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Metric Learning

How much similar/dissimilar?

Metric. Functionthat quantifies alistance
Metric LearningLearning a metric from a set of data



Deep Metric Learning

o0 HFiEo )

O("@o Hhio ))
0 i

Pairwise relation Triplet relation =
O('CHQ) 8, OC"CHQ) U O(CHQ) OC'hQ)

l

Deep Metrid_earning
Learning aleep neural nefCXhat satisfies thaelations
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Applications

39/

Contentbased image retrieval = Face verification/identificatioh

[1] FaceNetAunified embeddindor face recognitiorandclustering CVPR 2015



Applications

similarity

decision network

ConvNet

patch 1 patch 2

Person rddentification? Patch matching/stereo imagidg

[2] Beyond triplet loss: a deep quadruplet network for persaidentification, CVPRO017
[3] Learning to compare image patches via convolutional neural networks2CMPR 5



Existing Approaches

AContrastive loss for Siamese netwéitks
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[4] Learninga similarity metric discriminativelyith applicationto face verification, CVPR 2005 6



Existing Approaches

ATriplet rank loss for triplet networlks
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[1] FaceNet Aunified embeddindor face recognitiorandclustering CVPR 2015 7



ExistingApproaches

AA common issue

AEx[st[ng (deep) metric learning approaches rely on binary relations
OSUPSSY sam@& IABMEIWa a

=

Contentbased image retrieval Person radentification
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Existing Approaches

AA common issue

AHowever, relations between real world imagesravebinarybut often
representedascontinuous similarities
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0.291
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Existing Approaches

AConventional approachés handle the issue
AEXxisting metric learning losstnilarity quantization

Binarythresholding! Anchor | Wetelibers |
Populations of positive and —0-0—0-0>
negative examples would be B —HB—NB—8—H8—>

significantly imbalanced.
0909000 >
Nearest neighbasearchf! Anchor | Neighbors |
Positive neighbors of arare @ o-0—0-0>
example would be dissimilar and §———B B —>
negative neighbors of a common
example would be too similar. 2000 >

[5] PoseembeddingsA deep architecturtor learningto match human posegrXiv2015
[6] Thinslicing for pose: Learning to understand pose without explicit pose estimation2GCAMPR

10



Existing Approaches

AConventional approachés handle the issue

ADegree of similarity is ignored in the learned embedding space.
Anchor Neighbors

Similar

gl p——
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Our Approach

AOur goal

ALearning a metric space that reflects the degree of similarity directly
Anchor Neighbors
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Our Approach

AOur goal
ALearning a metric space that reflects the degree of similarity directly

AContributions
AA new triplet losstogratio loss
AAnew triplet sampling techniqu®ense triplet sampling

AVarious applications
AHuman pose retrieval
ARoom layout retrieval
A Captionaware image retrieval
ARepresentation learning for imagaptioning
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Logratio Loss

where'Qh "Qo is the embedding vector of imaie
and’O(t) denotes the squared Euclidean distance.

Thedistancebetween two images ithe learned metric space

will be proportional tdheir distance in the label space .



Logratio Loss

AAnalysis on its gradients

T /b(ChAQ T /b(CHAR T /b (A Direction between

T "Q T Q 1 Q the anchor and neighbors
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T (R0 the label distance ratiand
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Logratio Loss

AComparison to the triplet rank loss
Logratio loss Triplet rank loss
s |7 OCORQ O ho) e TS e
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Although the rank constraint holds, The gradients are zero Iif the triplet
GKS 3INIYRASYGaQ Yl JshtsliesideSank candudiht Rue to
be significant ifb ((HAQis large. the indicatoAl(Jb (ch@Q T).
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Logratio Loss

ACompared to the triplet rank loss, our loss

ACaptures continuous similarities between images better,
(the triplet rank loss focuses only on partial ranks of similarities.)

ADoes not require angyperparameter
(for the triplet rank loss the margin should be tuned carefully.)

ADoes not deman@ normalization of the embedding vectors,
(such a normalization is essential for the triplet rank loss.)

APerforms much better with a low embedding dimension.

17



Dense Triplet Sampling

AMain idea: Using all triplets withimainibatch

Sampling allriplets by choosing every pair of neighbors

D r &) r(8H X r(@ r&D r @ X r(@@ r ) r (i)
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Dense Triplet Sampling

AWnhy not using existing sampling technidti8s

AThey rely on binary relations between images.

AThey are designed to be combined with conventional triplet losses.
AThe notion of hardness is not clear in our setting.

AOur sampling strategy is well matched with therttgp loss.
AThe logratio loss enables every triplet to well contribute to training.

1 /b(chAQ ('Q Q) ,( Q) i--,O,g(' )|  Nontrivial even if the triplet
1'Q O(QhQ) \(Qq 0) ’0:5’(. )|  complies the rank constraint

AExploiting all triplets improves embedding performance

[1] FaceNetAunified embeddindor face recognitiorandclustering CVPR 2015
[7] Sampling mattens deep embedding learning, ICCV 2017 19



Experiments, Three Retrieval Tasks

AHuman poseetrieval

Training Testing
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Retneval results '

AConductedn theMPIl human pose dataset

ASimilarity between imagesiverse pose distances
AApplicationposeaware representation for actiarcognition
ALabel distance between images:

Och ) e «fh
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Experimentg Three Retrieval Tasks

AHuman pose retrieval

Oracle Qurs

el

ResNet34ImageNet
pre-trained network

Typically focuses on
objects or background
other than human poses.

Thinslicindf!: A previous
work on pose embedding

Often fails to address rare

human poses.
|

[6] Thinslicing for pose: Learning to understand pose without explicit pose estimation2GAMPR 21



Experimentg Three Retrieval Tasks
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Experimentg Three Retrieval Tasks

ARoom layoutetrieval

Training Testing

. r,ilw L -
\, ' il

« Query ! Retrieval results :

AConducted orthe LSUN room layout dataset
ALabel distancbetween images

O(eh ) p 1) 71(6&h )hn

where« and« denotegroundtruthroomsegmentations
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Experimentg Three Retrieval Tasks

ARoom layoutetrieval

Query Top-3 retrievals
0.863 Y >/ 0.842

Top-3 retrievals
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ours
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ImgNet
ImgNet

Binary Tri. Triplet rank loss + Binatyesholding
ImgNet ImageNet prdrained ResNet101

0.636 | _0.544
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Experiments, Three Retrieval Tasks

ACaptionaware image retrieval

Training Testing
A girl & , 4 == 'Y
holding a \
frisbee | RN [ I AELE N s
p | Retrieval results '

AConducted on thtMSCOCO 2014 caption dataset
ALabel distance between images:

O (¢ he ) | Eb ofw | Ed oo h

where« ande« are setf 5 captions and t is theWMD?! betweentwo captions

[8] From wordembeddingdo document distancesCML 2015 e



Experimentg Three Retrieval Tasks

ACaptionaware imageetrieval

Ours

Binary Tri.
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ImgNet

Binary Tri. Triplet rank loss + Binatyesholding
ImgNet ImageNet prdrained ResNet101
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Experiments, Three Retrieval Tasks

ACaptionaware imageetrieval

Query Top-3 retrievals Top-3 retrievals
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Binary Tri.
Binary Tri.

ImgNet
ImgNet

Binary Tri. Triplet rank loss + Binatyesholding
ImgNet ImageNet prdrained ResNet101
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mean nDCG

Mean pose distance

Experiments, Three Retrieval Tasks

AQuantitativeperformance analysis
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Human pose retrieval
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Caption-aware image retrieval
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Our model

-i- L(Log-ratio) + M(Dense)

\

Ve

Common baselines

== L(Triplet) + M(Binary)

-@- L(Triplet) + M(Dense)

~¥~ Margin based loss [7]
ImageNet pretrained

== Qracle

Baselines for pose retrieval
=&k— Thin-slicing [6]
=@~ Thin-slicing + M(Dense)

Chen& Yuille
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Experiments, Three Retrieval Tasks

AEmbedding dimension vs. retrieval performance

0.82-

0.80

©c ©o
NN
o o

mean NnDCG
o
~
1

! Our models
-@= [ (Log-ratio) + M(Dense) 128-D
-@- L(Log-ratio) + M(Dense) 64-D

=@~ L(Log-ratio) + M(Dense) 32-D

20 40 60
Number of retrievals (K)

80 100

L(Log-ratio) + M(Dense) 16-D

A L.

Baselines

== [ (Triplet) + M(Dense) 128-D
== [(Triplet) + M(Dense) 64-D
== L(Triplet) + M(Dense) 32-D

L(Triplet) + M(Dense) 16-D

oy

U(Logratio) +0 (Dense)Logratio losst+ Dense triplet sampling

O(Triplet) #) (Dense)Triplet rank loss Dense triplet sampling
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Experimentsg Representation Learning

ARepresentation learning for image captioning

<start>  Giraffes standing <end>
Captionawa_re Softmax Softmax Softmax Softmax
representation
I / r 1 1 ?
T > > > >
wovalk >| CNN > S1=2151=2>5— ->| =
) ¥ | —1 -1 —
Input Image Feature Mar = J" ~ r = !
(HXWx3) (14x 14 x 204 | [ AT [ At [] AL [= - =>] Al
1 1 1 )
Ourapproach

Using the caption embedding network trained with caption similarities

asan initial visual representation for image captioning
30



Experimentsg Representation Learning

AQuantitative results

115.9incipEr

Captionaware feature + RL

4

+2.5%
1

113.1incipEr

ImageNet pretrained feature + R

34.65inBLEW

Captionawarefeature +RL

4

+3.5%
1

_

33.48inBLEW

ImageNet pretrained feature + RL

[9] Selfcriticalsequence training for image captioning, CVPR 2017
[10] Bottomup and topdown attention for image captioning and visual question answering, CVPR 2018
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Experimentg Representation Learning

AQuiallitativeresults obtained by the tedown attention model

GT1l  There are some zebragndingin a grassy field
GT2 A field with tall grass, bushes and trees, that has z¢aralingn the field
ImgXE A group of zebragrazingn a field

Cap XE Two zebras arstandingin a grassy field
ImgRL A group of zebras amgazingn a field
Cap RL A couple of zebras and a zebtandingn a field

GT1 A baseball batteswinginga bat over home plate
GT2 A baseball playeswingsa bat at a game
ImgXE A baseball playéroldinga bat on a field
Cap XE A baseball playeswinginga bat on top of a field
ImgRL A baseball playéroldinga bat on a field
Cap RL A baseball playeswinginga bat at a ball

32



Experimentg Representation Learning

AVisualizatiorof attentions drawn byhe Att2all2model
baseball player holding/swing bat
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ImMgRL A baseball playédroldinga bat on a field
Cap RL A baseball playeswinginga bat at a ball
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Conclusion

ASummary
AA new framework for metric learning with continuous labels
AVarious applications including visual representation learning
APerformance boost over existing approaches

AFuturedirections
AA better distance metric for continuous and structured labels
AA hard triplet mining technigue for continuous metric learning
AMore applications of semantic nearest neighsearch
AA new benchmark for continuous metric learning
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