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There are many applications of machine learning in recognition.
One is optical character recognition, which is recognizing character
codes from their images. This is an example where there are multiple
classes, as many as there are characters we would like to recognize.
Especially interesting is the case when the characters are handwritten.
People have different handwriting styles; characters may be written small
or large, slanted, with a pen or pencil, and there are many possible images
corresponding to the same character. Though writing 1s a human invention,
we do not have any system that is as accurate as a human reader. We do
not have a formal description of 'A' that covers all 'A's and none of the non-
'A's. Not having it, we take samples from writers and learn a definition of
A-ness from these examples. But though we do not know what it is that
makes an image an 'A', we are certain that all those distinct 'A's have
something in common, which 1s what we want to extract from the
examples. We know that a character image 18 not just a collection of
random dots; it 1s a collection of strokes and has a regularity that we can
capture by a learning program.

If we are reading a text, one factor we can make use of is the redundancy
in human languages. A word 18 a sequence of characters and successive
characters are not independent but are constrained by the words of the
language. This has the advantage that even if we cannot recognize a
character, we can still read the word. Such contextual dependencies may
also occur in higher levels, between words and sentences, through the
syntax and semantics of the language. There are machine learning
algorithms to learn sequences and model such dependencies.

In the case of face recognition, the input 1s an image, the classes are

people to be recognized, and the learning program should learn to associate
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the face images to identities. This problem is more difficult than optical
character recognition because there are more classes, input image is larger,
and a face is three-dimensional and differences in pose and lighting cause
significant changes in the image. There may also be occlusion of certain
inputs; for example, glasses may hide the eyes and eyebrows, and a beard
may hide the chin.

In medical diagnosis, the inputs are the relevant information we have
about the patient and the classes are the illnesses. The inputs contain the
patient’s age, gender, past medical history, and current symptoms. Some
tests may not have been applied to the patient, and thus these inputs would
be missing. Tests take time, may be costly, and may inconvenience the
patient so we do not want to apply them unless we believe that they will
give us valuable information. In the case of a medical diagnosis, a wrong
decision may lead to a wrong or no treatment, and in cases of doubt it is
preferable that the classifier reject and defer decision to a human expert.

In speech recognition, the input is acoustic and the classes are words
that can be uttered. This time the association to be learned 1s from an
acoustic signal to a word of some language. Different people, because of
differences in age, gender, or accent, pronounce the same word differently,
which makes this task rather difficult. Another difference of speech is that
the input 1s temporal, words are uttered in time as a sequence of speech
phonemes and some words are longer than others.

Acoustic information only helps up to a certain point, and as in optical
character recognition, the integration of a “language model” is critical in
speech recognition, and the best way to come up with a language model is
again by learming it from some large corpus of example data. The
applications of machine learning to natural language processing 18

constantly increasing. Spam filtering is one where spam generators on one
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side and filters on the other side keep finding more and more ingenious
ways to outdo each other. Perhaps the most impressive would be machine
transiation.

After decades of research on hand-coded translation rules, it has
become apparent recently that the most promising way is to provide a very
large number of example pairs of translated texts and have a program figure
out automatically the rules to map one string of characters to another.

Biometrics 1s recognition or authentication of people using their
physiological and/or behavioral characteristics that requires an integration
of mputs from different modalities. Examples of physiological
characteristics are images of the face, fingerprint, iris, and palm; examples
of behavioral characteristics are dynamics of signature, voice, gait, and key
stroke. As opposed to the usual identification procedures-photo, printed
signature, or password-when there are many different (uncorrelated)
inputs, forgeries (spoofing) would be more difficult and the system would
be more accurate, hopefully without too much inconvenience to the users.
Machine learning is used both in the separate recognizers for these different
modalities and in the combination of their decisions to get an overall
accept/reject decision, taking into account how reliable these different
sources are.

Learning a rule from data also allows knowledge extraction. The rule 1s
a simple model that explains the data, and looking at this model we have
an explanation about the process underlying the data. For example, once
we learn the discriminant separating low-risk and high-risk customers, we
have the knowledge of the properties of low-risk customers. We can then
use this information to target potential low-risk customers more efficiently,

for example, through advertising.
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Learning also performs compression in that by fitting a rule to the data,
we get an explanation that is simpler than the data, requiring less memory
to store and less computation to process. Once you have the rules of
addition, you do not need to remember the sum of every possible pair of
numbers.

Another use of machine learning outlier detection is outlier detection,
which is finding the instances that do not obey the rule and are exceptions.
In this case, after learning the rule, we are not interested in the rule but the
exceptions not covered by the rule, which may imply anomalies requiring

attention-for example, fraud.
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