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The problem:

Euclidean distances
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Our goal: Learn the
transformation

mapping

Input space Feature space
(meaningful distances)
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distance to impostor



L.oss function

1. pull target neighbors closer
2. push impostors away

(unit margin)



NOT CONVEX in L!!

local minimum
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M defines Mahalanobis d



Loss function is convex in M!

(M)

only global minimum



Convex optimization
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minimize:
M
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M >0
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& R

Minimum loss classification

1. Learn M that minimizes (M)

&. For each test point choose label that
minimizes the loss function
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Olivetti Faces

Mahalanobis NN

BEuclidean NN

Train / Test images = 280/120

Total constraints = %76 440
Active constraints = 2 680

Training time = 2 mins



MNIST

(o] BY A k) b4 B 7
m II !l ﬂ ﬂ H E Mahalanobis NN
o E] E'] il E] EI E Euclidean NN

Train / Test images = 60k/10k
Total constraints = 3.3 Billion
Active constraints = 243 596

Training time = 3 hours
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Abstract

‘We show how to learn a Mahanalobis distance metric for k-nearest neigh-
bor (kNN) classification by semidefinite programming. The metric is
trained with the goal that k-nearest neighbors always hmm 0 the same
-— class while examples from different classes are Separated by a large
margin. On seven data sets of varying size and \Illmullv we find that
, gnificant improvements in kNN

metrics trained in this way lead fo s
classification—for example, achieving a test error rate of 1.6% on the
INIS

MNIST handwritten digits. Our approach has many parallels to sup-
port vector machines, including a convex objective function based on the
hinge loss and the potential to work in nonlinear feature spaces

ing the “kernel trick”. On the other hand, our framework requires no

modification for problems with large numbers of classes.

Introduction

(DRAFT!!! Please do not distribute.) The k-nearest neighbors (kNN) rule [3] is one
of the oldest and simplest methods for pattern classification. Nevertheless, it often yields
competitive results, and in certain domains, when cleverly combined with prior knowledge,
it has significantly advanced the state-of-the-art [1, 13]. The kNN rule classifies each un-
labeled example by the majority label among its k-nearest neighbors in the training set. Its
performance thus depends crucially on the distance metric used to identify nearest neigh-

Learning a Similarity Metric Discriminatively, with Application (o Face
Verification

Sumi Chopra RaiaHadsel Yono LeCun
Courat s of Mthemaia Scienes

In the absence of prir knowledge, most KNN clasifes use simple Euclidean distances
to measure the dissimilarities between examples represented as vector inputs. Euclidean
distance metrics, however, do not capitalize on any statistical regularities in thx data that
might be estimated from a large training set of labeled examples.

Ideally, the distance metric for KNN classification should be adapted to the particular prob-
lem being solved. It can hardly be optimal, for example, to use the same distance metric for
face recognition as for gender identification, even if in both tasks, distances are computed
between the same fixed-size images. In fact, a number of researchers have demonstrated
that kNN classification can be greatly improved by learning an appropriate distance metric
from labeled examples (2,6, 11, 12, Even a simple lincar transformation of input features
has been shown to lead to significant improvements in kNN classification [6, 11]. Our work

Chopra et al,
CVPR 2005 Vapnik 1998
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between the same fixed-size images. In fact, a number of rescarchers have demonstrated
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Conclusion

® Novel algorithm for metric learning

& Replaces linear decision boundary in SVM by
kNN decision boundary

€ Training complexity independent of number
of classes (unlike multiclass SVM)

@ Optimization is a semidefinite program

& (Can be kernelized)
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Future work

Locally adaptive k-NN that
exploits manifold structure






