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What is Machine Learning?
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Machine Learning

Learning
The process of converting experience into knowledge.

Machine Learning
Machine learning is automated learning. We program computers so
that they can learn from input available to them.
• The input to a learning algorithm is training data,
representing experience.

• The output of a learning algorithm is knowledge, which we can
use to perform some task (e.g., prediction, pattern detection).

• A successful learning algorithm should be able to generalize
(inductive reasoning).

(Shalev-Shwartz and Ben-David 2014, 19ff.)
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Learning Example I: Bait Shyness

(Image: 123rf.com)



5/19

Learning Example II: Pigeon Superstition

(Image: vocativ.com)
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What Distinguishes Successful from Unsuccessful Learning?

• Incorporation of prior knowledge that biases the learning
mechanism (inductive bias).

• The stronger the prior knowledge (or prior assumptions), the
easier the learning from further examples.

• The stronger the prior knowledge (or prior assumptions), the
less flexible the learning.

• We will come back to these issues in our discussion of the
selection of machine learning methods.
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When Do We Need Machine Learning?

When do we rely on machine learning rather than directly program
computers to carry out the task at hand?

• Complex tasks: Tasks that we do not understand well
enough to extract a well-defined program from our expertise
(e.g., analysis of large and complex data, driving).

• Tasks that change over time: Machine learning tools are,
by nature, adaptive to the changes in the environment they
interact with (e.g., spam detection, speech recognition).
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Types of Machine Learning

Supervised Learning
• Data: for every observation i = 1, . . . , n, we observe a vector
of inputs xi and an output yi.

• Goal: fit a model that relates output yi to inputs xi in order
to accurately predict the output for future observations.

• If Y is quantitative, then this problem is a regression problem;
if Y is categorical, then it is a classification problem.

Unsupervised Learning
• Data: for every observation i = 1, . . . , n, we observe a vector
of inputs xi but no associated output yi.

• Goal: learning about relationships between the inputs or
between the observations.
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Supervised Learning
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Statistical Decision Theory

• Let X ∈ Rp be a vector of input variables and Y ∈ R an
output variable, with joint distribution Pr(X,Y ).

• Our goal is to find a function f(X) for predicting Y given
values of X.

• We need a loss function L(Y, f(X)) that penalizes errors in
prediction.

• The most common loss function is squared error loss

L(Y, f(X)) = (Y − f(X))2. (1.2.1)
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Statistical Decision Theory

• The expected prediction error or expected test error is

expected test error = E(Y − f(X))2. (1.2.2)

• We choose f so as to minimize the expected test error.
• The solution is the conditional expectation

f(x) = E(Y | X = x). (1.2.3)

• Hence, the best prediction of Y at point X = x is the
conditional mean.
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Linear Model and Least Squares

• In linear regression, we specify a model to estimate the
conditional expectation in (1.2.3)

f̂(x) = xT β̂. (1.2.4)

• Using the method of least squares, we choose β̂ to minimize
the residual sum of squares

RSS(β) =
N∑

i=1
(yi − xT

i β)2. (1.2.5)
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Linear Model and Least Squares: Example

• Goal is to predict outcome variable G ∈ {blue, orange} on the
basis of training data on inputs X1 ∈ R and X2 ∈ R.

• We fit a linear regression to training data, with Y coded as 0
for blue and 1 for orange.

• Fitted values Ŷ are converted to a fitted variable Ĝ as follows

Ĝ =
{
orange if Ŷ > 0.5,
blue if Ŷ ≤ 0.5.

(1.2.6)

• In the figure below, the set of points classified as orange is
{x ∈ R2 : xT β̂ > 0.5} and the set of points classified as blue
is {x ∈ R2 : xT β̂ ≤ 0.5}. The linear decision boundary
separating the two predicted classes is {x ∈ R2 : xT β̂ = 0.5}.
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Linear Model and Least Squares: Example

• Several training observations are misclassified on both sides of
the decision boundary.

Linear Regression
2.3 Least Squares and Nearest Neighbors 13

Linear Regression of 0/1 Response
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FIGURE 2.1. A classification example in two dimensions. The classes are coded
as a binary variable (BLUE = 0, ORANGE = 1), and then fit by linear regression.
The line is the decision boundary defined by xT β̂ = 0.5. The orange shaded region
denotes that part of input space classified as ORANGE, while the blue region is
classified as BLUE.

The set of points in IR2 classified as ORANGE corresponds to {x : xT β̂ > 0.5},
indicated in Figure 2.1, and the two predicted classes are separated by the
decision boundary {x : xT β̂ = 0.5}, which is linear in this case. We see
that for these data there are several misclassifications on both sides of the
decision boundary. Perhaps our linear model is too rigid— or are such errors
unavoidable? Remember that these are errors on the training data itself,
and we have not said where the constructed data came from. Consider the
two possible scenarios:

Scenario 1: The training data in each class were generated from bivariate
Gaussian distributions with uncorrelated components and different
means.

Scenario 2: The training data in each class came from a mixture of 10 low-
variance Gaussian distributions, with individual means themselves
distributed as Gaussian.

A mixture of Gaussians is best described in terms of the generative
model. One first generates a discrete variable that determines which of

(Source: Hastie et al. 2009, 13)
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K-Nearest Neighbors

• K-nearest neighbors (KNN) directly estimates the conditional
expectation in (1.2.3) using the training data.

• However, instead of conditioning on x, KNN uses the K
observations in the training set that are closest in input space
to x to form an estimate of the conditional expectation:

f̂(x) = 1
K

∑
xi∈NK(x)

yi, (1.2.7)

where NK(x) is the neighborhood of x defined by the K
closest training observations xi.
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K-Nearest Neighbors: Example

• When KNN is applied to the above training data, Ŷ is the
proportion of orange outcomes in the neighborhood NK(x).

• Creating Ĝ according to rule (1.2.6) amounts to a majority
vote in the neighborhood.

• In the figures below, the decision boundaries are more irregular
than the decision boundary resulting from linear regression.
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K-Nearest Neighbors: Example

• Far fewer training observations are misclassified than in the
classification by linear regression.

KNN with K = 15
2.3 Least Squares and Nearest Neighbors 15

15-Nearest Neighbor Classifier
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FIGURE 2.2. The same classification example in two dimensions as in Fig-
ure 2.1. The classes are coded as a binary variable (BLUE = 0, ORANGE = 1) and
then fit by 15-nearest-neighbor averaging as in (2.8). The predicted class is hence
chosen by majority vote amongst the 15-nearest neighbors.

In Figure 2.2 we see that far fewer training observations are misclassified
than in Figure 2.1. This should not give us too much comfort, though, since
in Figure 2.3 none of the training data are misclassified. A little thought
suggests that for k-nearest-neighbor fits, the error on the training data
should be approximately an increasing function of k, and will always be 0
for k = 1. An independent test set would give us a more satisfactory means
for comparing the different methods.

It appears that k-nearest-neighbor fits have a single parameter, the num-
ber of neighbors k, compared to the p parameters in least-squares fits. Al-
though this is the case, we will see that the effective number of parameters
of k-nearest neighbors is N/k and is generally bigger than p, and decreases
with increasing k. To get an idea of why, note that if the neighborhoods
were nonoverlapping, there would be N/k neighborhoods and we would fit
one parameter (a mean) in each neighborhood.

It is also clear that we cannot use sum-of-squared errors on the training
set as a criterion for picking k, since we would always pick k = 1! It would
seem that k-nearest-neighbor methods would be more appropriate for the
mixture Scenario 2 described above, while for Gaussian data the decision
boundaries of k-nearest neighbors would be unnecessarily noisy.

KNN with K = 1
16 2. Overview of Supervised Learning

1−Nearest Neighbor Classifier
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FIGURE 2.3. The same classification example in two dimensions as in Fig-
ure 2.1. The classes are coded as a binary variable (BLUE = 0, ORANGE = 1), and
then predicted by 1-nearest-neighbor classification.

2.3.3 From Least Squares to Nearest Neighbors

The linear decision boundary from least squares is very smooth, and ap-
parently stable to fit. It does appear to rely heavily on the assumption
that a linear decision boundary is appropriate. In language we will develop
shortly, it has low variance and potentially high bias.

On the other hand, the k-nearest-neighbor procedures do not appear to
rely on any stringent assumptions about the underlying data, and can adapt
to any situation. However, any particular subregion of the decision bound-
ary depends on a handful of input points and their particular positions,
and is thus wiggly and unstable—high variance and low bias.

Each method has its own situations for which it works best; in particular
linear regression is more appropriate for Scenario 1 above, while nearest
neighbors are more suitable for Scenario 2. The time has come to expose
the oracle! The data in fact were simulated from a model somewhere be-
tween the two, but closer to Scenario 2. First we generated 10 means mk

from a bivariate Gaussian distribution N((1, 0)T , I) and labeled this class
BLUE. Similarly, 10 more were drawn from N((0, 1)T , I) and labeled class
ORANGE. Then for each class we generated 100 observations as follows: for
each observation, we picked an mk at random with probability 1/10, and

(Source: Hastie et al. 2009, 15f.)
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Linear Regression Versus k-Nearest Neighbors

• Linear model assumes that f(x) is well approximated by a
globally linear function: its predictions are stable but possibly
inaccurate (low variance and high bias).

• KNN assumes that f(x) is well approximated by a locally
constant function: its predictions are often accurate but can
be unstable (low bias and high variance).
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Linear Regression Versus K-Nearest Neighbors

• Should we choose the stable but biased linear model or the
less biased but less stable KNN method?

• Perhaps, with a large set of training data, we can always
approximate the theoretically optimal conditional expectation
by KNN?

• No! If the input space is high-dimensional, then the nearest
training observations need not be close to the target point
(curse of dimensionality).

• KNN may be inappropriate even in low dimensions if more
structured approaches can make more efficient use of the data.
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