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Classification definition

e Given: a collection of labeled records (iraining set)
o Each record contains a set of features (atiributes), and the true
class (label)
e Find: a model for the class as a function of the values
of the features

e Goal: previously unseen records should be assigned a
class as accurately as possible

o Aest setis used to determine the accuracy of the model.
Usually, the given data set is divided into training and test sets,
with training set used to build the model and test set used to
validate it



Text Classification: An
Example
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k Nearest Neighbor
Classification

e [0 classify document dinto class c

e Define k-neighborhood N as k nearest neighbors
of d

e Count number of documents i in N that belong to
C

e Estimate P(c|d) as i/k

e Choose as class argmax_ P(c|d) [ = majority
class]



Example: k=6 (6NN)

® Government

O Science

® Arts



Nearest-Neighbor Learning
Algorithm

e |Learning is just storing the representations of the
training examples in D.

e Testing instance x:
Compute similarity between x and all examples in D.
Assign x the category of the most similar example in D.

e Does not explicitly compute a generalization or
category prototypes.



Similarity Metrics

e Nearest neighbor method depends on a similarity (or
distance) metric.

e Simplest for continuous m-dimensional instance
space is Euclidean distance.

e Simplest for m-dimensional binary instance space is
Hamming distance (number of feature values that
differ).

e For text, cosine similarity of tf.idf weighted vectors is
typically effective.



Similarity Metrics
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Motivations for distance metric
learning

e Definition

IS to learn a distance metric for the
input space of data from a given collection of pair of
similar/dissimilar points that preserves the distance relation
among the training data pairs.

Many machine learning algorithms, heavily rely on the
distance metric for the input data patterns. e.g. KNN

A

e.g. KNN classifier, spectral clustering, content-based
image retrieval (CBIR).



Supervised Global Distance Metric
Learning (Xing et al. 2003)

Equivalence constraints: S ={(x;,x;)|x; and x; belong to the same class}

Inequivalence constraints: D ={(x;,x;)| x; and x; belong to different classes},

di (x,y)= ||x— y||il =(x—y) A(x—y), Ae §™" is the distance metric

o . keep all the data points within the same classes close,

while separating all the data points from different
classes.

e Formulate as a
minimize the distance between the data pairs in S
Subject to data pairs in D are well separated
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Global Distance Metric Learning (Cont’d)
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e Ais positive semi-definite
Ensure the negativity and the triangle inequality of the metric

e The number of parameters is quadratic in the number of features
Difficult to scale to a large number of features

e Simplify the computation



Global Distance Metric Learning: Example 1

Ciriginal data Frojected dala

.|_

0. 4=

] I:I" ] I:l
-
~50 ~50
+
S T I -
v =50 -50 ; . =50 —E0 ;
(a) Data Dist. of the original dataset (b) Data scaled by the global metric

e Keep all the data points within the same classes close
e Separate all the data points from different classes



Problems with Global Distance
Metric Learning
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(a) Data Dist. of the original dataset (b) Data scaled by the global metric

Multimodal data distributions prevent global distance metrics from
simultaneously satisfying constraints on within-class compactness

and between-class separability.



Local distance metric learning
(Liu Yang et al 2006)

e Presents a novel probabilistic framework that learn
local distance metric
Bring pairs from the same mode of a class closer
Separate nearby pairs from different classes

Initialize the algorithm using Euclidean metric to identify the
initial set of local constraints.
Alternately iterate between the step of local distance metric

learning and the step of refining the subset of local
constraints until convergence is reached



Issues

Learn an explicit nonlinear distance metric in t
local sense.

Efficiency issue.

ne



Thank you

Question ?




