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Objective: Propose a new framework for metric learning using only positive constraints between examples and a priori defined virtual points.

METRIC LEARNING: MAIN IDEA

Learning how to compare objects: learn a new space where some con-
straints are fulfilled, e.g. move closer circles of the same color (class)
and keep far away circles of different colors (classes).
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Mahalanobis-like Distance (with M a PSD matrix):

dyv (x,X') = \/(X — x")TM(x — x’)

= \/(LTX — LTx)I'(LTx — LTx’)

— \/XTMX 1+ x'"T"Mx — 2xTMx'.

METRIC LEARNING: CLASSICAL APPROACH

Classical approaches in metric learning use two kind of constraints:

e Similarity constraints: the goal is to bring closer similar examples,
e.g. examples of the same class.

e Dissimilarity constraints: the goal is to push far away dissimilar
examples, e.g. examples of different classes.
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It induces a quadratic number of constraints: O(n?) (e.g. [JWZ09]).

METRIC LEARNING: VIRTUAL POINTS APPROACH

In our virtual points approach we only use similarity constraints. How-
ever instead of pairing examples with each other, we associate each
example to a given virtual point.
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[t induces a linear number of constraints: O(n).

FORMULATION

Let S={(x;,9:)}I'-1 C(XxY)" be aset of examples. Let f, : XxY =V
where ¥V C R? be the function which associates each example to a
virtual point. We consider the learning set Sy, = {(x;,Vv;)}iny C X X V.

Let X = (x4q,... ,Xn)T and V = (vq,... ,Vn)T, we learn L such that
M = LL? with the following optimization problem:

.o 1
min R(L) + L[ = min —|XL - V|2 +A[LI% (1)

Using the closed form solution for L, we get:

M =LLT = X7 (XXT + AnI) " VVT (XXT +anl) X, (2)

Let Kx = ¢(X)p(X)!, we can kernelize our approach as:
AR (0(x), p(x)) = p(x) MK p(x) + d(x') Mrd(x') — 2¢(x) M p(x)
with Mg = &(X)T (Kx + Anl) " " VVT (Kx + M) " ¢(X).

THEORETICAL ANALYSIS: BOUNDING THE TRUE RISK OF [JWZ09] BY TH

VIRTUAL POINTS SELECTION
Optimal Transport Based Approach

|
¢ o ® O ¢ @. This is a two steps approach:
o ® ‘. ¢ ¢ e Selection of several landmarks in the
® o 9.0 @‘ ‘. training set using a diversity criteria
'e : oo ® '.@’ KJ11].
o o°° ® o e Application of Optimal Transport with
® © o0 © regularization [CFT14] between the

training set and the landmarks. The

© Virtual Points points obtained after transport are

© used as virtual points.
Class Based Representation Space Ap- ! o ° o ©
proach The virtual points are defined as @ o o % o o
unit vectors of a space of dimension the num- o o ® %o 0‘
ber of classes, 1.e. there is one class associ- | ® ® o : o ®
ated with one virtual point. Each example o ® oo *°
is associated with a virtual point using its o o © o
class. o >

EMPIRICAL RISK OF OUR APPROACH
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Theorem 1. Let D be a distribution over X x Y. LetV C RY be a finite set of virtual points and fv is defined as fv(X;,y;) = v;, v; € V. Let

|v]2 < C% for any v € V and ||x||2 < Cx for any x € X. Let v = 2maxy, x,

8 s )~ o )0 (Wi (A7 (L3, L) = )] <8 | R(T) A

=1 A*(Vi, Vi) and y_1 = 3 miny, x, y,=—1d>(Vk, Vi), we have:
2 Y2 2 2 2 1
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with y;; = 1 for examples of the same class and—1 otherwise. Note that the margins are expressed w.r.t. the distances between virtual points.

[lustration of the learned metric (2 dimensions on the Isolet dataset).
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EXPERIMENTS
Baselines Our approach
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[CFT14] Nicolas Courty, Rémi Flamary, and Devis Tuia. Domain adaptation with reg-

ularized optimal transport. In Proc. of ECML, pages 274—289, 2014.

Rong Jin, Shijun Wang, and Yang Zhou. Regularized distance metric learning:
Theory and algorithm. In Proc. of NIPS, pages 862—-870, 2009.

Purushottam Kar and Prateek Jain. Similarity-based learning via data driven
embeddings. In Proc. of NIPS, pages 1998-2006, 2011.

[TWZ09]

[KJ11]



