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What exactly metric learning is

Euclidean ditance
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dist,(x, ) = disf, +dist, + dish

Attribute weight

dist,(x, x)= w *disf, 4w dist, ...+ +did

=(x %)M x X)



What if attributes are related? e.g. students' height and weight

Matrix W Is replaced by a semi-definite matrix M

If rank(M) is less than d,

M = PP’

PI’ I_-\pl3 rank( M)



U Primary challenges

A maintain M which is a semi -definite in an
efficient way during theoptimization process.

A learn a low-rank matrix
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Framework
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Figure 3: Five key properties of metric learning algorithms.



Xing et al. (2002)
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The originator

S={( % %) : x and x should be simi}

D={(x, x) :x and x should be dissimi

side information

max g d,(x X)
MI'S, (x,x;)l D

st @ di(x x)¢1

(%% S
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Weinberger et al. (2009) (AN -
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0 Goal 4

A k-nearest neighbors always belong to the same class
while examples from different classes are separated by a
large margin.

Target neighbors

k other neighbors with the same labels.

We use Y; | { ]} to denote whether two labels are
same or not.

We use £ i {0, ]} to denote whether two instances are
target neighbors or not.
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BEFORE AFTER

Cost function
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Shown in metric learning way and import slack
variables

ming (x - %)' M(x -%) eaf @ )
S.1.

(x- %) M(x -X) x 30 Mx X 1 %
Ij| ? O

M20
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A framework of combining R*/ g
both SVM and ML / N\

smallest sphere maximum margin

Notice that

) A o) wi(x
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min w'w +/gq max(0y (Wx +b) 4
+CQq max(0,1-y (Wx b))

We can classify instances and get a good distance
function meanwhile.
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A Minimizing the differential relative entropy between
two multivariate Gaussiansunder constraints to get a
proper distance function. \

We use covariance matrix
as target

Constraints in this paper:

dA()ﬂ | XJ ) ¢ U/ Similar points

d,(x, x)2 | -~ [omtres
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Now we need a tool to measure the difference of two
distance functions(i.e. Mahalanobis matrix)

For each point p()(; A) —eXp( — d (X,/TI))

The tool—
relative entropy between their corresponding multivariate Gaussians
which have equal mean:

o~ (x A)
KL = |
(P(x Al (% AB) = [ H X A og‘i’)(w




Cost function
min KL(p(x; A) [l p(xA))

St dA()g, )ﬁ ) ¢u i’ J II S can be replaced by
dA()g , X Y2 1 i,] iD arbitrary linear constraints

As a convex optimization problem (Davis & Dhillon, 2006)

The LogDet divergence

D,(AA) = tr(AAY) -log def AAY) -
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KL(p(X A) Il p(x A)
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— EDéd(Ab ’A )
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— EDzd(Aﬁ Ab)

Import slack variables

minD,, (A, A) + gD, (diag( X diag )

A2 0.x

st tr(A(X- x)(x %)) %, @(,j)S
tr(A(% - x)(% -x)")2x,, (@)D

where c(i,j) denotes the index of constraints



Algorithm 1 Information-theoretic metric learning

Input: X: input d X n matrix, S: set of similar pairs
D: set of dissimilar pairs, u, £: distance thresholds
Ap: input Mahalanobis matrix, ~: slack
parameter, c: constraint index function

Output: A: output Mahalanobis matrix
1. A — A(], )\ij — OV’L,j

2. &e(ing) — ufor (i,5) € S; otherwise & (i j) — ¢

3. repeat

3.1.

Pick a constraint (2, 7) € Sor (¢,5) € D

3.2. p — (:I:{ — LEj)TA(:Bt' — :Bj)

3.3.
3.4.

3.5.
3.6.
3.7.
3.8.

d — 1if (¢,7) € S, —1 otherwise

— mi R N e

o — min ()\33, 5 (P e ))

B —da/(1—dap)

§c(z',j) — Tﬁc(@,j)/(W + 50‘&:(@',;)}

/\z'j — )\f,;j —

A A4 BA(x; —xj)(xzi —z;)" A

4. until convergence
return A
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A a wide variety of constraints and can optionally
Incorporate a prior on the distance function

Advantages

A no eigenvalue computations or semi-definite
programming are required

Table 1. Training time (in seconds) for the results presented in
Figure 1(b).

Dataset ITML-MaxEnt | MCML | LMNN
Latex 0.0517 19.8 0.538
Mpg321 0.0808 0.460 0.253
Foxpro 0.0793 0.152 0.189
Iptables 0.149 0.0838 4.19
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Results
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(a) UCI Datasets (¢) Latex
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A propagating and adapting metrics of individual labeled
examples to individual unlabeled instances.

Label propagation

A graph defined over both labeled and unlabeled instances is
provided, and the labels are then propagated from labeled
Instances to unlabeled ones across the graph.

Assumption

Similar instances share similar properties, the distribution of
the instance specific distance functions should be smooth
within a local area.
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mn/& ., a ¢10%.D(x)+ WW,G)
st w2 0,1 =,..n

Costfunction

where Di(Xj):VViT(X ')ﬁ)T()ﬂ 9]()
S Is similar set of »

I()is aloss functior
i {11

Wis where metric propagation worl
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ISD with L1 -loss

1(%.D (x))=max(0.% @ (x ) +))
ISD with L2 -loss

(%D (%)) =max(0.% © () +)f



The metric propagation

n+u

WW,G) =q E [lw -wf

i,j=1

where -1

E=U2GU

1
2

If weight(i.e. Ej) Is bigger,two points are more similar,their
Distance function must be more similar.Otherwise is the same.
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