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Outline
 Background

- What is local feature matching
- SuperGlue: Learning Feature Matching with Graph Neural Networks (CVPR 2020)

« LightGlue: Local Feature Matching at Light Speed (ICCV 2023)
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Background

« What is local feature matching
- M Z C}2 image %l A correspondences € &= 0tH

- Image fusion, visual localization, SfM (Structure from Motion), SLAM (Simultaneous
Localization and Mapping) & &2 200 A| 0|2

- (Challenge) matching accuracy 2} robustness &

< & image At0| 9| feature matching Of| A >
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Background

« What is local feature matching

- Feature extractor (Detector)
-SIFT (2004), SURF (2006), ORB (2011), SuperPoint (2017), DISK (2020), etc.

- Feature matcher
~SIFT (2004), LIFT (2016), SuperGlue (2020), LightGlue (2023), etc.

[ Local Feature Matching Models Using Deep Learning ]
v

] ]
[ Detector-based Models ] [ Detector-free Models ]

Detect-then-Describe — CNN Based

—* = Fully-Supervised (202 )
. LoFTR 1
*  Weakly Supervised and Others L+ Transformer Based
ASpanFormer (2022)

— Joint Detection and Description —{ Patch Based
— Describe-then-Detect

SuperGlue (2020)
Graph Based LightGlue (2023)

< Deep learning & 0| &%t local feature matching models & >
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Background

 SuperGlue : Learning Feature Matching with Graph Neural Networks

- Introduction
—Front-end 2} back-end AFO|2| matcher ZEM 253t M52 H ¢
- Graph Neural network (GNN) & AF&35t0| matching process & &

- Optimal transport & Z &'5t0| matching point £HE

' local
Image features
pair / >
oo °
: ® L
° : _;c
L O
o 1)
A strong @
matches
Detector & Descriptor SUPerGlue
Deep Front-End Deep Middle-End Matcher

< SuperGlue >
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Background

 SuperGlue : Learning Feature Matching with Graph Neural Networks

- Architecture

- Attentional graph neural network
= Keypoint encoder (D)Xi = d; + MLPepc (p;)
= Multiplex graph neural network

((+1) A _ (O) A () A .
v & image 2| keypoints & complete graph 2 7t x; ="'x; +MLP ([ x; |l mng

:'= Attentional Aggregation
R me_,; = Z Qi Vi
v Self-edge & 4% self-attention £!2H E—si & ijVj
N j:(i.g)e
v Cross-edge & 4 cross-attention T 3H
€ € {e-self, e-cross}

a;; = Softmax; (qu k; )

Attentional Graph Neural Network Optimal Matching Layer
fomnes Attentional Aggregation matching Sinkhorn Algorithm
. Ve ™~ descriptors /\ — partial
d~‘l visual descriptor Self Cross > f A score matrix row assignment
C K —| - normalization
A | position =%
P; Keypoint L S, —» < .
B Encoder x & o
P; J | | H
d”? I £ g g
dustbi N+
. ) eton

o -
n A g d Rk < SuperGlue 2| architecture > |V_DS|
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Background

 SuperGlue : Learning Feature Matching with Graph Neural Networks

- Architecture

- Optimal matching layer
:'= Score prediction A B _
prect - Si; =</ £F > V(i,j) e AxB

v Score = match feature 2| similarity

:'= Occlusion and visibilit — — —

' / L SiN+1=Sm+1,j =SmyiN+1=2€R
v Unmatched keypoints & B2 &= U T F dustbin = T/t

:'= Sinkhorn algorithm

v Optimal transport problem B1 i PT1 b
" . . . = a 4an y =
v Sinkhorn algorithm 2| output 2 & 5Hl partial assignment P & Btzt N+l M+1

)

Attentional Graph Neural Network Optimal Matching Layer
foatures Attentional Aggregation matching Sinkhorn Algorithm
. Ve ™~ descriptors /\ partial
d"‘l visual descriptor Self Cross > f A score matrix row assignment
C t —| - normalization
A | position 4
P; Keypoint L S; i1 < .
B Encoder " ' x & o
P, J | | =
d”? I £ g :
dustbi N+
\ / :gorem 2 =1

o :
g AT < SuperGlue 2] architecture > ‘ VDS I
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LightGlue: Local Feature Matching at Light Speed (ICCV 2023)

e Introduction
- 7| =9 SuperGlue 2 & HH
- Computational block = &3l correspondence &&= 0| S
-Model O| O| & AAISIY F7HA A0 HRoHX| {2 E A
- 7| &2| C}Z feature matcherdi| H|3H =2 d5& E0[0H SOTA &4

of

[=)]
-~

"‘T?. i
o MatchFormer
> ] L=9
@) ™
(6]
S 66 - LoFTR
(W) [ ]
(W]
< SuperGlue
)
wnv
O 65
o
Q
-
2
(6]
T 64 SGMNet
o \4
0 10 20 30 40 50

Image Pairs Per Second
< 2] feature matcher 22| £ d2t: H|u >
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LightGlue: Local Feature Matching at Light Speed (ICCV 2023)

» Methodology

» Problem formulation

- & image A, B0l set of local feature 7} =X} A=
o

-2} 2+9| points = Z|CH SHLEL| point 2F Of &S 4= QU

- Soft partial assignment 2! P € [0, 1]M*N & $5}0]

correspondences £ F=

Layer #1

8} T Ty "
<7 o N ! g
e | @— self | C

Al 2 pt . :

% , attention | cross |_ confidence
p F 9

° e O gelf C
Bl e ) gd” r':]l |
© oot ¢
local
features exit? -bno

< LightGlue 2| architecture >
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LightGlue: Local Feature Matching at Light Speed (ICCV 2023)

» Methodology

- Transformer backbone

- Attention unit x; < x; + MLP ([x] |m/**])
:'= Attention unit 2MLP £ A23}10] AENE update
;' Self-attention, cross-attention 2 2 < m;“° =% Softmax (a);). Wx?
L keS d
Layer #1 Pruning Layer #N  Matching
@E. il Y .
.\{{y .d"‘ L. | ’ I/ @ ¥ similarity B
co | o seff , C ° . — =
A . : : : ° .
% EB attention E}ss confidence % : -.é
™ ® " self 1 C L . —_— %
- B :] l
B.'/ o & I > rc! @ rr.rn'::t‘chet-lbility
local

L

exit? l}b yes! 1

y
. ;|
features exit? _I-b no

< LightGlue 2| architecture >
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LightGlue: Local Feature Matching at Light Speed (ICCV 2023)

» Methodology

- Transformer backbone

- Attention unit
;' Self-attention

v Rotary position encoding AHE

v A position O| Ol & CHA position AtE

;= Cross-attention
v query = AlAHSEX] @510 key BF A
v Position encodina &= RISHSEX| &
ST

v aj? o| g1t aj; 9| Z+o| = U}

rT>'__

o oo

= ZO| AME

- Bidirectional attention

g AW THEE D .
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LightGlue: Local Feature Matching at Light Speed (ICCV 2023)

» Methodology

A

- Adaptive depth and width
- 7|2 image pair 7t input 22 FO{RZ M, M| = U= R ES

2 O] I 7] layer 2| prediction 2f & 7] layer 2| prediction O] H|=

vx7| St 7ts

- Confidence classifier ¢; = Sigmoid (MLP(x;)) € [0, 1]

s+ ZF layer 2] 20| A ZF B 2| confidence & &

Layer #1 Pruning Layer #N  Matching
S
1 @ @ q o irmilari
\M at L. 3 | ( Y similarity B
.. O——t self ’—\‘ , C . —_ S
Al o 2 - . : ¥
/ pB attention crcE: lconfidence % 8,
/ p Fy ¢ %
. O self }—J C °e — %
a B
B'./I .T I @ d I s rc!/ o : rr.m':]t‘chet-lbility
oca
features exit? l]jno -I exit? l%} yes! 1
< LightGlue 2] architecture >
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LightGlue: Local Feature Matching at Light Speed (ICCV 2023)

» Methodology
- Adaptive depth and width

- Exit criterion
s AAIZE A, o Off 2t exit EHst

¢; = Sigmoid (MLP(x;)) € [0,1]

: 1 I
exit = Nl Z Zﬂci >N | >
Ie{A B} i€l

p after 8 laye
Runtime: 32.3ms

A = 0.8+ 0.1e /L

< Depth adaptivity>
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LightGlue: Local Feature Matching at Light Speed (ICCV 2023)

» Methodology
- Adaptive depth and width

-Point pruning
;= Layer 7t X|e =5 L X| SHX[ 2= keypoints & M| A

Layer #1 Pruning Layer #N  Matching
e’c;. il Y
'\f& .d"‘ N I / © Y similarity
*e | o self ’—\‘ , C X — g
Al e 2 Tp , .
/ ®  attention E}ss confidence / : RE
/ E)L" If Y c %
.o se * e — @
ol 4 :] l . [ITT] =
B:/ o I & b 1 !/ O rr?watchablhty
local J _T
features exit? l no exit? l-} yes!
< LightGlue 2| architecture >
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LightGlue: Local Feature Matching at Light Speed (ICCV 2023)

» Methodology
- Adaptive depth and width

-Point pruning

;= Assignment score Si; = Linear (x;') " Linear (x}) V(i,j) € AxB
v 2t points 2| FALZE 7|&E2 2
L Q= o . . .
score matrix S £ 42 o; = Sigmoid (Linear(x;)) € [0, 1]
:'= Correspondences P, = (TA 0 Softrﬁax(sm) SOftmaX(Sifc)j

v Soft partial assignment matrix P £ 49|

Layer #1 Pruning Layer #N  Matching
e

'\ﬁy .dA L m:f © | / ® ¥ similarity

L @4_.. self ! C 3L — E
Ale ¥ Tp , .
/ ®  attention E}ss confidence / : RE
/ E)L" If Y c %
.o se * e — @
N :] l . [ITT] =
B:/ o I & b 1 !/ O rr?watchablhty
local J _T
features exit? l no exit? l-} yes!
< LightGlue 2| architecture >
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LightGlue: Local Feature Matching at Light Speed (ICCV 2023)

» Methodology
- Adaptive depth and width

-Point pruning

< Point pruning 2| visualization >
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LightGlue: Local Feature Matching at Light Speed (ICCV 2023)

* Supervision
- Correspondence (similarity)

— Z} ayer £ Ol M assignment predicted 2| log-likelihood & %| 43}

(i,5)EM
L o _ A
oA iezjl g (1-"07)
1
— lo —tgB
+2IB|J§3 510, ))
- Confidence classifier (matchability)
- Binary cross-entropy ¢; = Sigmoid (MLP(x;)) € [0, 1]
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LightGlue: Local Feature Matching at Light Speed (ICCV 2023)

» Experiment

- Pose estimation on Megadepth-1800

pose estimation AUC

features + matcher #matches P time
@5° @10° @20° (ms)

> LoFTR 2231 890.8 664 79.1 87.6 181
S MatchFormer 2416 91.2 652 78.1 87.4 388
©  ASPanFormer 4299 947 68.0 804 887 239
E NN+ratio 160 82.3 483 622 73.2 5.7
= SGMNet 405 82.5 50.7 66.6 76.5 T1.7
LightGlue 383 84.1 57.0 71.3 81.8 443

£ NN+mutual 697 494 377 509 623 5.6
.-:E SuperGlue 712 93.0 648 775 86.6 70.0
2  SGMNet 725 89.8 61.7 743 83.4 74.0
A LightGlue 709 945 655 778 86.9 4472
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LightGlue: Local Feature Matching at Light Speed (ICCV 2023)

» Experiment

A

« Indoor visual localization on InLoc

features +
matcher

DUCI

DUC2

(0.25m,10°) / (0.5m,10°) / (1.0m, 10°)

LoFTR
MatchFormer
ASpanFormer

47.5/72.2/84.8
46.5/73.2/85.9
51.5/73.7/86.4

542/74.8/85.5
55.7/71.8781.7
55.0/74.0/81.7

SP+SuperGlue
SP+LightGlue

47.0/69.2/79.8
49.0/68.2/79.3

53.4/71.1/80.9
55.0/74.8/79.4

ABTHE-D
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LightGlue: Local Feature Matching at Light Speed (ICCV 2023)

e Conclusion

- Local feature matching & OFOf| A graph based-method & Hd&& O Z2 & A7
SuperGlue & 27 AlZ! network

- Attention mechanism = 7|8t 2 A A Z supervised 7f s
- 2= predict 7} @t U OO EHEHSEHH 2R 7] Jayer Of| A H
- Matchability 7t =2 point = pruning

- SuperGlue 2 Cf Bt =11 H=torH & #5H7| 42 model
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LightGlue: Local Feature Matching at Light Speed (ICCV 2023)

e Limitation

« Indoor visual localization on InLoc

R szdta VDS
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