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Siamese

ASomeone or something from Thailand:
AThe Thai language, The Thabple

ASiamesean informal term for conjoined or

fused:

A Siamese twins, conjoined twins

A Siamesingengineering), the practice, whose name is
derived from siamese twins, of combining two devices
(such as cylinder ports or cooling jackets) together into a
closely coupled pair, so as to save space between them.

http://en.wikipedia.org/wiki/Siamese



Metric Learning

AEuclideardistancevs Mahalanobis distance
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http://horicky.blogspot.jp/2012/08/measuringimilarity-and-distance.html



Metric Learning

Mahalanobis Distance Metric Learning
AEuclideardistance

AMahalanobis distancez.y = /G- 975 G- 9.
AMahalanobis Distance Metric Learning
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Xing E P, Jordan M I, Russell S, et al. Distance metric learning with application to clustesitpwitbrmation[C],
NIPS2002505512.



Metric Learning
LargeMargin NearesNeighbors(LMNN)
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BrianKulis Metric Learning: Aurvey.web.cse.ohiestate.edu~kuligpubs/ftml_metric_learning.pdf




Siamesdé\rchitecture
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Learning Hierarchiesf Invariant Featuresyann_eCun
helper.ipam.ucla.edu/publications/gss2012/gss2012_10739.pdf



Siamesé\rchitecture and loss function

Make this small Make this large
D, A D, A
G, (x)=G (x,)] G, (x,) =G (x,)]|
A A A A
G, (x,) G, (x,) G, (x)) G, (x,)

I I

N =

T
Similar images (neighbors Dissimilar images
in the neighborhood graph) (non-neighbors in the

neighborhood graph)

Learning Hierarchied Invariant FeaturesyannLeCun
helper.ipam.ucla.edu/publications/gss2012/gss2012_10739.pdf
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Siamese Network
Application in SignatuMerification

TARGET

AThe input is 8(feature)
X 200(time) units.

AThe cosine distance E—
was used, (1 for 4 4
genuine pairs;1 for
forgery pairs )

PREPROCESSING PREPROCESSING

T fron M Bran

Bromley JGuyonl, Lecuny, et al. Signature Verification using a" Siamese" Time Delay MWaivedrk,NIPS
Proc. 1994



Siameséetwork
Application irDimensionalityeduction

The exact loss function 1s
LWY, X1, X5) =
1 5 1 5
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Input Layer 1 Layer 2 Layer 3 Output
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Loss (L)

X !

Convolutions Subsampling Convolutions Fully
connected

}argin: m

1.25
Energy (Ew)

HadselR, Chopra &eCur¥. Dimensionality reduction by learning an invariaaipping, CVPR 2006



Siamesd&letwork

Application irDimensionalityeduction
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LearnedMappin@f MNIST samples Learning &hift Invariant Mappingf
MNIST samples

HadselR, Chopra &eCur¥. Dimensionality reduction by learning an invariaaipping, CVPR 2006



Image Descriptors

Descriptors
\[ Distance




Siamese Network

Application irearning Image Descrlptorﬂ
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Euclidean Distance in Feature Space

NicholasCarlevarisBiancoand Ryan MEustice Learning visual feature descriptors for dynamic lighting
conditions. In Proceedings of the IEEE/RSJ International Conference on Intelligent Robots an@&l4tems,



Siamese Network

Application irLearning Image Descriptors ]

Input (32x32) 32 Feature maps (25x25) 32 Feature maps (8x8) 1024 LRUs 512 LRUs Output
‘ l B - (64x1)
Convolution Max Pooling Fully Con. Fully Con. Fully Con.
32 8x8 Kernels 3x3 Nonlinear Nonlinear Linear

CNN Model

NicholasCarlevarisBiancoand Ryan MEustice Learning visual feature descriptors for dynamic lighting
conditions. In Proceedings of the IEEE/RSJ International Conference on Intelligent Robots an@&i4tems,



Siamese Network
Application irLearning Image Descriptor8 J
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Fracking Deep Convolutional ImdgescriptorslUnder review as a conference paper at IQDE5,
http:// arxiv.org/abs/1412.6537

Convolutional Neural Networks learn compact local imaggcriptors http://arxiv.org/abs/1304.7948



http://arxiv.org/abs/1412.6537

Face recognition

1. Facadentification

Multiclass
classification

2. Face verification

http://vis-www.cs.umass.edu/lfw/person/Janica_Kostelic.html



Siameséetwork
Applicationin face verification( )

Let X; and X5 be a pair of images shown to our learn-
ing machine. Let Y be a binary label of the pair, Y = 0 if
the images X; and X5 belong to the same person (a “gen-

uine pair’) and ¥ = 1 otherwise (an “impostor pair”).
We assume that the loss function depends on the mput G () — G ()]

and the parameters only indirectly through the energy. Our -

loss function is of the form: G (1) G ()

Gw(X) Gw(X)

P
LW) =3 LW, (Y, X1, X)) comamon [ ™ T cotuima

1 Network Network
1=

L(W, (Y, X1, X)) = (1= Y)Le (Bw (X1, X5))

+ YL (Ew(X1,Xa)") - v
2 . .
= (1- Y)a(EWW (V)2Q e~ “a B

Ew = ||Gw(X1) — Gw(Xs)]]

Chopra SHadsellR,LeCurY¥. Learning a similarity metric discriminatively, with application to Vackication,
CVPR 2005



Siameséletwork
Applicationn faceverification(l] ) LFW:90.68%

[ Same or different ]

1

JunlinHu, etc.Discriminative Deep Metric Learning for Face VerificatiadheiVild, CVPR 2014



