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Related work
- Local	features:
• Classical methods:	SIFT	and	others
• Deep	learning	based features:	Superpoint,	Contextdesc,	D2Net,	many others

- Guided feature matching
• Very natural idea but	not	studied much
• Guide	local	features with the	best	features

è Our	approach is the	first	guided matching to	improve results on	
challenging setups
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Image	supervision

Positive	label Negative label

limage = ±
X

i,j

max
k,l

sijkl
<latexit sha1_base64="sMvNJvB6l2ly8f34KZOruhV8lxg="></latexit>



Epipolar supervision
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Point	supervision
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Evaluation

- Coarse matching evaluation on	MegaDepth
- Visual	localization on	Aachen	Daynight
- Two-views geometry estimation	on	YFCC	and	sun3D
- Structure	fromMotion	(SfM)	on	LTLL



Coarse matching stage

- MegaDepth	SfM points	
as	ground truth

- Metrics:	proportion	of	
points	within 8/16/32	
pixels	of	a	coarse
match Image

Li,	Z.,	&	Snavely,	N.	(2018).	Megadepth:	Learning	single-view depth prediction from internet	photos.	In	Proceedings of	the	IEEE	Conference on	Computer	Vision	and	Pattern	Recognition	(pp.	2041-2050).



Day	night	visual localization
- Aachen	daynight	dataset:	local	
feature benchmark

- Input:
• Set	of	calibrated day-time	
images
• Set	of	query night-time	images	
• List	of	overlapping image	pairs	
to	match

- Metrics:	localization accuracy
of	query images	at	several
thresholds

Sattler,	T.,	Maddern,	W.,	Toft,	C.,	Torii,	A.,	Hammarstrand,	L.,	Stenborg,	E.,	...	&	Kahl,	F.	(2018).	Benchmarking 6dof	outdoor visual localization in	changing conditions.	In Proceedings of	the	IEEE	Conference on	
Computer	Vision	and	Pattern	Recognition (pp.	8601-8610).



Qualitative	examples

SIFT	matching Our	Guided SIFT	matching
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Two-view geometry estimation
- Dataset:
• 4	scenes of	YFCC	outdoor internet	
images
• 15	scenes of	sun3D	indoor	images

- Matches	used for	essential	matrix	
estimation	then relative	pose	
estimation

- Metrics:	AUC	for	localization
accuracy

Zhang,	J.,	Sun,	D.,	Luo,	Z.,	Yao,	A.,	Zhou,	L.,	Shen,	T.,	...	&	Liao,	H.	(2019).	Learning	two-view correspondences and	geometry using order-aware network.	In Proceedings of	the	IEEE	International	Conference on	
Computer	Vision (pp.	5845-5854).

YFCC	pairs

Sun3D	pairs



Quantitative	results
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3D	reconstruction	from historical data
- LTLL	dataset:	set	of	images	with
historic pictures and	recent ones

- SfM on	sets	of	historical pictures
- Metrics:	average proportion	of	
image	sucesfully registered

Proportion	of	image	succesfully registered

Fernando,	B.,	Tommasi,	T.,	&	Tuytelaars,	T.	(2015).	Location	recognition	over	large	time	lags. Computer	Vision	and	Image	Understanding, 139,	21-28.
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Conclusion

- We propose	a	new	guided
matching technique

- SIFT	features are	improved to	the	
level of	current Deep	Features

- On	some dataset,	features can still
be improved with our matching


