FA|

-
. Building
- Tree l Tree

() Input image (b) Result of pre- traine:d miodel o) Riesall P
- Pre-trained & 2 &0t 2 & model Zt2| Zt=0| =X
- StX| 2t fine-tunning 2 AFESIH 7| =0 et E XA S A0HE = U2
« Contribution
- Pre-trained model S VPRO| &-&A|7[7| €| 5t Seamless?t adaptation method

X=EAH

- Global 2 local featureg 211% 2 2 ==5t+= hybrid 2t adaptation method

. Stage 2 0| A{ Z1H™ QI re-ranking 2 9%t loss function =7t
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Methodology

e OQverview

- Global adaptation (Stage 1)
- Global adapted ViT backbone
- GeM (Generalized Mean) pooling
- Retrieving top-k candidates
- Local adaptation (Stage 2)
- Local adaptation module
- Local matching for re-ranking

GeM I I I I N
pooling Global features Retnevmg top-k candidates

Global | Reshape l Re-ranking
Adapted Patch | B ‘ ' ;
VlT Backbone/ Tokens g ~ L ‘ |

A query & some I ReLLU
reference images Local
I up-conv 3x3 Adaptation
Module
< SelaVPRZ2| pipeline >
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Methodology

» Global Adaptation

. Z} transformer blockOfl 57} 2| adapter =7t z} = MHA(LN(z;_1)) + 2
- Serial adapter x; = MLP(LN(z})) + 27,
= MHA layer O| =0f| =75}, skip connection 2 &t -
_ Parallel adapter = Adapter] (MHA(LN(z;—1))) + ;-1
= MLP(LN(z})) + s - Adapter2(LN(zx})) + .

= MLP layer@t B2 HZ scale factor s =7t

& Tuned r@ &P
# Frozen (L (Parallel)
Adapter

(Serial)
Adapter

(a) Transformer Block (b) Serial Adapter (c) Parallel Adapter (d) Global Adaptation
< SelaVPRZ2| global adapter >

- GeM pooling 8-&

R B THSED . l VDS \

SOGANG UNIVERSITY



Methodology

« Local Adaptation
- Stage-1 Of| A top-k 2| feature Of CHSHO 21 2| up-conv= &
F! = LocalAdaptation(fm) = intral.2(up-conv2(ReLU (up-convl(fm))))
. Feature Zt2| cosine similarityS 0| 8310 SAIE &7
Sqc(is ) = Fo(i) - F2(5) 1,5 € {1,2,...,N'} (N’ =61x61)

Query image g2 i 1 I local feature
Candidate image c2| j 1 Jii local feature

o)l

- Mutual Nearest Neighbor Matches
M = {(u,v): u=argmaxs,.(i,v), v = argmax S,.(u, j) }.
i J
- query image2| uH ™ featureSlf candidate image2| viHM feature”|
MZ 0| A nearest neighbor [f, O] &= E% S Of &

- Matching =l feature —|—7f *C

o f
. o S Dense local features STl
e ] —‘ -l I ...... i

Local
Adaptation . -
Module Local matching for re-ranking
< SelaVPR2 stage 2 >
N A g d Rk s
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Methodology

e LOSS
- Global loss (stage 1)

- Triplet loss
L, = E
J

- Local loss (stage 2)

(]

I: hinge loss margin

- Mutual Nearest Neighbor local feature loss

Z(u v)EM S'—?P(u’! U) Z(u

=il +m—||f] -

q: query
p: positive
n: negative

TI.J ||)

Nem: San, (u',v")

L;—;l(— M

- Total loss

L=1L,+ A
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Experiments

» Quantitative Results

1 stage

2 stage

Method Tokyo24/7 MSLS-val MSLS-challenge Pitts30k-test
R@]1 R@5 R@IO|[R@]I R@5 R@I0||R@] R@5 R@I0O|[R@]I R@5 R@I10
NetVLAD 60.6 68.9 746 | 53.1 665 71.1 | 35.1 474 51.7 || 819 91.2 937
SFRS 81.0 883 924 ||69.2 803 83.1 |[41.6 520 563 | 89.4 947 959
CosPlace 81.9 90.2 92.7 || 82.8 89.7 920 |[614 720 76.6 ||88.4 945 957
MixVPR 85.1 91.7 943 || 88.0 927 946 ||[64.0 759 80.6 ||91.5 955 963
SelaVPR(global) 81.9 949 96.5 || 87.7 958 96.6 || 69.6 869 90.1 |[90.2 96.1 97.1
SP-SuperGlue 88.2 90.2 90.2 || 78.1 819 843 |[50.6 569 583 | 87.2 948 964
Patch-NetVLAD-s || 78.1 83.8 87.0 || 77.8 84.3 86.5 [ 48.1 594 623 ||875 945 960
Patch-NetVLAD-p || 86.0 88.6 90.5 || 79.5 86.2 87.7 ||48.1 57.6 60.5 || 8.7 945 959
TransVPR 79.0 822 85.1 || 8.8 91.2 924 | 639 740 775 | 89.0 949 962
StructVPR - - - 884 943 950 || 694 815 856 |[90.3 96.0 973
R’Former 88.6 914 91.7 || 89.7 950 96.2 ||73.0 859 88.8 ||[91.1 952 96.3
SelaVPR (ours) 94.0 968 975 ||908 964 97.2 | 73.5 87.5 90.6 ||92.8 96.8 97.7
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Experiments

 Qualitative Results

s

SelaVPR (Ours)  NetVLAD SFRS CosPlace  Patch-NetVLAD  TransVPR

Light
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aliasing

Light
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Viewpoint I S

changes

,,,,,

Dynamic
objects

Viewpoint
changes
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aliasing
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Experiments
 Ablation study

Ablated version Pitts30k-test Tokyo24/7 MSLS-val
R@] R@5 R@I0O||R@]l R@5 R@10|R@]l R@5 R@I0
DINOvV2-GeM 81.3 910 938 || 673 851 89.8 [[44.7 559 593
Tuned-DINOvV2-GeM || 853 92.7 94.7 || 65.7 78.1 83.8 || 79.7 90.3 92.2
Global-Adaptation 873 946 96.6 || 77.8 87.6 91.7 || 874 959 969
Local-Adaptation 87.2 939 96.1 || 87.6 946 959 ||67.2 750 76.6
SelaVPR 914 965 97.8 || 933 952 956 | 90.8 964 97.2
- DINOv2-GeM

- Yot §50| H=

- Tuned-DINOv2-GeM

~ Tokyo24/70| A= ‘d-50| X5t

- Global-Adaptation

- 2= OIO[HAION d50] 2Fed

- Local-Adaptation

- E3| =Y H3}IF 2 Tokyo24/70 M =
ﬂﬁ S T3k
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Lu, Feng, et al. “CricaVPR: Cross-image Correlation-aware Representation Learning for Visual

Place Recognition” The IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), 2024.
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Methodology

« Overview
- Adapted ViT backbone
- Multi-scale Convolution-enhanced adaptation
- Cross-image Correlation-aware Place Representation

- 3 levels split feature maps
- Cross-image encoder

The i-th regional features of all images

in a batch will be correlated
7

level 1

Flatten

Adapted =
e L1 =
atc e —
Backbone| . © level 2 Bx dxD | “p— Bx(14xD)
Feature Map A Batch of
A Batch of Images (1;&:1):15;: d (BrIHD) im=—= | Bx14xD  Cross-image Bx14xD Global Features
(BxWxHx3) [, > ::—_,The Featuresofa Encoder
peessss  Batch of Images
level 3 e —
GeM Bx9xD
Pooling

< CricaVPR&] pipeline >
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1) Shibo Jie and Zhi-Hong Deng. Convolutional bypasses are better vision transformer adapters. arXiv preprint arXiv:2207.07039, 2022

Methodology

« Multi-scale Convolution-enhanced Adaptation

- Convpass? (arXiv 2022)0{| A| | 2FSt convolution= AFE 2t adapter

- Convolutional layerE A5G image tokenZt class tokenOf| convolution <=3
= Convolutional layers@| 172t X|Hd EH2 =&
- 25 0.33M 2| parameters (\V/iT-B parameters : 86M)
Rrl= Ao 7 E2 85 EY

- Multi head self-attention EE= MLP block IF HHE 2 4!

Convpass Module

AUOD) |X]

-
x
-
0
3
<

Transformer Layer

< Convpass®2| convpass adapter?) >
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1) Szegedy, C., Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D., ... & Rabinovich, A. (2015). Going deeper with convolutions. In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 1-9).

Methodology

« Multi-scale Convolution-enhanced Adaptation

Filter
concatenation

e A ——

. GoogLeNetY2| inception module & 2

HIS >
E OI- O |- 04 I\/I u I Conv ad apter ?- :q 3x3 convolutions 5x5 convolutions 1x1 convolutions
o]l X O+ 1x1 convolutions 4 [ [)
- X2 =0]7] 238l 1x1 conv =7t
1x1 convolutions 1x1 convolutions 3x3 max pooling
& _,_,__-—ﬁ——'—'_'__—'_'_'_._'
ZE —_ MHA (LN (Zf—l)) —'_Zi—l; Previous layer
z; = MLP (LN (ZE )) + s - Adapter (LN (ZE ) + ZE : < GoogLeNet| inception module? >
M«
T o MulC
Proij ulConv
Y nY
V
Layer c
Norm
; 573 com) 55 com)
D 1x1 cnﬂ Fa nY
[lxl cunv] [lxl conv] Y
& Tuned
# Frozen
(a) Transformer Block (b) MulConv Adapter (c) Our Adaptation

< CricaVPR2| multi-scale convolution-enhanced adapter >
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Methodology

 Cross-image Correlation-aware Place Representation

- Feature map= 1x1, 2x2, 3x3 Al| level 2 LI+=0{ A{ split & GeM Pooling
- O|[f, 1x1 = global token= ViT2| class token 2 1L = AtE
Z 1471 2| embedding vector £ concatenation
- Cross-image Encoder
- Batch L 2| 2 & image2| i 1M} local feature Zt2| correlation = modeling

%|Z global descriptor ‘4 /S

The i-th regional features of all images
in a batch will be correlated

N
level 1 Bx1xD T

Flatten

Adapted

ViT
Backbone| . © level 2 Bx 4xD
Feature Map

(i.e. Adapted (Bx WxHxD) I

. r
A Batch of Images DINOV2) Vo | Bx14xD Cross-image

(Bx WxHx3) [, > AThe Featuresofa  Encoder
peessss  Batch of Images

level 3 ::—

GeM Bx9xD
Pooling

< CricaVPR&] pipeline >
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1) Wang, X., Han, X., Huang, W., Dong, D., & Scott, M. R. (2019). Multi-similarity loss with general pair weighting for deep metric learning. In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition (pp. 5022-5030).

Methodology

* Loss

Multi-Similarity (MS) loss B
_0|O|X| Z4AH Ol B2 =2 AFR Lys=— Z{—log 1+ Z (S, ,\)}

q=1 PEP,
-Mining=2 Sl F2/|0|ot {0 & 1Ed 11 B(Sqn—A)
N +—log |1+ e an ,
= O| |, hard sample = 41 E{St= hard mining= &1 s 5 | Z | }

= neN,
_OALSHdatas 7HAA| CHE datas HEE &5

A
anchor 5
. PR -_—— @
.'—:. _ ~ positive =
*
. .0”.;:; milarit
: similarity
[ :
®
. s
® ® &
o © — = /—
o negative
Tyrr—
similarity
mining weighting

<MS loss2| 28D >

R B THSED IVRS \

SOGANG UNIVERSITY 22



Experiments

» Quantitative Results

- Benchmark datasets

Method Dim Pitts30k Tokyo24/7 MSLS-val MSLS-challenge
R@]1 R@5 R@I0||R@] R@5 R@I0||R@] R@5 R@IO||R@] R@5 R@I0
NetVLAD [5] 32768 | 81.9 91.2 937 | 60.6 689 74.6 || 53.1 66.5 71.1 ||35.1 474 51.7
SFRS [23] 4096 || 89.4 947 959 | 81.0 883 924 | 692 803 831 ||41.6 52.0 563
Patch-NetVLAD [26] | / 88.7 945 959 | 86.0 88.6 905 | 795 86.2 87.7 || 48.1 57.6 60.5
TransVPR [59] / 89.0 949 962 | 79.0 822 851 | 86.8 91.2 924 | 639 740 775
CosPlace [8] 512 || 884 945 957 | 819 90.2 927 || 82.8 89.7 92.0 ||61.4 720 76.6
GCL [38] 2048 || 80.7 915 939 || 695 81.0 851 ||79.5 881 90.1 ||579 70.7 75.7
MixVPR [2] 4096 || 91.5 955 963 | 851 91.7 943 | 88.0 92.7 94.6 || 64.0 759 80.6
EigenPlaces [10] 2048 || 925 96.8 97.6 || 93.0 962 97.5 |[89.1 938 950 | 674 77.1 81.7
CricaVPR (ours) 4096 | 949 97.3 982 || 93.0 97.5 98.1 || 90.0 954 964 | 69.0 82.1 85.7

- More challenging datasets

Amster SVOX SVOX

Method Nordland "0 _Nj ght -Rain
SFRS [23] 16.0 29.7 286  69.7
CosPlace [8] 58.5 38.7 44.8 85.2
MixVPR [2] 76.2 402 644 915

EigenPlaces [10] 71.2 48.9 58.9 90.0
CricaVPR (ours) 90.7 64.7 85.1 95.0

A szuta
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Experiments
 Qualitative Results

CricaVPR (Ours)  NetVLAD TransVPR

E =

SFRS CosPlace EigenPlaces
| “Q i

Viewpoint
changes

Perceptual
aliasing

Lighting
changes

Perceptual
aliasing

Viewpoint
changes

Perceptual
aliasing

Lighting
changes

Perceptual
aliasing
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A

Izquierdo, Civera. “Optimal Transport Aggregation for Visual Place Recognition” The
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2024.
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Methodology

e Qverview
- Local Feature Extraction
- Assignment & Aggregation

- SALAD (Sinkhorn Algorithm for Locally Aggregated Descriptors)
;= Optimal assignment transport

1 clusters m

_’— : LT T ..
g s
[ PG - B 5 - ——
A .
. = Co
§ . . Q. ® :
E . * i
©
e__@_ . -:l::]
{ Dimension reduction }—I Z
DINOv2 ViT = :
global token ~—- g
.

Global Descriptor
< SALADS| pipeline >
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6 SOGANG UNIVERSITY 26 e



Methodology

» Local Feature Extraction
- Pre-trained DINOV2 = backbone S 2 AtE
- Fine-tunning

- DINOV2 2| HXHE2 fine-tunning O] 458 XStA|ZICtD T3
- VPR task 0| 2t A d-57H

'+ Encoder 2| OFX[ 2} block = unfreeze

1 clusters m

: ——
=
| g e )~ 5§ ¢ [ ——
) . 03_ 8 g :
g E . (@] E .
{ Dimension reduction )—I ;
DINOVZ VIT = —_ g o ) O N
global token ~—- g
Global Descriptor
< SALADS| pipeline >
A szugta
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1) Arandjelovic, R., Gronat, P., Torii, A., Pajdla, T., & Sivic, J. (2016). NetVLAD: CNN architecture for weakly supervised place recognition. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 5297-5307).

Methodology

« Assignment & Aggregation

NetVLADY

- i HW Feature 7} j HM clusterOf|
assign = ZHE a

cluster 2| residual vector

- S|&

- Global descriptor V A4

Image

Convolutional Neural Network

Baseline Qurs

xi : local feature

T
Bwj ;i bj

aij -
K wle+b
D g eV ResNet DINOv2 ViT
cj : cluster j 2] =& NetVLAD Optimal
Transport

Uj = Zazj(mz ¢j)

SOFTMAX
T T T1T
V: [’Ul,vg,...,qu}
concat

NetVLAD layer

i o | (KxD)x1
R soft-assignment _______ " VLAD
: 1| conviwb) 5.]  soft-max : L2 _:Lctor‘_
! 1l 1x1xDxK | | normalization [
|yl R e I 1 |
" X - I
[ X V) intra- |
; TWxHxD map interpreted as VLAD core (c) [ normalization :

|

;! NxD local descriptors x
|

< NETVLADZ2] pipelined >
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1) Sarlin, P. E., DeTone, D., Malisiewicz, T., & Rabinovich, A. (2020). Superglue: Learning feature matching with graph neural networks. In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition (pp. 4938-4947).

Methodology

« Assignment & Aggregation
- SALAD

~ Score matrix A4 A
- dustbin =7}

- Optimal assignment
- Aggregation

- Global descriptor A4

=

g™

features

Score projection
Score projection

Score projection

matching Sinkhorn Algorithm
descriptors /\ partial
f A score matrix o assignment

v —| = normalization

S,",, - ] Z

J [ |

B

fi LI
dustbin +1

score

< Superglue2| optimal matching method? >

— [S, §i,m+1] - Rgém_‘_l

S
P = Sinkhorn(exp (S))

Optimal
Transport
features

=

DINOv2 ViT —

N
{ Dimension reduction )—I

global token

SOGANG UNIVERSITY
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Experiments

» Quantitative Results

A

Method MSLS Challenge MSLS Val NordLand Pitts250k-test SPED
o Desc. size  Latency (ms) R@1  R@5 R@1 R@5 R@I R@5 R@I R@5 R@1 R@5
NetVLAD [4] 32768 1.41 35.1 474 82.6 89.6 326  47.1 90.5 96.2 78.7 88.3
GeM [45]F 1024 1.14 49.7 64.2 78.2 86.6 216 373 87.0 944 66.7 834
Conv-AP [1] 8192 1.22 54.2 66.6 83.1 90.3 427 589 929 97.7 79.2 88.6
CosPlace [5] 2048 2.59 67.2 78.0 87.4 93.0 442 597 92.1 97.5 80.1 89.6
MixVPR (2] 4096 1.37 64.0 75.9 88.0 927 584 746 94.6 98.3 852 921
EigenPlaces [6] 2048 2.65 67.4 77.1 89.3 93.7 544 6838 94.1  98.0 699 829
DINOv2 SALAD 512 + 32 2.33 70.8 83.6 803 949 612 789 93.0 974 88.5 947
DINOv2 SALAD 2048 + 64 2.35 73.7 85.9 90.5 954 704  85.7 94.8 98.3 89.5 949
DINOv2 SALAD 8192 + 256 2.41 75.0 88.8 92.2 964 76.0 89.2 95.1 98.5 92.1 96.2
Ablation study
Method MSLS Challenge MSLS Val NordLand Pitts250k-test SPED
Desc.size R@1 R@5 R@I0 R@I R@5 R@I0 R@l R@5 R@I0 R@I R@5 R@I0 R@I R@5 R@I0
ResNet NetVLAD [4] 32768 351 474 517 826 896  92.0 326 471 533 905 962 974 787 883 914
DINOV2 AnyLoc [28] 49152 422 535 58.1 687 782 818 161 254 304 872 944 965 853 944 954
ResNet SALAD 8192 574 708 749 832 895 918 333 496 558 914 969 97.9 750 867 89.8
ConvNext [34] SALAD 8192 639 752  80.1 855 924 945 478 643 703 939 979 988 835 909 929
DINOV2 GeM 4096 626 783 830 854 939  95.0 354 525 396 895 965 98.0 830 921 939
DINOV2 MixVPR 4096 721 850 883 90.0 951  96.0 636 80.1 846 946 983  99.3 89.8 949  96.1
DINOV2 NetVLAD 24576 758 865  89.8 924 959  96.9 718 865  90.1 956 987 99.3 908 957  96.7
DINOV2 NetVLAD (dim. red.) 8192 733 856 883 90.1 954  96.8 701 865  90.2 954 984  99.1 90.6 954  96.7
DINOV2 SALAD (ours) 8192+256 750 888 913 922 964 970 760 892  92.0 95.1 985 99.] 921 962 965
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