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Medici Fountain, Paris
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Medici Fountain, Paris (winter)
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OUR GOAL
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OUR GOAL

11



WHY IS THIS SO HARD?
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IMAGE RETRIEVAL

 Color-histograms
= QBIC [Flickner et al., 1995]
= Pentland et al., 1996

. SIFT—based approaches
Lowe, 1999, 2004
= Sivic and Zisserman, 2003
» Chumet al., 2007-10
= Jegou et al., 2008-10
= Lazebnik et al., 2009

« Qist-based approaches
= Qliva and Torralba, 2006
= Hays and Efros, 2007
= Weiss et al., 2007 . ._
= Torralba et al., 2008 " -




[SIFT: Lowe, 2004]

EXAMPLE: SIFT MATCHING
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SIFT MATCHING

EXAMPLE
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[SIFT: Lowe, 2004]



EXAMPLE: SIFT MATCHING
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[SIFT: Lowe, 2004]

EXAMPLE: SIFT MATCHING
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SIFT MATCHING

EXAMPLE
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[SIFT: Lowe, 2004]



SIFT MATCHING

EXAMPLE
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[SIFT: Lowe, 2004]



CROSS-DOMAIN MATCHING



CROSS-DOMAIN MATCHING

Sketch to Photo
» Kato et al., 1992
Liang et al., 2004
Chen et al., 2009

Eitz et al, 2010

Painting to Photo
* Hirata et al., 1992
* Russell et al., 2011

Domain-invariant
 Shechtman and Irani, 2007
 Boiman and lrani, 2006
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Input Query
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Top Matches
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Input Query

Top Matches



Input Query

Top Matches
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Input Query

Top Matches
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IMPORTANT PARTS?

Input Query Important Parts
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Top Matches

Input Query
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FEATURE REPRESENTATION
HISTOGRAM OF ORIENTED GRADIENTS (HOG)
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[Dalal and Triggs, CVPR, 2005]



FEATURE REPRESENTATION
HISTOGRAM OF ORIENTED GRADIENTS (HOG)
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FEATURE REPRESENTATION
HISTOGRAM OF ORIENTED GRADIENTS (HOG)
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FEATURE REPRESENTATION
HISTOGRAM OF ORIENTED GRADIENTS (HOG)
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FEATURE REPRESENTATION
HISTOGRAM OF ORIENTED GRADIENTS (HOG)
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FEATURE REPRESENTATION
HISTOGRAM OF ORIENTED GRADIENTS (HOG)
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WHAT IS UNIQUE?




WHAT IS UNIQUE GIVEN THIS
WORLD?

World of Images




PER-EXEMPLAR SVM

World of Images

Tomasz Malisiewicz, Abhinav Gupta, Alexei A. Efros.
Ensemble of Exemplar-SVMs for Object Detection and Beyond. In ICCV, 201 I. 28



PER-EXEMPLAR SVM

World of Images

Image,

N

Image,

Tomasz Malisiewicz, Abhinav Gupta, Alexei A. Efros.
Ensemble of Exemplar-SVMs for Object Detection and Beyond. In ICCV, 201 I. 28



VISUALIZING UNIQUENESS

Query



VISUALIZING UNIQUENESS

Query Before
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VISUALIZING UNIQUENESS

Query Before




VISUALIZING UNIQUENESS

Query

Before

After
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Input Query
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Input Query
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Top Match

Input Query

31



Top Match

HOG

Input Query

Learnt Weights
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Input Query

Learnt Weights Top Match
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SEARCH USING IMAGES

Input Query
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SEARCH USING IMAGES

Inut Query
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EARCH USING IMAGES

Input Query
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SEARCH USING IMAGES

Input Query
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SEARCH USING PAINTINGS
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Inpui Painting
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SEARCH USING PAINTINGS
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SEARCH USING PAINTINGS
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Inpu't Painting
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SEARCH USING PAINTINGS

Ty Images ==
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SEARCH USING PAINTINGS




SEARCH USING PAINTINGS




SEARCH USING PAINTINGS
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Input Painting Top Matches

36



SEARCH USING PAINTINGS
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Input Painting

Top Matches
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SEARCH USING SKETCHES

Input Sketch



SEARCH USING SKETCHES

Input Sketch
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SEARCH USING SKETCHES
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SEARCH USING SKETCHES
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SEARCH USING SKETCHES




SEARCH USING OBJECTS
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Tomasz Malisiewicz, Abhinav Gupta, Alexei A. Efros.
Ensemble of Exemplar-SVMs for Object Detection and Beyond. In ICCV, 201 I. 40




SEARCH USING OBJECTS

Tomasz Malisiewicz, Abhinav Gupta, Alexei A. Efros.
Ensemble of Exemplar-SVMs for Object Detection and Beyond. In ICCV, 201 I. 41



QUANTITATIVE
EVALUATIONS



IMAGE INSTANCE RETRIEVAL
HOLIDAYS DATASET [Jegou et al., 2008]

#Query Images: 500 Photographs

#Retrieval Set Images ~ 1M Flickr Images
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IMAGE (INSTANCE) MATCHING ON
HOLIDAYS DATASET




IMAGE INSTANCE RETRIEVAL

HOLIDAYS DATASET

Top-5
Dataset Size 1,490 11,490 101,490 1,001,490
GIST 0.0106  0.0106 0.0106 0.0106
Tiny Images 0.0106  0.0106 0.0106 0.0106
Spatial Pyramid | 0.3417  0.3063 0.2471 0.1967
Our Approach 0.6588  0.6393 0.5890 0.5836

Mean true positive rate of the top-5 image matches as a function of dataset size
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SKETCH-BASED IMAGE RETRIEVAL
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SKETCH-BASED IMAGE RETRIEVAL

Query Sketches:
25 Car & 25 Bicycle Sketches
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SKETCH-BASED IMAGE RETRIEVAL

Query Sketches:
25 Car & 25 Bicycle Sketches

Retrieval Set:
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SKETCH-BASED IMAGE RETRIEVAL

Query Sketches:
25 Car & 25 Bicycle Sketches

Retrieval Set:
10,000 Annotated Images
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SKETCH-BASED IMAGE RETRIEVAL

Query Sketches:
25 Car & 25 Bicycle Sketches

Retrieval Set:

10,000 Annotated Images
Pascal VOC 2007 Dataset
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SKETCH-BASED IMAGE RETRIEVAL

Query Sketches:
25 Car & 25 Bicycle Sketches

Retrieval Set:

10,000 Annotated Images
Pascal VOC 2007 Dataset
[Everingham et al., 2008]
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mAP
(Top-[1:150] Retrievals)

SKETCH-BASED IMAGE RETRIEVAL
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[Yarbus, 1962]

SALIENCY
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PROXY FOR SALIENCY
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PROXY FOR SALIENCY
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PREDICTING SALIENCY

SALIENCY DATASET [Judd et al., 2009]

0.916 Humans (0.916)
0.8185 Our Approach (with Center Prior) (0.8185)
0.7304 Our Approach (0.7304)
0.838 [Judd et al. 2009] (0.838)
0.78 T ® [Judd et al. 2009] (without Center Prior) (0.78)
— ® [Torralba/Rosenholtz] (0.7)
o [Itti and Koch 2000] (0.62)

0.797 Center Prior (0.797)
® Chance (0.5)

0 0.2 0.4 0.6 0.8 1
Area under ROC Curve
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PREDICTING SALIENCY
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PREDICTING SALIENCY

SALIENCY DATASET [Judd et al., 2009]
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WHERE DOES IT FAIL?

Top Matches
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APPLICATIONS



RE-PHOTOGRAPHY

Historical Image of
Boston Station
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RE-PHOTOGRAPHY

Historical Image of Re-photographed Image
Boston Station
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RE-PHOTOGRAPHY

Computational Re-photography
(Bae et al., 2010)

Historical Image of Re-photographed Image
Boston Station
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RE-PHOTOGRAPHY

Historical Image of
Boston Station

Computational Re-photography (Bae et al., 2010)
.-

»,

Re-photographed Image

Then & Now View
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INTERNET RE-PHOTOGRAPHY

Computational Re-photography (Bae et al., 2010)

Historical Image of Re-photographed Image Then & Now View
Boston Station

Historical Image of
Boston Station 53



INTERNET RE-PHOTOGRAPHY

Computational Re-photography (Bae et al., 2010)

»,

Historical Image of Re-photographed Image Then & Now View
Boston Station

Search
10,000 Flickr Images
of Boston

Historical Image of
Boston Station 53



INTERNET RE-PHOTOGRAPHY

Computational Re-photography (Bae et al., 2010)
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Historical Image of Re-photographed Image Then & Now View
Boston Station
Our Approach

Search
10,000 Flickr Images
of Boston

Historical Image of
Boston Station



INTERNET RE-PHOTOGRAPHY

Computational Re-photography (Bae et al., 2010)
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Our Approach

Historical Image of Top Match Then & Now View
Boston Station From 10,000 Flickr Images 54



INTERNET RE-PHOTOGRAPHY
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INTERNET RE-PHOTOGRAPHY
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INTERNET RE-PHOTOGRAPHY
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INTERNET RE-PHOTOGRAPHY
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WHERE WAS THE PAINTER
STANDING?
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PAINTING2GPS

Input Painting
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100 top matches used to estimation
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PAINTING2GPS

Estimated using 100 top matches
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VISUAL SCENE EXPLORATION
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VISUAL SCENE EXPLORATION

flickr e

Urpantac & Croan Laphore Jpenss

Ssarch Micica

- M h.?l'vl BLAOwIn o

el ey

[ —
,&. Frosac . fosesc e
% AT | Y370 gy

= fare

SEL RPN

Phackoeyupisete
ﬂ o Goormy Queens, Unied Sunes
Th e g,

- vl o
M
Ty st

. Past. Wb 03 e foroacc, Raly and

. e Wil Dage Dhw i, lrenes snd
tan

1 caibinng s Ficsanme ' phesin?

£ LOOKIG 10 Brored an IMOgcT Yow can Zead
Meened Pra bamms o b ove ¢

rrelid A ve Co® X

Plasces



PHOTOSYNTH

[Snavely et al., 2006]

Dataset size: 136 photos (from flickr)
# of discovered synths: 14
82 photos not part of any synth
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PHOTOSYNTH

[Snavely et al., 2006]

DooRs P ELHEE

Synth 1

Dataset size: 136 photos (from flickr)
# of discovered synths: 14
82 photos not part of any synth
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FINDING SIMILAR IMAGES

Query image
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FINDING SIMILAR IMAGES




PAIRWISE SIMILARITY MATRIX

66



PAIRWISE SIMILARITY MATRIX
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PAIRWISE SIMILARITY MATRIX
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TRAVERSING THE GRAPH




TRAVERSING THE GRAPH
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CONCLUSION

Good News:

= Results surprisingly nice
Bad News:

= Computationally expensive
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CONCLUSION

Website:
http://graphics.cs.cmu.edu/projects/crossDomainMatching/

Code: https://github.com/quantombone/exemplarsvm 70


http://graphics.cs.cmu.edu/projects/crossDomainMatching/
http://graphics.cs.cmu.edu/projects/crossDomainMatching/
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BACKUP SLIDES...
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ALL SIFT MATCHES




SIFT

sale | 22— >

Amount of interesting stuff (next ﬁ
octave) ﬁ/\/}@ >
//. 5
/ I'
1
\
J » ' Scale
p— (first
AN . octave)
/ T
Radius
Difference of

Gaussian Gaussian (DOG)

Find extrema
in 3D DoG space

Image gradients Keypoint descriptor



SIFT

Input Normalize Compute Weighted vote Contrast normalize Collect HOG’s Line: Person/
iml-wc_) gamma & |—» gfadil:-nts | into spatial &  [—>| over overlapping »| over detection —» S'\f‘\"{"‘—) non-person
s colour orientation cells spatial blocks window : classification
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Linear classifiers — which line is
better?




Pick the one with the largest margin!




Parameterizing the decision boundary

w.x=ijU’xU) wX+b>0 wX+b<0
+ -
+ o =
ll (]
oo +Q -
+ =
+  + X
2 -
— —
Examplei (= 1,2,...,n): Data: <;.l,(11)‘ 2™, y1>
<;17§1), . ,.‘lfgm)> — m features

(1) - (m)
yi € {—1,+1} — class <"'71 yor¥n "L Yn




Support Vector Machines

wXx+b>0 wX+b<O

min wW.w
w,b

s.t. (w.xi+b) y; 21 Vj

Solve efficiently by quadratic
programming (QP)

— Well-studied solution
algorithms

Linear hyperplane defined by
“support vectors”




