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1.2 Definitions and terminology : a3

Figure 1.1 The zig-zag line on the left panel is consistent over the blue and red
training sample, but it is a complex separation surface that is not likely to generalize
well to unseen data. In contrast, the decision surface on the right panel is simpler
and might generalize better in spite of its misclassification of a few points of the
training sample.

Which concept families can actually be learned, and under what conditions? How
well can these concepts be learned computationally?

1.2 Definitions and terminology

We will use the canonical problem of spam detection as a running example to
illustrate some basic definitions and to describe the use and evaluation of machine
learning algorithms in practice. Spam detection is the problem of learning to
automatically classify email messages as either SPAM or non-SpAM.

® Framples: Items or instances of data used for learning or evaluation. In our spam
problem, these examples correspond to the collection of email messages we will use
for learning and testing.

® Features: The set of attributes, often represented as a vector, associated to an
example. In the case of email messages, some relevant features may include the
length of the message, the name of the sender, various characteristics of the header,
the presence of certain keywords in the body of the message, and so on.

® Labels: Values or categories assigned to examples. In classification problems,
examples are assigned specific categories, for instance, the SPAM and non-SPAM
categories in our binary classification problem. In regression, items are assigned
real-valued labels.

® Training sample: Examples used to train a learning algorithm. In our spam
problem, the training sample consists of a set of email examples along with their
associated labels. The training sample varies for different learning scenarios, as
described in section 1.4.

® Validation sample: Examples used to tune the parameters of a learning algorithm

AIRSPACE SYS. INC. EX2100, Page 13 (IPR2025-00629)




4 Introduction

when working with labeled data. Learning algorithms typically have one or more
free parameters, and the validation sample is used to select appropriate values for
these model parameters.

" Test sample: Examples used to evaluate the performance of a learning algorithm.
The test sample is separate from the training and validation data and is not made
available in the learning stage. In the spam problem, the test sample consists of a
collection of email examples for which the learning algorithm must predict labels
based on features. These predictions are then compared with the labels of the test
sample to measure the performance of the algorithm.

" Loss function: A function that measures the difference, or loss, between a pre-
dicted label and a true label. Denoting the set of all labels as ) and the set of
possible predictions as ), a loss function L is a mapping L: J) x )’ — R In most
cases, )’ = ) and the loss function is bounded, but these conditions do not always
hold. Common examples of loss functions include the zero-one (or misclassification)
loss defined over {—1,+1} x {-1,+1} by L(y,y’) = 1,%, and the squared loss
defined over I x I by L(y,y’) = (¥ — y)?, where I C R is typically a bounded
interval.

= Hypothesis set: A set of functions mapping features (feature vectors) to the set of
labels Y. In our example, these may be a set of functions mapping email features
to ) = {SPAM, non-spAM}. More generally, hypotheses may be functions mapping
features to a different set ). They could be linear functions mapping email feature
vectors to real numbers interpreted as scores ()’ = R), with higher score values
more indicative of SPAM than lower ones.

We now define the learning stages of our spam problem. We start with a given
collection of labeled examples. We first randomly partition the data into a training
sample, a validation sample, and a test sample. The size of each of these samples
depends on a number of different considerations. For example, the amount of data
reserved for validation depends on the number of free parameters of the algorithm.
Also, when the labeled sample is relatively small, the amount of training data is
often chosen to be larger than that of test data since the learning performance
directly depends on the training sample.

Next, we associate relevant features to the examples. This is a critical step in
the design of machine learning solutions. Useful features can effectively guide the
learning algorithm, while poor or uninformative ones can be misleading. Although
it is critical, to a large extent, the choice of the features is left to the user. This
choice reflects the user’s prior knowledge about the learning task which in practice
can have a dramatic effect on the performance results.

Now, we use the features selected to train our learning algorithm by fixing different
values of its free parameters. For each value of these parameters, the algorithm

e _— -
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1.8 Cross-validation 5

selects a different hypothesis out of the hypothesis set. We choose among them
the hypothesis resulting in the best performance on the validation sample. Finally,
using that hypothesis, we predict the labels of the examples in the test sample. The
performance of the algorithm is evaluated by using the loss function associated to
the task, e.g., the zero-one loss in our spam detection task, to compare the predicted
and true labels.

Thus, the performance of an algorithm is of course evaluated based on its test error
and not its error on the training sample. A learning algorithm may be consistent,
that is it may commit no error on the examples of the training data, and yet
have a poor performance on the test data. This occurs for consistent learners
defined by very complex decision surfaces, as illustrated in figure 1.1, which tend
to memorize a relatively small training sample instead of seeking to generalize well.
This highlights the key distinction between memorization and generalization, which
is the fundamental property sought for an accurate learning algorithm. Theoretical
guarantees for consistent learners will be discussed with great detail in chapter 2.

1.3 Cross-validation

In practice, the amount of labeled data available is often too small to set aside
a validation sample since that would leave an insufficient amount of training data.
Instead, a widely adopted method known as n-fold cross-validation is used to exploit
the labeled data both for model selection (selection of the free parameters of the
algorithm) and for training.

Let @ denote the vector of free parameters of the algorithm. For a fixed value
of @, the method consists of first randomly partitioning a given sample S of
m labeled examples into n subsamples, or folds. The ith fold is thus a labeled
sample ((zi1,i1), ..., (Tim,, Yim;)) of size m;. Then, for any i € [1,n], the learning
algorithm is trained on all but the ith fold to generate a hypothesis h;, and the
performance of h; is tested on the ith fold, as illustrated in figure 1.2a. The
parameter value @ is evaluated based on the average error of the hypotheses h;,
which is called the cross-validation error. This quantity is denoted by ECV(B) and

RCV(O

SI'—‘

Zm’iz -'L'zj) Yij) -

s

"

error of h; on the ith fold

The folds are generally chosen to have equal size, that is m; = m /nforall i € [1,n].
How should n be chosen? The appropriate choice is subject to a trade-off and the
topic of much learning theory research that we cannot address in this introductory
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