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Abstract

The ultimate goal of machine learning (ML) is to learn a hypothesis that ac-
curately predicts the label of any data point based on its features. A training
set is a dataset used to compare the performance of candidate hypotheses: it
consists of data points for which the loss incurred by each candidate can be
evaluated. Model training methods then pick the hypothesis that performs best
on the training set. For example, empirical risk minimization (ERM) learns the
hypothesis minimizing the average loss on the training set, the empirical risk;
the minimum value itself is the training error. Since the learned hypothesis is
picked to perform well on the training set, a small training error can be mis-
leading and result in overfitting. The validation error on a held-back validation
set probes whether the learned hypothesis also predicts well outside the training
set.

Definition

The ultimate goal of a machine learning (ML) method is to learn a hypothesis
(or to train a model) that incurs a small prediction error for any data point.
The prediction error is measured by some loss function, and the goal is formal-
ized probabilistically as a small risk: the expected loss under the probability
distribution from which the data points are drawn (independent and identi-
cally distributed assumption (i.i.d. assumption)). The method must therefore
compare the candidate hypotheses from its hypothesis space on data points for
which the loss can be evaluated. For example, in regression or classification,
the loss can only be computed for data points with a known label. These data
points form a dataset referred to as the training set, D(tr2in) = {z(r)}m

For example, empirical risk minimization (ERM) minimizes the average loss
on the training set, the empirical risk, to learn a hypothesis
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The empirical risk of the learned hypothesis is the training error. More generally,
the training set is the input of the map A that defines a training method:
h = A(D®2")  and training is to compute this map.

Consider three days of weather recordings: for each day, the morning mini-
mum temperature is the feature and the maximum daytime temperature is the
label (Jung, 2022, Ch. 1). Fig. [l| shows a training set of these three days along
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with two hypotheses learned from it: the straight line h1) delivered by ERM
on the linear model, and a degree-two polynomial A(?) that passes through all
three data points and therefore attains a training error of zero.
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Figure 1: Data points representing daily weather conditions in Finland: each
data point is a day, with the morning minimum temperature as its feature and
the maximum daytime temperature as its label. The three filled circles form the
training set Zz(train). Both curves are hypotheses learned from D(t3): the solid
straight line () minimizes the average squared error on D(train) gyer the linear
model, while the dashed degree-two polynomial h(? passes through all three
data points and attains a training error of zero. Both incur a small average
loss on D(tr2im) hut the two curves differ sharply outside the training set. Data
generated by pythondemos/trainset.py

Which data points are contained in D(20) decides what is learned. The
choice of the training set is therefore crucial for trustworthy artificial intelligence
(trustworthy AI): a training set that underrepresents a group of data points
yields a learned hypothesis that incurs a larger loss on that group, a source of
unfairness (see fairness) (Buolamwini and Gebru, 2018; Barocas et al., 2019;
Mehrabi et al., 2021). Since % is chosen to make this particular average small,
the training error understates the loss that the same hypothesis incurs on data
points outside D(train) (Jung, 2022, Sect. 6.2). The training error is therefore
a poor estimate of the loss incurred outside the training set. Fig. [I| shows how
misleading it can be: the polynomial h(®) has a smaller training error than
the straight line, yet the two curves differ sharply away from the training data
points, which is where the loss on new data points is incurred (see overfitting).

A second subset of data points, the validation set D2, is therefore held
back from model training (Fig. : the average loss on D) the validation
error, probes the learned hypothesis on data points it was not trained on. Com-
paring the two errors diagnoses the ML method: if both are small, the learned



hypothesis also predicts well outside D72 4 small training error paired with
a validation error far above it means the hypothesis space is too large compared
to the number of data points in D) (Jung, 2022, Sect. 6.6; Hastie et al.,
2009).
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Figure 2: The available dataset split into two disjoint subsets. Only the shaded
subset, the training set D(train) “enters the training method A that delivers a
learned hypothesis h; the validation set is what remains to estimate how that
hypothesis behaves on data points it was not trained on
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