











Random Projection for kNN

A theoretical Investigati

on!

73 Y 37 3Y (KUMARI, Sushma)

PRI : T80 OB TR B
BEPY R, JOTH, 5> 2 LT5)
L L (B Gk )

P A AR A B AT R A K
BEEE : 20184 10 2 B s A B T4 FE

The more the merrier! Not always this is truel! In
traditional machine learning, of course, a large
number of training data are needed to train our
learning model better and generalize it to new
data and at the same time, we have thousands
or even millions of features measured for a
single sample. In this way, we are adding low-
quality data with more noise and many irrelevant
features, which slows down the algorithm. These
high-dimensional data are often uninformative
and have many redundant features. As a result,
our model becomes more complex and resulting
in poor performance. Many learning algorithms
fail to perform satisfactorily on high-dimensional
data due to the phenomenon called the curse
of dimensionality. The curse of dimensionality,
a term coined by Richard Bellman in the 1960s,
is the set of all problems which are prevalent in
high-dimensional settings but are absent in low
dimensions. The following diagram illustrates
this phenomenon. With increasing dimension, the
nearest neighbor distances between the data
points tend to concentrate.
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In statistical machine learning, the k-NN rule
plays a very important role in understanding and
developing the theoretical framework for other
learning models. The k-NN rule is a distance-
based learning algorithm which predicts the label
of a new data point by first finding k closest
points to it and further, taking a majority vote
among the labels of those k-nearest neighbors.
Unfortunately, the k-NN algorithm is affected
by the curse of dimensionality, but, a number of
empirical studies combining random projection
with the k-NN have shown improved results.
Random projection is the most computationally
efficient dimension reduction technique for high-
dimensional data. A limited number of studies
for real and synthetic datasets insinuate that the
combination of random projection and k-NN rule
is a promising solution. However, the question is
why this combination works well? There is almost
no theoretical justification to the question of
improved performance of random projection-
based k-NN.
forward to in data science.

It is promising direction to look
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