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It is not knowledge, but the act of learning ... which grants the greatest
enjoyment.
Carl Friedrich Gauss

Machine learning is an interdisciplinary field in the intersection of math-
ematical statistics and computer sciences. Machine learning studies sta-
tistical models and algorithms for deriving predictors or meaningful pat-
terns from empirical data. Machine learning techniques are applied in
search engine, speech recognition and natural language processing, image
detection, robotics etc.. In our course we address the following questions:
What is the mathematical model of learning? How to quantify the diffi-
culty /hardness/complexity of a learning problem? How to choose a learning
algorithm? How to measure success of machine learning?

The syllabus of our course:

1. Supervised learning and unsupervised learning.

2. Generalization ability of machine learning.

3. Fisher metric and stochastic gradient descend.

4. Support vector machine, Kernel machine and Neural network.

Recommended Literature.

1. F. Cucker and S. Smale, On mathematical foundations of learning,
Bulletin of AMS, 39(2001), 1-49.

2. K. P. Murphy, Machine learning: a probabilistic perspective (MIT
press, 2012).

3. M. Sugiyama, Introduction to Statistical Machine Learning, Elsevier,
2016.

4. S. Shalev-Shwartz, and S. Ben-David, Understanding Machine Learn-
ing: From Theory to Algorithms, Cambridge University Press, 2014.

1. LEARNING, MACHINE LEARNING AND ARTIFICIAL INTELLIGENCE

Machine learning is the foundation of countless important applications
including speech recognition, image detection, self-driving car and many
thing more which I shall discuss today in my lecture. Machine learning
techniques are developed using many mathematical theories. In my lecture
course I shall explain the mathematical model of machine learning and how
do we design a machine which shall learn successfully.

In my today lecture I shall discuss the following topics.

1. What are learning, inductive learning and machine learning.

2. History of machine learning and artificial intelligence.

3. Current tasks and main types of machine learning.

4. Basic questions in mathematical foundation of machine learning.

1.1. Learning, inductive learning and machine learning. To start our
discussion on machine learning let us begin first with the notion of learning.
Every one from us know what is learning from our experiences at the very
early age.
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(a) Small children learn to speak by observing, repeating and mimicking
adults’ phrases. At the beginning their language is very simple and often er-
roneous. Gradually they speak freely with less and less mistakes. Their way
of learning is inductive learning: from examples of words and phrases they
learn the rules of combinations of these words and phrases into meaningful
sentences.

(b) In school we learn mathematics, physics, biology, chemistry by fol-
lowing the instructions of our teachers and those in textbooks. We learn
general rules and apply them to particular cases. This type of learning is
deductive learning. Of course we also learn inductively in school by search-
ing similar patterns in new problems and then apply the most appropriate
methods possibly with modifications for solving the problem.

(c) Experimental physicists design experiments and observe the outcomes
of the experiments to validate/support or dispute/refute a statement/conjecture
on the nature of the observables. In other words experimental physicists
learn about the dependence of certain features of the observables from em-
pirical data which are outcomes of the experiments. This type of learning
is inductive learning.

In mathematical theory of machine learning, or more general, in mathe-
matical theory of learning we consider only inductive learning. Deductive
learning is not very interesting; essentially it is equivalent to performing a set
of computations using a finite set of rules and a knowledge database. Clas-
sical computer programs learn or gain some new information by deductive
learning.

Let me suggest a definition of learning, that will be updated later to be
more and more precise.

Definition 1.1. A learning is a process of gaining new knowledge, more
precisely, new correlations of features of observable by examination of em-
pirical data of the observable. Furthermore a learning is successful if the
correlations can be tested in examination of new data and will be more
precise with the increase of data.

The above definition is an expansion of Vapnik’s mathematical postula-
tion: “Learning is a problem of function estimation on the basis of empirical
data”.

Example 1.2. A classical example of learning is that of learning a physical
law by curve fitting to data. In mathematical terms, a physical law is
expressed by a function f, and data are the value y; of f at observable
points z;. Usually we also know that (or assume that) the desired function
belongs to a finite dimensional space. The goal of learning in this case is
to estimate the unknown f from a set of pairs (z1,y1), -, (Tm,ym). For
instance, if f is assumed to be a polynomial of degree d over R, then f
belongs to a N-dimensional linear space RY, where N = d + 1, and to
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estimate f is the same as to estimate the unknown coefficients wy, - - - , wy
of monomial components in f, observing the data (z;,y;).

The most popular method of curve fitting is the least square method
which quantifies the error of the estimation of the coefficients (wy, - ,wgq)
in terms of the value

m

d
(1.1) > (fuwlws) — yi)* with fu(z) = > w;a!
=0

i=1

which the desired function f should minimize. If the measurements gener-
ating the data (z;,y;) were exact, then f(z;) would be equal to y; and the
learning problem is an interpolation problem. But in general one expects
the values y; to be affected by noise.

The least square technique, going back to Gauss and Legendre EL which
is computational efficient and relies on numerical linear algebra, solves this
minimization problem.

In the case of measurement noise, which is the reality according to quan-
tum physics, we need to use the language of probability theory to model
the noise and therefore to use tools of mathematical statistics in learning
theory. That is why statistical learning theory is important part of machine
learning theory.

1.2. A brief history of machine learning. Machine learning was born
as a domain of artificial intelligence and it was reorganized as a separated
field only in the 1990s. Below I recall several important events when the
concept of machine learning has been discussed by famous mathematicians
and computer scientists.

e In 1948 John von Neumann suggested that machine can do any thing
that peoples are able to do.

e In 1950 Alan Turing asked “Can machines think?” in “Computing Ma-
chine and Intelligence” and proposed the famous Turing test. The Turing
test is carried out as imitation game. On one side of a computer screen sits
a human judge, whose job is to chat to an unknown gamer on the other
side. Most of those gamers will be humans; one will be a chatbot with the
purpose of tricking the judge into thinking that it is the real human.

e In 1956 John McCarthy coined the term “artificial intelligence”.

e In 1959, Arthur Samuel, the American pioneer in the field of com-
puter gaming and artificial intelligence, defined machine learning as a field
of study that gives computers the ability to learn without being explicitly
programmed. The Samuel Checkers-playing Program appears to be the
world’s first self-learning program, and as such a very early demonstration
of the fundamental concept of artificial intelligence (AI).

IThe least-squares method is usually credited to Carl Friedrich Gauss (1809), but it
was first published by Adrien-Marie Legendre (1805)
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In the early days of Al, statistical and probabilistic methods were em-
ployed. Perceptrons which are simple models used in statistics were used
for classification problems in machine learning. Perceptrons were later de-
veloped into more complicated neural networks. Because of many theoret-
ical problems and because of small capacity of hardware memory and slow
speed of computers statistical methods were out of favour. By 1980, ex-
pert systems, which were based on knowledge database, and inductive logic
programming had come to dominate Al. Neural networks returned back to
machine learning with success in the mid-1980s with the reinvention of a
new algorithm and thanks to increasing speed of computers and increasing
hardware memory.

Machine learning, reorganized as a separate field, started to flourish in
the 1990s. The current trend is benefited from Internet.

In the book by Russel and Norvig “Artificial Intelligence a modern Ap-
proach” (2010) AI encompass the following domains:

- natural language processing,

- knowledge representation,

- automated reasoning to use the stored information to answer questions
and to draw new conclusions;

- machine learning to adapt to new circumstances and to detect and extrap-
olate patterns,

- computer vision to perceive objects,

- robotics.

All the listed above domains of artificial intelligence except knowledge
representation and robotics are now considered domains of machine learning.
Pattern detection and recognition were and are still considered to be domain
of data mining but they become more and more part of machine learning.
Thus Al = knowledge representation + ML + robotics.

e representation learning, a new word for knowledge representation but
with a different flavor, is a part of machine learning.

e Robotics = ML + hardware.

Why did such a move from artificial intelligence to machine learning hap-
pen?

The answer is that we are able to formalize most concepts and model
problems of artificial intelligence using mathematical language and represent
as well as unify them in such a way that we can apply mathematical methods
to solve many problems in terms of algorithms that machine are able to
perform.

As a final remark on the history of machine learning I would like to
note that data science, much hyped in 2018, has the same goal as machine
learnilrzllg: Data science seeks actionable and consistent pattern for predictive
uses. |4

2according to Dhar, V. (2013). “Data science and prediction”. Communications of the
ACM. 56 (12): 64. doi:10.1145/2500499, see also wiki site on data science
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1.3. Current tasks and types of machine learning. Now I shall de-
scribe what current machine learning can perform and how they do it.

1.3.1. Main tasks of current machine learning. Let us give a short descrip-
tion of current applications of machine learning.

Classification task assigns a “category” []to each item. In mathematical
language, a category is an element in a countable set. For example, docu-
ment classification may assign items with categories such as politics, email
spam, sports, or weather while image classification may assign items with
categories such as landscape, portrait, or animal. The number of categories
in such tasks can be unbounded as in OCR, text classification, or speech
recognition. In short, a classification task is a construction of a function on
the set of items that takes value in a countable set of categories.

As we have remarked in the classical example of learning (Example ,
usually we have ambiguous/incorrect measurement and we have to add a
“noise” to our measurement. If every thing would be exact, the classification
task is the classical interpolation function problem in mathematics.

Regression task predicts a real value, i.e., a value in R, for each item.
Examples of regression tasks include learning physical law by curve fitting
to data (Example with application to predictions of stock values or
variations of economic variables. In this problem, the error of the prediction,
which is also called estimation in Example depends on the magnitude
of the distance between the true and predicted values, in contrast with the
classification problem, where there is typically no notion of closeness between
various categories. In short, a regression task is a construction of a function
on the set of items that takes value in R. As in the classification task,
in regression problems we also need to take into account a “noise” from
incorrect measurement for the regression problem. E|

Density estimation task finds the distribution of inputs in some space.
Over one hundred year ago Karl Pearson (1980-1962), the founder of the
modern statistics, E| proposed that all observations come from some proba-
bility distribution and the purpose of sciences is to estimate the parameter

3the term “category” used in machine learning has another meaning than the term
“category” in mathematics. In what follows we use the term “category” accepted in ML
community without bracket.

4The term “regression” was coined by Francis Galton in the nineteenth century to
describe a biological phenomenon. The phenomenon was that the heights of descendants
of tall ancestors tend to regress down towards a normal average (a phenomenon also
known as regression toward the mean of population). For Galton, regression had only this
biological meaning, but his work was later extended by Udny Yule and Karl Pearson to a
more general statistical context: movement toward the mean of a statistical population.
Galton’s method of investigation is non-standard at that time: first he collected the data,
then he guessed the relationship model of the events.

5 He founded the world’s first university statistics department at University College
London in 1911, the Biometrical Society and Biometrika, the first journal of mathematical
statistics and biometry.
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of these distributions. A particular case of parameter estimation is den-
sity estimation problem. Density estimation problem has been proposed
by Ronald Fisher (1980-1962), the father of modern statistics and experi-
ment designs, ﬁ as a key element of his simplification of statistical theory,
namely he assumed the existence of a density function p(&) that governs the
randomness (the noise) of a problem of interest.

Digression. The measure v is called dominated by p (or absolutely contin-
uous with respect to p), if v(A) = 0 for every set A with p(A) = 0. Notation:
v << pu. By Radon-Nykodym theorem, see Appendix, Subsection we
can write

v=1[f-pu
and f is the density function of v w.r.t. pu.

For example, the Gaussian distribution on the real line is dominated by
the canonical measure dx and we express the standard normal distribution
in terms of its density

1 1
f(z) = Nors exp(—§m2).

The classical problem of density estimation is formulated as follows. Let
a statistical model A be a class of densities subjected to a given dominant
measure. Let the unknown density p(x,§) we need to estimate belong to
the statistical model A, which is parameterized by £&. The problem is to
estimate the parameter £ of p(x,§) using i.i.d. data Xy, .-, X; distributed
according to this unknown density.

Ranking task orders items according to some criterion. Web search, e.g.,
returning web pages relevant to a search query, is the canonical ranking
example. If the number of ranking is finite, then this task is close to the
classification problem, but not the same, since in the ranking task we need
to specify each rank during the task and not before the task as in the clas-
sification problem.

Clustering task partitions items into (homogeneous) regions. Clustering
is often performed to analyze very large data sets. Clustering is one of the
most widely used techniques for exploratory data analysis. In all disciplines,
from social sciences to biology to computer science, people try to get a
first intuition about their data by identifying meaningful groups among the
data points. For example, computational biologists cluster genes on the
basis of similarities in their expression in different experiments; retailers
cluster customers, on the basis of their customer profiles, for the purpose
of targeted marketing; and astronomers cluster stars on the basis of their
spacial proximity.

6Fisher introduced the main models of statistical inference in the unified framework of
parametric statistics. He described different problems of estimating functions from given
data (the problems of discriminant analysis, regression analysis, and density estimation)
as the problems of parameter estimation of specific (parametric) models and suggested the
maximum likelihood method for estimating the unknown parameters in all these models.
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Dimensionality reduction or manifold learning transforms an initial repre-
sentation of items in high dimensional space into a space of lower dimension
while preserving some properties of the initial representation. A common
example involves pre-processing digital images in computer vision tasks.
Many of dimensional reduction techniques are linear. When the technique
is non-linear we speak about manifold learning technique. We can regard
clustering as dimension reduction too.

1.3.2. Main types of machine learning. The type of a machine learning task
is defined by the type of interaction between the learner and the environment.
More precisely we consider types of training data, i.e., the data available to
the learner before making decision and prediction, the outcomes and the test
data that are used to evaluate and apply the learning algorithm.

Main types of machine learning are supervised, unsupervised and rein-
forcement.

e In supervised learning a learning machine is a device that receives labeled
training data, i.e., the pair of a known instance and its feature, also called
label. Examples of labeled data are emails that are labeled “spam” or “no
spam” and medical histories that are labeled with the occurrence or absence
of a certain disease. In these cases the learners output would be a spam
filter and a diagnostic program, respectively. Most of classification and
regression problems of machine learning belong to supervised learning. We
also interpret a learning machine in supervised learning as a student who
gives his supervisor a known instance and the supervisor answers with the
known feature.

o In unsupervised learning there is no additional label attached to the
data and the task is to describe structure of data. Since the examples (the
available data) given to the learning algorithm are unlabeled, there is no
straightforward way to evaluate the accuracy of the structure that is pro-
duced by the algorithm. Density estimation, clustering and dimensionality
reduction are examples of unsupervised learning problems. Most important
applications of unsupervised learning are finding association rules that are
important in market analysis, banking security and consists of important
part of pattern recognition, which is important for understand advanced Al.
Regarding a learning machine in unsupervised learning as a student, then
the student has to learn by himself without teacher. This learning is harder
but happens more often in life. At the current time, except few tasks, which
I shall consider in the next lecture, unsupervised learning is primarily de-
scriptive and experimental whereas supervised learning is more predictive
(and has deeper theoretical foundation).

o Reinforcement learning is the type of machine learning where a learner
actively interacts with the environment to achieve a certain goal. More
precisely, the learner collects information through a course of actions by
interacting with the environment. This active interaction justifies the ter-
minology of an agent used to refer to the learner. The achievement of the
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agent’s goal is typically measured by the reward he receives from the en-
vironment and which he seeks to maximize. For examples, reinforcement
learning is used in self-driving car. Reinforcement learning is aimed at ac-
quiring the generalization ability in the same way as supervised learning,
but the supervisor does not directly give answers to the students questions.
Instead, the supervisor evaluates the students behavior and gives feedback
about it.

1.4. Basic questions in mathematical foundations of machine learn-
ing. Let me recall that a learning is a process of gaining knowledge on a
feature of observables by examination of partially available data. The learn-
ing is successful if we can make a prediction on unseen data, which improves
when we have more data. For example, in classification problem, the learn-
ing machine has to predict the category of a new item from a specific set,
after seeing a lot of labeled data consisting of items and their categories.
The classification task is a typical task in supervised learning where we can
explain how and why a learning machine works and how and why machine
learns successfully. Mathematical foundations of machine learning aim to
answer these questions in mathematical language.

Question 1.3. What is the mathematical model of learning?

To answer Question [1.3| we need to specify our definition of learning in a
mathematical language which can be used to build instructions for machines.

Question 1.4. How to quantify the difficulty/complexity of a learning prob-
lem?

We quantify the difficulty of a problem in terms of its time complexity,
which is the minimum time needed for performing computer program to
solve a problem, and in term of its resource complexity which measure the
capacity of data storage and energy resource needed to solve the problem.
If the complexity of a problem is very large then we cannot not learn it. So
Question contains the sub-question “ why can we learn a problem?”

Question 1.5. How to choose a learning algorithm?

Clearly we want to have a best learning algorithm, once we know a model
of a machine learning which specifies the set of possible predictors (decisions)
and the associated error/reward function.

By Deﬁnition a learning process is successful, if its prediction /estimation
improves with the increase of data. Thus the notion of success of learn-
ing process requires a mathematical treatment of asymptotic rate of er-
ror/reward in the presence of complexity of the problem.

Question 1.6. Is there a mathematical theory underlying intelligence?

I shall discuss this speculative question in the last lecture.
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1.5. Conclusion. Machine learning is automatized learning, whose perfor-
mance is improves with increasing volume of empirical data. Machine learn-
ing uses mathematical statistics to model incomplete information and the
random nature of the observed data. Machine learning is the core part of ar-
tificial intelligence. Machine learning is very successful experimentally and
there are many open questions concerning its mathematical foundations.
Mathematical foundations of machine learning is necessary for building gen-
eral purpose artificial intelligence, also called Artificial General Intelligence
(AGI), or Universal Artificial Intelligence (UAI). The importance of math-
ematical foundations for AGI shall be clarified in the third lecture.

Finally I recommend some sources for further reading.

e . Cucker and S. Smale, On mathematical foundations of learning,
Bulletin of AMS, 39(2001), 1-49.

e B. M. Lake, T. D. Ullman, J. B. Tenenbaum, and S. J. Gershman,
Building machines that learn and think like people. Behavioral and
Brain Sciences,(2016) 24:1-101, arXiv:1604.00289.

e S. J. Russell and P. Norvig, Artificial Intelligence A Modern Ap-
proach, Prentice Hall, 2010.

2. STATISTICAL MODELS AND FRAMEWORKS FOR SUPERVISED LEARNING

Last week we discussed the concept of learning and examined several
examples. Today I shall specify the concept of learning by presenting basic
mathematical models of supervised learning.

A model is simply a compact representation of possible data one could
observe. Modeling is central to the sciences. Models allow one to make
predictions, to understand phenomena, and to quantify, compare and falsify
hypotheses. A model for machine learning must be able to make predictions
and improves their ability to make predictions in light of new data.

The model of supervised learning I present today is based on Vapnik’s
statistical learning theory, which starts from the following concise concept
of learning.

Definition 2.1. ([Vapnik2000, p. 17]) Learning is a problem of function
estimation on the basis of empirical data.

There are two main model types for machine learning: discriminative
models and generative models. They are distinguished by the type of func-
tions we want to estimate for understanding the feature of observable.

2.1. Discriminative model of supervised learning. Let us consider a
toy example of a classification task, which like regression tasks (Example
1.2)), is a typical example of supervised learning.

Example 2.2 (Toy example). A ML firm wants to estimate the potential
of applicants to new positions of developers of algorithms in ML of its firm
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based on its experience that the potential of a software developer depends on
three qualities of an applicant: his/her analytical mathematical skill rated
by the mark (from 1 to 20) in his/her graduate diploma, his/her computer
sciences skill, rated by the mark (from 1 to 20) in his/her graduate diploma,
and his/her communication skill rated by the firm test (scaled from 1 to 5).
The potential of an applicant for the open position is evaluated in scale 1-
10. Since the position of a developer of algorithm in ML will be periodically
re-opened and therefore they want to design a ML program to predict the
potential of applicants such that the program automatically will be improved
with time.

A discriminative model of supervised learning consists of the following
components.

e A domain set X (also called an input space) consists of elements, whose
features we like to learn. Elements x € X are called random inputs (or ran-
dom instances) |Z| which are distributed by an unknown probability measure
ux. In other words, the probability that x belongs to a subset A C X is
pux(A). The probability distribution gy models our incomplete information
about elements x € X'. In general we don’t know the distribution px.

(In the toy example of a ML firm the domain set X is the set of all
applicants, more precisely, their representing features: the marks in math,
in CS, and in communication test. Hence X = [1,20] x [1,20] x [1,5]. In
the regression example of learning a physical law (Example the domain
set X is the set of all polynomials of degree at most d, hence X is identified
with R%.)

e An output space ), also called a label set, consists of possible features
(also called labels) y of inputs = € X. We are interested in finding a predic-
tor/mapping h : X — Y such that a feature of x is h(z). If such a mapping
h exists and is measurable, the feature h(z) is distributed by the measure
h«(px). In general such a function does not exist, and we assume that there
exists only a probability measure puxxy on the space (X x ) that defines the
probability that y is a feature of z, i.e., the probability of (z,y) € A C X x )Y
being a labeled pair is equal to pxxy(A). In general we don’t know pyxy.

(In the toy example the label set Y = [1,10] is the set of all possible
potentials scaled from 1 to 10. In the example of learning a physical law
(Example the label set is the set R of all possible value of f(x).)

e A training data is a sequence S = {(z1,y1), * , (Tn,yn)} € (X x V)™ of
observed labeled pairs, which are usually assumed to be i.i.d. (independently

7classically, elements of X are considered as (values of) random variables, where the
word “variable” means “unknown”. When X is an input space (resp. an output space)
its elements are also called independent (resp. dependent) variables. Since nowadays
the word variable has a different meaning, like [Ghahramani2013| p. 4], I would avoid
“random variable” in this situation. Some authors, e.g. [Billingsley1999, p.24] use the
terminology “random elements” for measurable mappings.
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identically distributed). In this case S is distributed by the product measure
Wy on (X x Y)". The number n is called the size of S. S is thought as
given by a “supervisor”.

o A hypothesis space H C Y* of possible predictors h : X — V.
(In Example we may wish to choose
H:={h: X — Y|h(z,y,z) = ax + by + cz for some a,b,c € Z>¢}
and in Example [I.2] we choose
H :={h:R — R| h is a polynomial of degree at most d } = R+!
to simplify our search for a best prediction.)

e The aim of a learner is to find a best prediction rule A that assigns a
training data .S to a prediction hg € H. In other words the learner needs to
find a rule, more precisely, an algorithm

(2.1) A [ J@ x )" = H, S hg
neN
such that hg(x) predicts the label of (unseen) instance = with the less error.

e The error function, also called a risk function, measures the discrepancy
between a hypothesis h € ‘H and an ideal predictor. The error function is
a central notion in learning theory. This function should be defined as
the averaged discrepancy of h(x) and y, where (z,y) runs over X x ).
The averaging is calculated using the probability measure p := paxxy that
governs the distribution of labeled pair (x,y). Thus a risk function R must
depend on p, so we denote it by R,. It is accepted that the risk function
R, : H — R is defined as follows.

(2.2) Rl(h) = /Xxy L(z,y,h)du

where L : X X Y x H — R is an instantaneous loss function that measures
the discrepancy between the value of a prediction/hypothesis h at « and the
possible feature y:

(23) L(w,y,h) = d(y, h(w)).
Here d : Y x ) is a non-negative function that vanishes at the diagonal
{(y,9)|y € Y} of ¥ x Y. For example d(y,y’) = |y — ¥/|>. By taking
averaging over (X x ))) using u, we effectively count only the points (x,y)
which are correlated as labeled pairs.

Note the expected risk function is well defined on H only if L(z,y,h) €
LY X x Y, p) for all h € H.

e The main question of learning theory is to find necessary and sufficient
conditions for the existence of a prediction rule A in such that the error
of hg converges to the error of an ideal predictor, or more precisely, to the
infimum of the error of h over h € H, and then to construct such A.
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Remark 2.3. (1) In our discriminative model of supervised learning we
model the random nature of training data S € (X x ))" via a probability
measure f, on (X x V)", where u, = pp is the training data are i.i.d..
We don’t need a probability measure on X to model the random nature of
x € X. The main difficulty in search for the best prediction rule A is that
we don’t know u”, we know only training data S distributed by u™.

(2) Note the expected risk function is well defined on H only if L(z,y, h) €
LY (X x Y, p) for all h € H. Since we don’t know u, we should assume that
L € LY (X xY,v) for any v € Py, where Py is a family of probability measures
on X x )Y that contains the unknown pu.

(3) The quasi-distance function d : J) x J — R induces a quasi-distance
function d"™ : Y™ x Y™ — R as follows

(2'4) dn([yh e 7yn]7 [yi, e 7y’;L]) = Zd(yuy;)7
i=1
and therefore it induces the expected loss function Rﬁgdn) : H — R as follows

RAT G = [ o ), B

(2.5) :n//’\’xy L(z,y,h)dp.

Thus it suffices to consider only R, (h), if S is a sequence of i.i.d. observables.

(4) Now we show that the classical case of learning a physical law by fitting
to data, assuming exact measurement, is a “classical limit” of our discrimi-
native model of supervised learning. In the classical learning problem, since
we know the exact position S := {(z1,91), -, (Tn,yn)} € (X X V)", we as-
sign the Dirac (probability measure) jug := 0z,,4, X -+ X 0z, 4y, to the space
(X x )" ﬁ Now let d(y,') = |y — o/|?, it is not hard to see that

(2.6) R () = h() = wil?
i=1

coincides with the error of estimation in ([1.1)).

Example 2.4 (0-1 loss). Let us take H = Y% - the subset of all mapping
X — Y. The 0-1 instantaneous loss function L : X x Y x H — {0,1} is
defined as follows: L(z,y,h) := d(y,h(z)) =1 — 5%(1)' The corresponding
expected 0-1 loss determines the probability of the answer h(z) that does
not correlate with x:

(2.7) RY D (h) = pasy{(m,y) € X x Y| h(x) # y} = 1— paxy({z, h(z)}).

Example 2.5. Assume that z € X" is distributed by a probability measure
wx and its feature y is defined by y = h(z) where h : X — ) is a measurable

8the probability that A contains S is 6s(A)
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mapping. Denote by I'y, : X — X x ), z — (z,y), the graph of h. Then
(z,y) is distributed by the push-forward measure up, := (I'y)«(ux ), where

(2.8) (Tp)spae(A) = px (T, (A)) = px (TEI(A N Fh(X)))-

Let us compute the expected 0-1 loss function for a mapping f € H = ¥
w.r.t. the measure pp. By (2.7) and by ([2.8]) we have

(2.9) ROV(f) =1 — pa(z|f(x) = h(x)).

Hence Rl(gfl)(f) =0iff f=h pr-a. e.

2.2. Generative model of supervised learning. In many cases a dis-
criminative model of supervised learning may not yield a successful learning
algorithm because the hypothesis space H is too small and cannot approx-
imate a desired prediction for a feature € ) of instance x € X with a
satisfying accuracy, i.e., the optimal performance error of the class ‘H

L . _ L
(2.10) Ry = ligt R, (h)

that represents the optimal performance of a learner using H is quite large.
One of possible reasons of this failure is that, a feature y € Y of x cannot
be accurately approximated (using an instantaneous loss function L) by any
function h : X — Y.
In general case we may wish to estimate the probability that y € ) is
a feature of x. 'This is expressed in term of the conditional probability
P(y € B|z) - the probability that a feature y of € X belongs to B C Xy.

Digression. Conditional probability is one of most basic concepts in prob-
ability theory. In general we always have a prior information before taking
decision, e.g. before estimating the probability of a future event. Condi-
tional probability P(A|B) formalizes the probability of an event A given the
knowledge that event B happens. Here we assume that A, B are elements
of the sigma-algebra Xy of a measurable space (X, X y). If X' is countable,
the concept of conditional probability can be defined straightforward:

P(ANB)
P(B)

It is not hard to see that, given B, the conditional probability P(-|B) defined
in is a probability measure on X', A — P(A|B), which is called the
conditional probability measure given B. In its turn, by taking integration
over X using the conditional probability P(-|B), we obtain the notion of
conditional expectation, given B, which shall be denoted by Ep(.| gy Therefore
the conditional expectation given B is a function on X y.

In general case when X is not countable the definition of conditional
probability is more subtle, especially when we have to define P(A|B), where
B has null-measure. A typical situation is the case B = h~!(zy), where

(2.11) P(A|B) =
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h: X — Z is a random variable (a measurable mapping). To treat this im-
portant case we need to define first the notion of conditional expectation, see
Subsection[A.2]in Appendix. What is important for our applications in many
case is the notion of conditional distribution P(A|h(x) = 2p), which can be
expressed by a function on Z moreover we also require that P(-|h(z) = z)
is dominated by a measure py for all zg € Z, i.e., there exists a density
function f(z|z9) on X such that by we have

P(Alh(z) = z0) = /A F(alzo)x-

We may also wish to estimate the joint distribution p := pxxy of ii.d.
labeled pairs (x,y). By Formula the joint distribution pxxy can be
recovered from conditional probability u(y|x), see also Subsection Once
we know p we know the expected risk Rﬁ for an instantaneous loss function

L, and hence a minimizing sequence {h; € H} of Rﬁ
: L L
nlgrolo R;(hi) =R, 4

can be determined. In many cases we can find an explicit formula for the
Bayes optimal predictor that minimizes the expected risk value Rﬁ , once [
is known.

Exercise 2.6 (The Bayes Optimal Predictor). ([SSBD2014, p. 46]) If Y =
Zs there is an explicit formula for a Bayes classifier, called the Bayes optimal
predictor. Given any probability distribution D over X x {0,1}, the best
label predicting function from X to {0, 1} will be

| 1 ifr(x):=Dly=1lz] > 1/2
fp(x) = { 0 otherwise

Show that for every probability distribution D, the Bayes optimal predictor
fp is optimal. In other words for every classifier g we have Rp(fp) < Rp(g).

Exercise 2.7 (Regression optimal Bayesian estimator). In regression prob-
lem the output space ) is R. Let us define the following embedding

i RY = RYY [0 (f)](2,y) = f(2),
iz : RY = ROV [in()](2,y) = f(y)-
(These embeddings are adjoint to the projections: X : X x R rkf X and
X xRE R.) For a given probability measure p on X x R we set
LA(X, (Tlx).p) = {f € RY[i1(f) € LX(X X R, p)},

L*(R, (Ig)«p) = {f € R¥|ia(f) € L*(X x R, p)}.
Now we let F := L?(X,I.(11)). Let Y denote the function on R such that
Y(y) = y. Assume that Y € L?(R, (Tlg).p) and define the quadratic loss
function L : X x Y x F = R

(2.12) L(z,y,h) == |y — h(z)|?,
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(2.13) R (h) = Eu (Y (y) = h(@)?) = li2(Y) = i1(h) [z )

The expected risk Rﬁ is called the Lo-risk, also known as mean squared error
(MSE). Show that the regression function r(z) := E,(i2(Y)|X = z) belongs
to F and minimizes the Lo(p)-risk.

Definition 2.8. A model of supervised learning with the aim to estimate
the conditional distribution P(y € Blz), in particular, a conditional density
function p(y|z), or joint distribution of (x,y) is called a generative model of
supervised learning.

Remark 2.9. Generative models give us more complete information of the
correlation between a feature y and an instance x but they are more com-
plicated, since even in the regular case, a conditional density function is a
function of two variables x and y and we cannot express this correlation
as a dependence of y from z. In fact, we could interpret a density func-
tion p(y|z) as a probabilistic mapping from X to Y: p(y|x) indicates the
probability that the value of a mapping in consideration at x is equal to y.
In many practical cases, following Fisher suggestion, [Vapnik2006, p. 481],
[Sugiyama2016), p. 236], we often assume that y can be expressed in terms
of a function of = up to a white noise, i.e.

(2.14) y=f(z)+e

where ¢ is a random error (a measurable function on X’) with zero expecta-
tion i.e., E,(e) = 0.
This simplified setting of a supervised learning is a discriminative model.

2.3. Empirical Risk Minimization and overfitting. In a discriminative
model of supervised learning our aim is to construct a prediction rule A that
assigns a predictor hg to each sequence

S = {(xlayl)u T ,(xn,yn)} € (X x y)n

of i.i.d. labeled data such that the expected error Rﬁ(hs) tends to the
optimal performance error Rﬁﬂ of the class H. One of most popular ways
to find a prediction rule A is to use the Empirical Risk Minimization.
For a loss function
L:XxYxH—R,

and a training data S € (X x ))" we define the empirical risk of a predictor
h as follows

n

(2.15) Rg(h) =~ z; L(z;,yi,h) € R.
1=
If L is fixed, then we also omit the superscript L.
The empirical risk is a function of two variables: the “empirical data” S

and the predictor h. Given S a learner can compute Rs(h) for any function
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h:X — Y. A minimizer of the empirical risk should have also “approxi-
mately” minimize the expected risk. This is the empirical risk minimization
principle, abbreviated as ERM.

Remark 2.10. We note that
(2.16) RED (ny = LRI )

n Ks
where pg is the Dirac measure on (X x )™ associated to S, see . Ifh
is fixed, by the weak law of large numbers, the RHS of converges in
probability to the expected risk Rﬁ(h), so we could hope to find a condition
under which the RHS of for a sequence of hg, instead of h, converges
to Rﬁﬂ.

Example 2.11. In this example we shall show the failure of ERM in certain
cases. The 0-1 empirical risk corresponding to 0-1-loss function L : X x ) X
V¥ —{0,1} is defined as follows

_lie [ h(z) £y

n

(2.17) R (n)

for a training data S = {(x1,v1), -, (Zn,yn)} and a function h : X — ).
We also often call ROS_I(h) - the training error or the empirical error.

Now we assume that labeled data (z,y) is generated by amap f: X — ),
e,y = f(x), and further more, z is distributed by a measure py on X as in
Example Then (z, f(x)) is distributed by the measure pp = (I'y)«(px)-
Let H = Y*. Then f € H and Rg;l(f) = 0. For any given ¢ > 0 and
any n we shall find a map f, a measure py, and a predictor hg, such that
R '(hs,) = 0 and R *(hs,) = e, which shall imply that the ERM is
invalid in this case.

Set

(2.18)

| f(z) if there exists i € [n] s.t. z; ==
hisn (%) = { 0 otherwise.

Clearly R%;l(hsn) = 0. We also note that hg,(z) = 0 except finite (at
most n) points z in X

Let X be the unit cube I*¥ in R¥ and Y = Z,. Let o be the Lebesgue
measure on I*, k > 1.We decompose X into a disjoint union of two measur-
able subsets A; and Ag such that ux(A4;) =¢. Let f: X — Za be equal 14,
- the indicator function of A;. By we have

(2.19) Ry (hs,) = px({z € X|hs, (x) # 14,(2)}).
Since hg, (z) =0 a.e. on X it follows from (2.19)) that
Ry, (hs,) = px (A1) = €.

Such a predictor hg, is said to be overfitting, i.e., it fits well to training
data but not real life.
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Exercise 2.12 (Empirical risk minimization). Let X x ) = R? x R and
F:={h:X = Y|FvecR%: h(x) = (v,z)} be the class of linear functions in
V¥, For S = ((xi,yi))?zl € (X x V)" and the quadratic loss L (defined in
), find the hypothesis hg € F that minimizes the empirical risk Ré

The phenomenon of overfitting suggests the following questions concern-
ing ERM principle [Vapnik2000} p.21]

1) Can we learn in discriminative model of supervised learning using the
ERM principle?

2) If we can learn, we would like to know the rate of convergence of the
learning process as well as construction method of learning algorithms.

We shall address these questions later in our course and recommend the
books by Vapnik on statistical learning theory for further reading.

2.4. Conclusion. In this lecture we learn a discriminative model of super-
vised learning which consists of a hypothesis space H of functions X — Y
and an expected risk function Rﬁ on H where L is an instantaneous loss
function and g € P(X x Y) is a unknown probability distribution of la-
beled pairs on X x ). The aim of a learner is to find a prediction rule
A : S — hg € H such that (z,hs(x)) approximates the labeled training
data best, assuming that S is a sequence of i.i.d. labeled training data. The
ERM principle suggests that we could choose hg to be the minimizer of the
empirical risk Rg and we hope that as the size of S increases the expected
error Rﬁ (hg) converges to the optimal performance error Rﬁﬂ. Without
further condition on ‘H and L the ERM principle does not work.

3. STATISTICAL MODELS AND FRAMEWORKS FOR UNSUPERVISED
LEARNING AND REINFORCEMENT LEARNING

Last week we learned discriminative and generative models of supervised
learning. The starting point of our models is Vapnik’s postulate: learning
is a problem of function estimation on the basis of empirical data. In super-
vised learning we are given i.i.d. labeled data and the problem is to predict
the label of a new/unseen instance. If we regard this prediction as a function
X — Y (up to a negligible noise) then we have to find/estimate a function
from a hypothesis space H C V¥ such that its expected error is as small
as possible, using labeled data. If we wish instead to estimate the condi-
tional probability p(y|z) or the joint distribution of the labeled data then
our model is generative. The error function is a central notion of learning
theory that specifies the idea of “best approximation”, “best predictor”.

Today we shall study statistical models of machine learning for several
important tasks in unsupervised learning: density estimation, clustering,
dimension reduction, manifold learning and a mathematical model for rein-
forcement learning. The key problem is to specify the error function that
measures the accuracy of an estimator or the fitness of a decision.
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3.1. Statistical models and frameworks for density estimation. Let
X be a measurable space and denote by P(X) the space of all probability
measures on X. In a density estimation problem we are given a sequence
of observables S,, = (z1,- - ,z,) € X™, which are i.i.d. by unknown proba-
bility measure p,,. We have to estimate the measure u, € P(X). Further-
more, having a prior information, we assume that p, belongs to a subset
P C P(X), which is also called a statistical model. Simplifying further, we
assume that P consists of probability measures that are dominated by a
measure g € P(X). Thus we regard P as a family of density functions
on X. If P is finite dimensional, then estimating u, € P is called a para-
metric problem of density estimation, otherwise it is called a nonparametric
problem. The density estimation problem encompasses the problem of esti-
mating the joint distribution in the generative model of supervised learning
as particular case.

o In the parametric density estimation problem we assume that P C P(X)
is parameterized by a nice parameter set O, e.g. © is an open set of R".
That is, there exists a surjective map p : © — P, 0 — pgpuo, which is usually
(in classical statistics) assumed to be a 1-1 map. H In this lecture we shall
assume that © is an open subset of R" and p is a 1-1 map. Thus we shall
identify P with © and the parametric density estimation in this case is
equivalent to estimating the parameter p~!(u,) € ©. As in mathematical
models for supervised learning, we define an expected risk function R, :
© — R by averaging an instantaneous loss function L : X x © — R using
the unknown probability measure u,, which we have to estimate. Usually this
setting of density estimation L given by the minus log-likelihood function

(3.1) L(z,0) = —logpg(x).

Hence the expected risk function R, : © — R is the expected log-likelihood
function:

(3.2) R(0) = RE,(9) = = | logmlalp(e)d

where p, = pupo. Given a data S, = (x1, -+ ,x,) € X", by (3.1)), the
corresponding empirical risk function is

(3.3) Rg,(0) = = log pp(x;) = —log[py (Sn)],
=1

where pj (Sy,) is the density of the probability measure p on ™. It follows
that the minimizer 6 of the empirical risk ]A%én is the maximizer of the log-
likelihood function log[py (Sy)]. According to ERM principle, the minimizer
0 of Rgn should provide an “approximation” of the density p,, of the unknown
probability measure .

9For many important statistical models in machine learning the condition 1-1 map does
not hold and we refer to [AJLS2017] for a general treatment.
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Remark 3.1. (1) For X = R the ERM principle for the expected log-
likelihood function holds. Namely one can show that the minimum of the
risk functional in , if exists is attained at a function p}, which may differ
from p,, only on a set of zero measure, see [Vapnik1998, p.30] for a proof.
(2) Note that minimizing the expected log-likelihood function R, (#) is
the same as minimizing the following modified risk function [Vapnik2000),

p.32]
(3.4) R;(0) := Ru(0) + /X log pu(@)pu(@)dpo = — /Xk’g ZEZ;;

The expression on the RHS of is the Kullback-Leibler divergence K L(pgfio]| tiw)
that is used in statistics for measuring the divergence between pgpuo and

ty = pupto- The Kullback-Leibler divergence K L(u|p') is dedined for prob-
ability measures (u, p') € P(X) x P(X) such that p << ¢/, see also Remark

[4.9 below. It is a quasi-distance, i.e., it satisfies the following properties:

(3.5) KL(u|lp') >0 and KL(plp') =0 iff p= 4.

pu(x)dpg.

Thus a maximizer of the expected log-likelihood function minimizes the KL-
divergence. This justifies the choice of the expected risk function Rﬁu.

(3) It is important to find quasi-distance functions on P(2) that satisfying
certain natural statistical requirement. This problem has been considered
in information geometry, see [Amari2016l, [AJLS2017] for further reading.

(4) Traditionally in statistics people consider only measures that can be
expressed as a density function w.r.t. a given (dominant) measure. This
assumption holds in classical situations, when we consider only finite di-
mensional families of probability measures. Currently in machine learning
one also uses infinite dimensional family of probability measures on X that
cannot be dominated by any measure on X, for examples, the infinite di-
mensional family of posterior distributions of Dirichlet processes which are
used in clustering.

e A popular nonparametric technique for estimating density functions on
X = R™ using empirical data S, € X" is the kernel density estimation
(KDE) [Tsybakov2009, p. 2]. For understanding the idea of KDE we shall
consider only the case X = R and pg = dx. Let

Fo= [ puwie

be the corresponding cumulative distribution function. Consider the empir-
ical distribution function

R 1<
Fg, (t) = - Z Lizi<t)-
i—1

By the strong law of large numbers we have

lim Fg, (t) =" F(1).
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How can we estimate the density p,? Note that for sufficiently small
h > 0 we can write an approximation

oty = FF h)z—hF(t —h)

I

Replacing F' by an we define the Rosenblatt estimator

(36) ()= Dl M) Tt h)

which can be rewritten in the following form

(3.7) Pls%n(t) om hz (t—h<z;<t+h) hz

where Ky(u) := %1(71961)' A simple generalization of the Rosenblatt
estimator is given by

APR
(3.8) Ps, (1) = — Z
where K : R — R is an integrable function satisfying [ K (u)du = 1. Such a

function K is called kernel and the parameter h is called bandwidth of the
kernel density estimator (3.8)), also called the Parzen-Rosenblatt estimator.

To measure the accuracy of the estimator ﬁgf we use a trick, namely
instead of using the Lo-estimation

MSBUER) = [ 195%a) =~ pu(o) P,

we consider MSE(fPR,:UO) of fgLR w.r.t. a given point g € R, averaging
over the population of all possible data S,, € R™:

(3.9) MSE(f"7, 20) == Epn (957 (z0) — pu(20))?]dSn.

Note that the RHS measures the accuracy of ﬁgf(xo) probably w.r.t. S, €
R™. This is an important concept of accuracy in the presence of uncertainty.

It has been proved that under certain condition on the kernel function K
and the infinite dimensional statistical model P of densities the M SE(fF%, )
converges to zero uniformly on R as h goes to zero [Tsybakov2009, Theorem
1.1, p. 9].

Remark 3.2. In this Subsection we discuss two popular models of machine
learning for density estimation using ERM principle, which works under cer-
tain conditions. We postpone important Bayesian model of machine learning
and stochastic approximation method for finding minimizer of the expected
risk function using i.i.d. data to later parts of our course.
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3.2. Statistical models and frameworks for clustering. Clustering is
the process of grouping similar objects z € X together. There are two
possible types of grouping: partitional clustering, where we partition the
objects into disjoint sets; and hierarchical clustering, where we create a
nested tree of partitions. To formalize the notion of similarity we introduce
a quasi-distance function on X. That is, a function d : X x X — R, that is
symmetric, satisfies d(x,z) = 0 for all x € X.

A popular approach to clustering starts by defining a cost function over
a parameterized set of possible clusterings and the goal of the clustering
algorithm is to find a partitioning (clustering) of minimal cost. Under this
paradigm, the clustering task is turned into an optimization problem. The
function to be minimized is called the objective function, which is a function
G from pairs of an input (X, d), and a proposed clustering solution C' =
(C1,---,C%), to positive real numbers. Given G, the goal of a clustering
algorithm is defined as finding, for a given input (X,d), a clustering C
so that G((X,d),C) is minimized. In order to reach that goal, one has
to apply some appropriate search algorithm. As it turns out, most of the
resulting optimization problems are NP-hard, and some are even NP-hard
to approximate.

Example 3.3. The k-means objective function is one of the most popular
clustering objectives. In k-means the data is partitioned into disjoint sets
Cy,---,C where each C; is represented by a centroid p; := p(C;). It
is assumed that the input set X is embedded in some larger metric space
(X', d) and p; C X’'. We define p; as follows

i(Ch) == i d(z, 1).
pi(Ci) arg}gglxn,;. (x, )

The k-means objective function Gy is defined as follows

k
(310)  GU(X,d),(Cro ,Ci)) = 30 3 dla pilC).

i=1 zeC;

The k-means objective function G is used in digital communication tasks,
where the members of X may be viewed as a collection of signals that have to
be transmitted. For further reading on k-means algorithms, see [SSBD2014),
p. 313].

Remark 3.4. The above formulation of clustering is deterministic. We
consider also more complicated probabilistic clustering, where the output is a
function assigning to each domain point z € X', a vector (p1(x),--- ,pr(z)),
where p;(z) = Plx € C;] is the probability that = belongs to cluster Cj.
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3.3. Statistical models and frameworks for dimension reduction
and manifold learning. A central cause of the difficulties with unsuper-
vised learning is the high dimensionality of the random variables being mod-
eled. As the dimensionality of input x grows, any learning problem signifi-
cantly gets harder and harder. Handling high-dimensional data is cumber-
some in practice, which is often referred to as the curse of dimensionality.
Hence various methods of dimensionality reduction are introduced. Dimen-
sion reduction is the process of taking data in a high dimensional space and
mapping it into a new space whose dimension is much smaller.

o Classical (linear) dimension reduction methods. Given original data
S = {z; € RYi € [1,m]} we want to embed it into R”, n < d, then we
would like to find a linear transformation W € Hom(R%,R"™) such that

W (Sp) == {W(z;)} C R™.

To find the “best” transformation W = Wg, ) we define an error function
on the space Hom(R%,R™) and solve the associated optimization problem.

Example 3.5. A popular linear method for dimension reduction is called
Principal Component Analysis (PCA), which has another name SVD (sin-
gular value decomposition.) Given S,, C R we use a linear transforma-
tion W € Hom(R? R"), where n < d, to embed S,, into R%. Then, a
second linear transformation U € Hom(R",R%) can be used to (approxi-
mately) recover Sy, from its compression W (S,,). In PCA, we search for
W and U to be a minimizer of the following reconstruction error function
Rg,, : Hom(R%, R") x Hom(R",R?) — R

(3.11) R, (W,U) = > llas = UW ()|

i=1
where ||, || denotes the quadratic norm.

Exercise 3.6. ([SSBD2014, Lemma 23.1, p.324]) Let (W, U) be a minimizer
of Rg,, defined in 1D Show that U can be chosen as an orthogonal
embedding and W o U = Idgn.

Hint. First we show that if a solution (W, U) of (3.11)) exists, then there
is a solution (W', U’) of (3.11)) such that dimker(U'W') = d — n.

Let H omg(Rd, R™) denotes the set of all ort hogonal projections from R¢
to R™ and Homgy(R" R?) the set of all orthogonal embeddings from R™
to R Let F C Homgy(R%,R™) x Homgy(R",R?) be the subset of all pairs
(W,U) of transformations such that W o U = Idgn. Exercise implies

that any minimizer (W,U) of Rg,, is an element of F.
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Exercise 3.7. ([SSBD2014, Theorem 3.23, p. 325]) Let C(S,,) € End(R?)
be defined as follows

C(Sm) () = (i, v);.
i=1
Assume that &,---,&; € R? are eigenvectors of C(S,,) with eigenvalues

A1 > -+ > Ag > 0. Show that any (W,U) € F with W(xz;) = 0 for all
j > m+1is a solution of (3.11)).

Thus a PCA problem can be solved using linear algebra method.

e Manifold learning and autoencoder. In real life data are not concentrated
on a linear subspace of R? but around a submanifold M C R?. The current
challenge in ML community is that to reduce representation of data in R%
using all the data in R% but only use only data concentrated around M. For
that purpose we use autoencoder, which is a non-linear analogue of PCA.

In an auto-encoder we learn a pair of functions: an encoder function
¥ : R* - R™, and a decoder function ¢ : R® — R?. The goal of the learning
process is to P find a pair of functions (v, ¢) such that the reconstruction
error

R, (¥,) == > _llw: — @(t(x0)]]”
=1

is small. We therefore must restrict ¢ and ¢ in some way. In PCA, we
constrain k& < d and further restrict ¢ and ¢ to be linear functions.

Remark 3.8. Modern autoencoders have generalized the idea of an encoder
and a decoder beyond deterministic functions to stochastic mappings pstoch :
X — Y, (z,y) — p(y|lxr). For further reading I recommend [SSBD2014],
[GBC2016] and [Bishop2006}, §12.2, p.570].

3.4. Statistical model and framework for reinforcement learning. A
reinforcement learning agent interacts with its environment in discrete time
steps. At each time t, the agent receives an observation o;, which typically
includes the reward r;. It then chooses an action a; from a set A of available
actions, which is subsequently sent to the environment. The environment
moves to a new state s;11 in a set S of available states and the reward ryy
associated with the transition o;y1 := (S¢, at, S¢+1) is determined. The goal
of a reinforcement learning agent is to collect as much reward as possible.
The agent can (possibly randomly) choose any action as a function of the
history. The uncertainly in reinforcement learning is expressed in terms
of a transition probability Pr[s’|s,a] - distribution over destination states
s = d(s,a) and in terms of a reward probability Pr[r’|s,a] - distribution
over rewards returned ' = r(s,a). Thus the mathematical model of rein-
forcement learning is a Markov decision process. For further reading, see
[MRT2012, chapter 14].
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3.5. Conclusion. In this lecture we learned mathematical models for un-
supervised learning, where for each empirical data S,, € X™ we choose an
empirical risk/error function Rsn on a space of possible hypotheses as a
quasi-distance between a hypothesis and the true (desired) hypothesis. In
some case (e.g. in parametric density estimation) we can interpret this em-
pirical risk function to be derived from an expected risk/error function as
in the models of supervised learning. The main problem is to show the con-
vergence of minimizers of Rsn to the desired hypothesis as n goes to zero
and S, are i.i.d. by an unknown measure on X"™.

4. FISHER METRIC AND MAXIMUM LIKELIHOOD ESTIMATOR

In the last lecture we considered several mathematical models in unsuper-
vised learning. The most important problem among them is the problem of
density estimation, which is also a problem in generative models of super-
vised learning and an important problem of classical statistics. The error
function in density estimation problem can be defined as the expected log-
likelihood function, which combining with the ERM principle leads to the
well known maximum likelihood estimator. The popularity of this estima-
tor stems from its asymptotic accuracy, also called consistency, which holds
under mild conditions. Today we shall study MLE using the Fisher metric,
the associated MSE function and the Cramér-Rao inequality.

We also clarify the relation between the Fisher metric and the Kullback-
Leibler divergence.

4.1. The space of all probability measures and total variation norm.
We begin today lecture with our investigation of natural geometry of P(X)
for an arbitrary measurable space (X, X). This geometry induces the Fisher
metric on any statistical model P C P(X) satisfying a mild condition.

Let us fix some notations. Recall that a signed finite measure p on X is
a function p : ¥ — R which satisfies all axioms of a measure except that u
needs not take non-negative value. Now we set

M(X) :={p : p a finite measure on X'},
S(X):={p : pasigned finite measure on X}.

It is known that S(&X) is a Banach space whose norm is given by the total
variation of a signed measure, defined as

lully = sup ) lu(A:)]
i=1

where the supremum is taken over all finite partitions X = A4;U...UA,, with
disjoint sets A; € B(X) (see e.g. [Halmos1950]). Here, the symbol U stands
for the disjoint union of sets.

Let me describe the total variation norm using the Jordan decomposition
theorem for signed measures, which is an analogue of the decomposition
theorem for a measurable function. For a measurable function ¢ : X —
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[—00,00] we define ¢4 := max(¢,0) and ¢_ := max(—¢,0), so that ¢4+ >0
are measurable with disjoint support, and
(4.1) ¢=0¢r— ¢ 9] = ¢+ + -
Similarly, by the Jordan decomposition theorem, each measure p € S(X) can
be decomposed uniquely as
(4.2) =y — [ with puy € M(X), pg L p—.
That is, there is a Hahn decomposition X = X UX_ with puy(X_) =
pu—(X+) = 0 (in this case the measures py and p— are called mutually
singular). Thus, if we define
ul = pg + p— € M(X),
then (4.2]) implies
(4.3) l(A)] < |ul(A) for all p € S(X) and A € X(X),
so that
lellzv = I el [l7v = [pl(X).

In particular,

P(X) ={ne M(X) : [ulrv =1}.

Next let us consider important subsets of dominated measures and equiv-
alent measures in the Banach space S(X) which are most frequently used
subsets in statistics and ML.

Given a measure pg € M(X), we let

S(X,uo) :={p € S(X) : pis dominated by po}.

By the Radon-Nikodym theorem, we may canonically identify S(X, po)
with L'(X, po) by the correspondence
(4.4) tean + L' (X, o) — S(X, o), ¢ — ¢ po.

Observe that 1.4, is an isomorphism of Banach spaces, since evidently
6l = [ 16l dsa = 16 pollrv-

Example 4.1. Let X, := {w1,- - ,w,} be a finite set of n elementary events.
Let 6,,, denote the Dirac measure concentrated at w;. Then

S(Xn) = {/“L = Z‘TZ(SWJ x; € R} = Rn(‘rlv T ’xn)
i=1
and .
M(Xy) =D wibu,| zi € Ruo} = RY,.
i=1
For p € M(X,) of the form

k
n= ZCZ‘(SZ', c >0
i=1
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we have ||p||7v = Y. ¢;. Thus the space L'(X,,, 1) with the total variation
norm is isomorphic to R¥ with the I'-norm. The space P(X,) with the
induced total variation topology is homeomorphic to a (n — 1)-dimensional
simplex {(c1,---,¢n) €ERY| Y ci =1}

Exercise 4.2. (|JLS2017]) For any countable family of signed measures
{pn € S(X)} show that there exists a measure p € M(X) dominating all
mMeasures fip,.

Remark 4.3. On (possibly infinite dimensional) Banach spaces we can do
analysis, since we can define the notion of differentiable mappings. Let V
and W be Banach spaces and U C V' an open subset. Denote by Lin(V, W)
the space of all continuous linear map from V to W. A map ¢ : U — W is
called differentiable at x € U, if there is a bounded linear operator d,¢ €
Lin(V, W) such that

ws) L 116G+ h) = 6(x) — ded(B)lw
h—0 |h]lv

In this case, d,¢ is called the (total) differential of ¢ at x. Moreover, ¢ is
called continuously differentiable or shortly a C'-map, if it is differentiable
at every x € U, and the map d¢ : U — Lin(V,W), x — d,¢, is continuous.
Furthermore, a differentiable map ¢ : (—¢,e) — W is called a curve in W.

A map ¢ from an open subset © of a Banach space V to a subset X of a
Banach space W is called differentiable, if the composition io ¢ : © — W is
differentiable.

4.2. Fisher metric on a statistical model. Given a statistical model
P C P(X) we shall show that P is endowed with a nice geometric structure
induced from the Banach space (S(X),|,||7v). Under a mild condition this
implies the existence of the Fisher metric on P. Then we shall compare the
Fisher metric and the Kullback-Leibler divergence.

We study P by investigating the space of functions on P (which is a linear
infinite dimensional vector space) and by investigating its dual version: the
space of all curves on P. The tangent fibration of P describes the first order
approximation of the later space.

Definition 4.4. ([AJLS2017, Definition 3.2, p. 141]) (1) Let (V, ]| - ||) be a
Banach space, X C V an arbitrary subset and g € X. Then v € V is called
a tangent vector of X at xg, if there is a curve ¢ : (—g,e) - X C V such
that ¢(0) = z¢ and ¢(0) = v.

(2) The tangent (double) cone CyX at a point x € X is defined as the
subset of the tangent space T,V = V that are tangent to a curve lying in
X. The tangent space T, X is the linear hull of the tangent cone C,X.

(3) The tangent cone fibration CX (resp. the tangent fibration TX) is
the union UyexyCp X (resp. Uzex T, X) is a subset of V' x V' and therefore is
endowed with the induced topology.
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Exercise 4.5. (cf. [AJLS2018 Theorem 2.1]) Let P be a statistical model.
Show that any v € T¢ P is dominated by £. Hence the logarithmic represen-
tation of v

logv := dv/d¢

is an element of L1(X,¢).

Example 4.6. Assume that a statistical model P consists of measures dom-
inated by a measure g and therefore P is regarded as a family of density
functions on X, namely

(4.6) P={f-polfeL(X po)}

Then a tangent vector v € T¢ P has the form v = f(0)- g, where £ = f(0) o,
and its logarithmic representation is expressed as follows
dv  f(0) d

(4.7) logv = €& 70) = Tio log f(t).

Next we want to put a Riemannian metric on P i.e., to put a positive
quadratic form g on each tangent space T¢ P. By Exercise the logarith-
mic representation log(T¢P) of T¢P is a subspace in L'(X,¢). The space
LY(X,€) does not have a natural metric but its subspace L?(X, £) is a Hilbert
space.

Definition 4.7. (1) A statistical model P that satisfies
(4.8) log(Te P) C L*(X,¢)

for all & € P is called almost 2-integrable.
(2) Assume that P is an almost 2-integrable statistical model. For each
v,w € C¢P the Fisher metric on P is defined as follows

(4.9) g(v,w) := (logv,logw) r2(x.¢) = /Xlogv -log w d¢.

(3) An almost 2-integrable statistical model P is called 2-integrable, if the
function v — |v|4 is continuous on C'P.

Since T¢ P is a linear hull of C¢ P, the formula (4.9) extends uniquely to
a positive quadratic form on T¢ P, which is also called the Fisher metric.

Example 4.8. Let P C P(X) be a 2-integrable statistical model that is
parameterized by a differentiable map p : © — P, 6 — pypug, where © is an
open subset in R™. It follows from that the Fisher metric on P has the
following form

Oy Ow
(4.10) 8o (dp(v), dp(w)) = / Lo Qubo 1,
x Do Do

for any v, w € TyO.
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Remark 4.9. (1) The Fisher metric has been defined by Fisher in 1925 to
characterize “information” of a statistical model. One of most notable ap-
plications of the Fisher metric is the Cramér-Rao inequality which measures
our ability to have a good density estimator in terms of geometry of the
underlying statistical model, see Theorem below.

(2) The Fisher metric gp(p)(dp(v),dp(v)) of a parametrized statistical
model P of dominated measures in Example can be obtained from the
Taylor expansion of the Kullback-Leibler divergence I(p(6),p(6 + €v)), as-
suming that log pyg is continuously differentiable in all partial derivative in 6
up to order 3. Indeed we have

I(p(6), p(6 + <)) = /X po(z) log ]mdﬂo
(4.11) - /X P ()0, log po () duo
(4.12) e /X Po(@)(0,)? 10g po () dpio + O(&?).

Since logy(x) is continuously differentiable in 6 up to order 3, we can apply
differentiation under the integral sign, see e.g. [Jost2005, Theorem 16.11, p.
213] to , which then must vanish, and integration by part to (4.12]).
Hence we obtain

I(p(0), p(0 + £v)) = £2gp(9)(dpP(v), dp(v)) + O(<®)
what is required to prove.

4.3. The Fisher metric, MSE and Cramér-Rao inequality. As we
learned with the regression problem in Exercise[2.7] it is important to narrow
a hypothesis class to define a good loss/risk function, namely the Lo-risk,
which is also called MSE.

We also wish to measure the efficiency of our estimator & :  — P via
MSE. For this purpose we need further formalization. In general case P is
a subset of an infinite dimensional space P(2) and to define a point £ € P
we need its coordinates, or certain features of £ € P which is formalized as
a vector valued map ¢ : P — R". H

Definition 4.10. A p-estimatoris a composition of an estimator 6 : § — P
and a map ¢ : P — R"™.

Set ¢! : 1oy for any I € (R")* and
L2(P,X):={6:X — P|glog € L*(X,¢) for all £ € P and for all I € (R")*}.
105¢e [MEFSS2016] for examples of ¢ : P(X) — H, where H is a RKHS (see also

Definition[8.9) which is a generalization of the method of moment, see e.g. [BorovkovI998,
p. 56]
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Ifé e Li(P, X)), then the following Lo-risk function, also called MSE, is
well-defined for any [, k € (R™)*

(4.13) MSE?[@'](Z, k) := Eg[(gpl 00 — cpl 0f) - ((pk 00 — (pk o).

Thus the function M S Eg’ [6](1,1) on P is the expected risk of the quadratic
instantaneous loss function

L' X x P =R, Liz,8) =|¢ o6(z) — o o]

Next we define the mean value s of a p-estimator ¢ o 6 as a R™-valued
function on P:

(1.14) (pa(€01) = Bel o) = [ Hoss
for any I* € (R™)*.

Definition 4.11. (1) The difference

(4.15) bE =05 — p € (R™)F

will be called the bias of the estimator & w.r.t. the map .
(2) Given an estimator 6 € LZ(P,X) the estimator & will be called ¢-
unbiased, if 5z = v, equivalently, b? =0.

Using the mean value s, we define the variance of 6 w.r.t. ¢ as the
derivation of ¢ o ¢ from its mean value pz. We set for all [ € (R™)*

(4.16) VeI = Eel(¢' 06— ¢5) - (¢ 05 — o5)].

The RHS of (4.16) is well-defined, since & € Li(P7 X). Tt is a quadratic
form on (R™)* and will be denoted by V7[5].

Exercise 4.12. ([JLS2017]) Prove the following formula
(4.17) MSEE[6](L, k) = V(6] k) + (bZ(£), 1) - (b5 (&), k)
for all £ € P and all [,k € (R™)*.

By Proposition 3.3 in [JLS2017], since P is 2-integrable, the function
oL = (ps(€),1) is differentiable, i.e., there is differential dyl € T¢ P for any
¢ € P such that 9,4 (&) = dpk(v) for all v € T¢P. Here for a function f
on P we define 9,f(¢) := f(c(t)) where ¢(t) C P is a curve with ¢(0) = &
and ¢(0) = v. The differentiability of gof;, is proved by differentiation under
integral

(4.18) Dyl = /Xav(cpl oodf) = /X(gol od(z) — Eg(gpl 0§)) - logvdg,

see [AJLS2017, [JL.S2017| for more detail.
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Recall that the Fisher metric on any 2-integrable statistical model is non-
degenerate. B We now regard ||dgpg\|§,1(£) as a quadratic form on (R™)*.

Theorem 4.13 (The Cramér-Rao inequality). (¢f. [AJLS2017, [JLS2017])
Let P be a finite dimensional 2-integrable statistical model with non-degenerate
Fisher metric, ¢ a R™-valued function on P and & € La(P, X) a p-estimator.
Then for all l € (R™)* we have

VE[61(1. 1) — ldgs5-1(6) = 0.

If 6 is unbiased then its MSE is equal to its variance. In this case the
Cramér-Rao inequality asserts that we can never construct an exact estima-
tor.

Remark 4.14. Let us consider the following quadratic instantaneous loss
function for ¢ : P — R"

(419)  Ly: X x I(P,X) x P = R: (2,6,€) = (6 (x)) — o(&)|?

which defines the expected risk on Li(P, X) a follows
Ly 4 . .
(4.20) R:?(6) = EeL(x,6,6) = Eellp 0 6(x) — p(&)II*.

Clearly Ré“" (6) is equal to the mean square error MSE?(&) =
Yoy MSEEP [6](ef, er), where {e}} is an orthonormal dual basis of (R™)*.

17

Outline of the proof of the Cramér-Rao inequality. Since P is 2-integrable
and finite dimensional, the logarithmic representation log(T¢ P) := {logv|v €
T¢ P} is a closed subspace of the Hilbert space L?(X,€). Denote by l_Ilog(Tg P)
the orthogonal projection of L?(X, &) to log(T¢P) and by Vg f the gradient
of a function f on P w.r.t. the Fisher metric g. To prove the Cramér-Rao
inequality it suffices to show the following geometric identity

(4.21) Mog(rep) (' © & — Ee(¢' 05)) = log(Vyph) € La(X, ),

since the square of the Lo-norm of the term in the RHS of (4.21)) is equal to
||de | |§,1 and the square of the Lo-norm of the term in the LHS is equal to

VZ216)(1,1).
5 Y
Next, we reduce the proof of equality (4.21]) to the proof of the following

equality for all v € T P

(4.22) (¢! 06 —Ee(¢! 06),logv) 12 = (Vg (), v)g
which is obtained easily from (4.18]).

Uy, literature, e.g., [Amari2016, [AJLS2017, Borovkov1998§|, one considers the Fisher
metric on a parametrized statistical model, i.e., the metric obtained by pull-back the
Fisher metric on P via the parameterization map p : © — P. This “parameterized”
Fisher metric may be degenerate.
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Remark 4.15. The Cramér-Rao inequality in Theorem [.13]is non-parametric,
i.e. P is not assumed to be parameterized by a smooth manifold, as in
Janssen’s version of Cramér-Rao inequality [Janssen2003]. The condition
of 2-integrability of P is an adaptation of the 2-integrability condition of
parametrized measure models in [AJLS2017, [JLS2017], which is equivalent
to the differentiability condition in [Janssen2003], see [JLS2017] for com-
ments and history of the Cramér-Rao inequality.

Example 4.16. Assume that ¢ is a differentiable coordinate mapping, i.e.,
there is a differentiable parameterization p from an open subset © of R"
such that ¢ o p = Id. Assume that ¢ is an unbiased estimator. Then the
terms involving bs; := bY vanishes. Since s = ¢ we have |\dgpl\|g_1(§) =
||dgog||§,1(£). Hence the Cramér-Rao inequality in Theorem m becomes
the well-known Cramér-Rao inequality for an unbiased estimator

(4.23) Ve = Vel6] > g (&).
4.4. Efficient estimators and MLE.

Definition 4.17. Assume that P C P(X) is a 2-integrable statistical model
and ¢ : P — R" is a feature map. An estimator ¢ € L?D(P, X) is called effi-
cient, if the Cramér-Rao inequality for 6 becomes an equality, i.e., Vgp [6] =
a2 ¢, for any € € P.

Theorem 4.18. Let P be a 2-integrable statistical model parameterized by
a differentiable map p : © — P(X), 0 — pguo, where © is an open subset of
R™, and ¢ : P — R™ a differentiable coordinate mapping, i.e., po @ = Id.
Assume that the function p(x,0) := pg(x) has continuous partial derivatives
up to order 8. If 6 : X — P is an unbiased efficient estimator then & is a
mazximum likelihood estimator (MLE), i.e.,

(4.24) Oy log p(0, 7)[g—pos () = 0
for allx € X and all v € TyO.

Proof. Assume that G is efficient. Since ¢ is a coordinate mapping, we obtain
from (4.21])

10g(Vg#5)je=s(a) = ¢' 06 — Eg(a) (' 06 = (I,bZ(x)) = 0
since & is unbiased. Comparing the LHS of the above equality with the
LHS of (4.24) for dp(v) = Vydg! = Vydph we obtain immediately Theorem
418 a

4.5. Consistency of MLE. Assume that P} = P C P(X) is a 2-integrable
statistical model that contains an unknown probability measure p, govern-
ing distribution of random instance xz; € X. Then P, = {u"|u € P} C
P(X") is a 2-integrable statistical model containing probability measure pu!
that governs the distribution of i.i.d. of random instances (z1,- - ,z,) € X™.
Denote by g, the Fisher metric on the statistical model P,,. The map
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At P — Py, p— p, is a 1-1 map, it is the restriction of the differentiable
map, also denoted by A,

An 1 S(X) = S(X™), An(p) = p".
It is easy to see that for any v € T}, P we have
(4.25) In(dAn(v),dA, (V) =n - g1(v,v).

This implies that the lower bound in the Cramér-Rao inequality for
unbiased estimators 6} := A\t 06, : (X)™ — P converges to zero and there
is a hope that MLE is asymptotically accurate as n goes to infinity. Now
we shall give a concept of a consistent sequence p-estimators that formalizes
the notion of asymptotically accurate sequence of estimators 6}, : X kP
and using it to examine MLE.

Definition 4.19. (cf. [IH1981 p. 30], [Borovkov1998 Definition 1, p. 53])
Let P C P(X) be a statistical model and ¢ a R™-valued function on P.
A sequence of p-estimators 67 : (X)¥ — P — R" is called a consistent
sequence of @-estimators for the value p(p,,) if for all 6 > 0 we have

(4.26) Jim g ({x € X Jp 0 61(x) — p(p)| > 0}) = 0.

Under quite general conditions on the density functions of a statistical
model P C P(X) of dominated measures, see e.g. [[H1981, Theorem 4.3, p.
36] the sequence of MLE’s is consistent.

4.6. Conclusion. In this lecture we derive a natural geometry on a statis-
tical model P C P(X) regarding it as a subset in the Banach space S(X)
with the total variation norm. Since P is non-linear, we linearize estimator
oy X* — P, = \i(P) by composing it with a map ¢y, := A,;logo : P, — R™.
Then we define the MSE and variance of ypg-estimator oy, o 6y, which can be
estimated using the Cramér-Rao inequality. It turns out that the efficient
unbiased estimator w.r.t. MSE is MLE. The notion of a ¢-estimator allows
to define the notion of a consistent sequence of y-estimators that formalizes
the notion of asymptotically accurate estimators.

5. CONSISTENCY OF A LEARNING ALGORITHM

In the last lecture we learned the important concept of a consistent se-
quence of p-estimators, which formalizes the notion of the asymptotic accu-
racy of a sequence of estimators, and applied this concept to MLE.

In this lecture we extend the concept of a consistent sequence of estimators
to the notion of consistency of a learning algorithm in a unified learning
model that encompasses models for density estimation and discriminative
models of supervised learning. The concept of consistency of a learning
algorithm formalizes the notion of learnability of a learning machine. In

12the notion of a consistent sequence of estimators that is asymptotically accurate has
been suggested by Fisher in [Fisher1925)|
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particular we relate this notion with the problem of overfitting. E Then we
shall apply this concept to examine the success of ERM algorithm in binary
classification problems.

5.1. Consistent learning algorithm and its sample complexity.

In a unified learning model (Z,H, L, P) we are given a measurable space
Z (e.g. Z =X x )Y in classification and regression problems), a hypothesis
class H (e.g., the domain © in the density estimation problem in Subsection
together with an instantaneous loss function L : ZxH x P — R, where
P C P(2) is a statistical model. We define the expected risk function as
follows

RE:H x PRy, (hypu)— E,L(z,h, ).
We also set for u € P
Rl :H =R, h— RY(h, p).
A learning algorithm is a map

A:UZ”—>H,S»—>h5

where S is distributed by some unknown p™ € P, = \,,(P), cf. .

Example 5.1. In a unified learning model (Z,H, L, P) there is always a
learning algorithm using ERM, if H is compact. For an element S, =
(21,-+,2n) € Z" we denote by [S,] the subset {z1,---,2,} C Z. For
Sp € Z™ we define the empirical risk Ré’n : ' H — R by the formula: Réﬂ (h) =
> es,] L(z, h). The ERM algorithm Aepp, for (2,H,L, P) is defined as
follows

(51) erm( ) = arghcy min Rgn (h)

Observe that argjc4, min RL ' (h) may not exist if # is not compact. In
this case we denote by Aerm( n) any hypothesis that satisfies the inequality
RE(Acrm(Sn)) — infoey RE (h) = O(n™*), where k > 1 depends on the
computational complexity of defining Aerm,. In other words, Aeqp, is only
asymptotically ERM. E

Note that the ERM algorithm A.,,,, does not depend on P but the knowl-
edge of P is important for defining and understanding the expected loss
function Rﬁ . In general we expect a close relationship between #, a repre-
sentation of a discriminative model, and P, a representation of a generative
model.

Recall that Ru o = infpey Rﬁ(h), see .

131y ML community, one says that a learning algorithm is consistent if it may commit
no error on the example of the training data [MRI2012] p.5].

14Vapmk considered ERM algorithm also for the case that RS 5,, may not reach infimum,
using slightly different language than ours. In [SSBD2014] the authors assumed that a
minimizer of Rén always exists.
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Definition 5.2. A learning algorithm A in a model (Z,H, L, P) is called
consistent, if for any € € (0,1) and for every probability measure p € P,

(5.2) nh_)rgo pt{Sez": \Rﬁ(A(S)) — Rﬁ,H‘ >eb=0

(2) A learning algorithm A is called uniformly consistent, if (5.2]) converges
to zero uniformly on P, i.e., for any (g,d) € (0,1)? there exists a number
ma(e,d) such that for any p € P and any m > ma4(e, ) we have

(5.3) p{S € Z™: |RE(A(S)) — Rl < e} >1-4.

If holds we say that A predicts with accuracy € and confidence 1 — §
using m samples.

We characterize the uniform consistency of a learning algorithm A via the
notion of the sample complexity function of A.

Definition 5.3. Let A be an algorithm on (Z,H, L, P) and ma(e,d) the
minimal number mg € Ry U oo such that holds for any m > mg. Then
the function my : (&,9) — ma(e, d) is called the sample complezity function
of algorithm A.

Clearly a learning algorithm A is uniformly consistent if and only if m 4
takes value in Ry. Furthermore, A is consistent if and only if the sample
function of A on the sub-model (Z,H, L, ) takes values in Ry for all u € P.

Example 5.4. Let (Z,H,L,P) be a unified learning model. Denote by
T @ Z2°° — Z™ the map (21, -+ ,200) = (21, ,2n). A sequence {So €
Z°°} of i.i. instances distributed by p € P is called overfitting, if there exist
e € (0,1) such that for all n we have

(5.4) ’Rﬁ(Aerm(Wn<SOO)) - Rﬁ,?ﬂ > €.

Thus Ae.m is consistent, if and only if the set of all overfitting sequences
Soo € Z%° has y>°-zero measureEL equivalently, if holds, for any u € P.
In Example we showed the existence of a measure puy on Z2 = X x Y
such that any sequence S, € Z°° distributed by M?" is overfitting. Hence

the unified learning model in Example [2.11)) for any P containing xf is not
consistent using Aepm.

The following simple Lemma reduces a proof of the uniform consistency
of Ae¢rm to the proof of the convergence in probability of Ré (h) to Rﬁ (h)
(the weak law of large numbers) that is uniform on .

Lemma 5.5. Assume that for any (g,8) € (0,1)? there exists a function
my(e,0) taking value in Ry such that for all m > my(e,d) for all p € P
and for all h € H we have

(5.5) pm{S € 2™ |RE(h) — RE(h)| <e} >1-6
then Aecrm is uniformly consistent.

e refer to [AJLS2017, p. 293] and [Bogachev2007, p. 188] for definition of x>
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Proof. For the simplicity of the exposition we assume first that Ay, (S,) =
arg mingcy Rén (h). The argument for the general case can be easily adapted
from this simple case.
Given m > my(e/2,6/2), p € P and he € H such that R (he) < R, 5 +¢
we have
pt{Sez™: ’Rﬁ(Aerm(S)) — Ruu| <2} >
p{S € Z™: Rl(Aem(S)) < R (he) +e} >

WS € M Rl (Aer(S)) < RE(he) + & |RE(h) = Rf(ho)| < 0} =
n m L AL 0
p{S e 2™ : R/ (Aerm(S)) < Rg(he) +e} — 32
A 0
WS € 2" IR (Aer(S)) — RE(AS)| < S} =5 213
since RE(A(S)) < R5(he). This completes the proof of Lemma O

Theorem 5.6. (¢f. [SSBD2014, Corollary 4.6, p.57]) Let (Z,H,L,P(2))
be a unified learning model. If H is finite and L(Z x H) C [0,¢] F oo then
the ERM algorithm is uniformly consistent.

Proof. By Lemma it suffices to find for each (e,d) € (0,1) x (0,1) a
number my(e,d) such that for all m > my(e,0) and for all p € P(Z) we
have

(5.6) p((){S € 2™: |R§(h) — R (W) <e}) >1-0.
heH
In order to prove (b.6)) it suffices to establish the following inequality
(5.7 " ({5 € 2™ [RE() — RE(W)] > €)) <4,
heH

Since #H < oo, it suffices to find my(g,0) such that when m > my(e, )
each summand in RHS of is small enough. For this purpose we shall
apply the well-known Hoeffding inequality, which specifies the rate of con-
vergence in the week law of large numbers, see Subsection [B.2]

To apply Hoeffding’s inequality to the proof of Theorem we observe
that for each h € ‘H

{07(2) := L(h,2) € [0,¢]}

are i.i.d. R-valued random variables on Z. Furthermore we have for any
heHand S = (z1, -, 2m)

R 1 &
Rg(h) = — > 07 (2),
=1

R (h) = 0"
Hence the Hoeffding inequality implies
(5.8) pm{S € 2™ |RE(h) — RE(Rh)| > e} < 2exp(—2me’c?).
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Now pluging
log(2#(H)/9)
2e20—2
in (5.8) we obtain (5.7). This completes the proof of Theorem

m > my(e, o) =

O

Definition 5.7. The function my : (0,1)?> — R defined by the requirement
that my(e,0) is the least number for which (5.6)) holds is called the sample
complezity of a (unified) learning model (Z,H, L, P).

Remark 5.8. (1) We have proved that the sample complexity of the algo-
rithm A.,p, is upper bounded by the sample complexity my of (Z,H, L, P).

(2) The definition of the sample complexity my; in our lecture is different
from the definition of the sample complexity my in [?, Definition 3.1, p. 43],
which is equivalent to the notion of the sample complexity m 4 of a learning
algorithm in our lecture.

5.2. Uniformly consistent learning and VC-dimension. In this sub-
section we shall examine sufficient and necessary conditions for the existence
of a uniformly consistent learning algorithm on a unified learning model with
infinite hypothesis class H C Y. First we prove a version of No-Free-Lunch
theorem which asserts that there is no uniformly consistent learning algo-
rithm on a learning model with a very large hypothesis class and a very
large statistical model. Denote by Py (X x V) the set of all probability mea-
sures (I'¢)«(px) € P(X x Y) where f : X — Y is a measurable map and
px € P(X).

Theorem 5.9. Let X' be an infinite domain set, Y = {0,1} and LY the
0-1 loss function. Then there is no uniformly consistent learning algorithm
on a unified learning model (X x Y, H, LO~D Pr(X x V)).

Proof. To prove Theorem it suffices to show that my(e,d) = oo for
(e,6) = (1/8,1/8) and any learning algorithm A. Assume the opposite, i.e.,
ma(1/8,1/8) = m < co. Then we shall find pu(m) € Py(X x V) such that
Equation (j5.3)) violates for m, u(m) and (g,0) = (1/8,1/8).

To describe the measure p(m) we need some notations. For a subset
C[k] C X of k-elements let uc[k] € P(X) be defined by

LG () #BOCH)

(5.9) -

for any B C X.

For amap f: X — ) we set

= () € Pa(x x ),

Lemma 5.10. Assume that X, Y are finite sets and #X > n+ 1. For
f e Y set pf = ,ujf € Px(X xY). Then for any learning algorithm
A:Sw— Ag, any f € Y we have

1 n

(0 1) n yx R _on
(5.10) /yx /Xxy R, As)d(ﬂf)(s)duyx(f) (1 #y)(l #X)
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Proof of Lemma[5.10. We set for S € (X x )"
Pri: (X x )" = X, (x1,11)," , (Tn,yn) — T; € X,

Xg = U Pry(S

Note that S is distributed by p/f means that S = {(21, f(21)), -, (%n, f(zn)),

80 S is essentially distributed by the uniform probability measure (uﬁ)" Let
us compute and estimate the double integral in the LHS of (5.10]) using ([2.9)
and the Fubini theorem.

1
L (R(0-1) - As(ﬂ»‘
B <E“f (B (As ))) gx (E<M§>" (IGX )
1 As(x
- #7Euy§ (B (MS )
(Z B (1= 5AE) )
1 1
since #[X\Xg]|>#X—n 1 n
(5.11) > (1- @)(1—#7)-
This completes the proof of Lemma [5.10} O

Continuation of the proof of Theorem It follows from Lemma [5.10

that there exists f € Y¥ such that, denoting j := u?[zm}, we have

_ m — m 1
a2 [ ROVAs)awr - | RO-D(4g) d(u™)(S) > .
(Xxy)m (C2m]x V)™ 4

Since 0 < R,(lo_l) < 1 we obtain from |)

. _ 1.1
pm{S € (X x V)" ROV (A(S)) > J>g
This implies that ((5.3]) does not hold for (e,d) = (1/8,1/8), for any m and
_,,Clm] :
p(m) = p;". This proves Theorem [5.9 O

Remark 5.11. In the proof of Theorem we showed that if there is a
subset C C X of size 2m and the restriction of ‘H to C is the full set of
functions in {0,1}¢ then does not hold for any learning algorithm A,
m € Nand (e,d) = (1/8,1/8). In other words we cannot predict a hypothesis
in # = Y% of a learning model (X, H, L1 Py (X x V)) with accuracy e
and confidence 1 — § using sample of size m if #X > 2m. This motivates
the following Definition.
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Definition 5.12. (1) A hypothesis class % C {0, 1} shatters a finite subset
C C X if #H|c = 2#C.

(2) The VC-dimension of a hypothesis class H C {0,1}¥, denoted by
VC dim(H), is the maximal size of a set C' C X' that can be shattered by
H. If H can shatter sets of arbitrarily large size we say that H has infinite
VC-dimension.

Example 5.13. Let H be the class of intervals in the real line, namely,
H = {1(a,b) ra<be R},

where 1(,) : R — {0, 1} is the indicate function of the interval (a,b). Take
the set C'= {1,2}. Then, H shatters C, since all all the functions in the set
{1,231 can be obtained as the restriction of some function from H to C.
Hence VC dim(H) > 2. Now take an arbitrary set C' = {c; < c2 < c3} and
the corresponding labeling (1,0,1). Clearly this labeling cannot be obtained
by an interval: Any interval h(, ) that contains c; and c3 (and hence labels
c1 and c3 with the value 1) must contain ¢y (and hence it labels ¢y with 0 ).
Hence H does not shatter C. We therefore conclude that VC dim(H) = 2.
Note that H has infinitely many elements.

Exercise 5.14 (VC-Threshold functions). Consider the hypothesis class
F C {—1,1}® of all threshold functions sgn® : R — R, where b € R, defined
by

sgn®(z) == sgn(z — b)
Show that VC dim(F) = 1.

In Remark [5.1T] we observed that the finiteness of V'C dim H is a necessary
condition for the existence of a uniformly consistent learning algorithm on
a unified learning model (X, H, L(O=D P (X x ))). In the next section we
shall show that the finiteness of VC'dim H is also a sufficient condition for
the uniform consistency of Aepm on (X, H, L~ Py (X x V).

5.3. Fundamental theorem of binary classification.

Theorem 5.15 (Fundamental theorem of binary classification). A learning
model (X,H C {0,1}¥,LO-D P(X x {0,1})) has a uniformly consistent
learning algorithm, if and only if VC dim(H) < co.

Outline of the proof. Note that the “only if” assertion of Theorem [5.15
follows from Remark[5.11] Thus we need only to prove the “if” assertion. By
Lemma [5.5]it suffices to show that if VC dim(H) = k < oo then my(e,d) <
oo for all (¢,8) € (0,1)2. In other words we need to find a lower bound for
the LHS of (5.5)) in terms of the VC-dimension, which is an upper bound of
the RHS of, when € € (0,1) and m is sufficiently large. This shall be
done in three steps.
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In step 1, setting Z = X x ), and omitting superscript of the risk function
R, we use the Markov inequality to obtain

Eum |Ru(h) - RS(h)|

(5.13)  p™{S € Z™: |R,(h) — Rs(h)| < a} <

for any a > 0 and any h € H.

In step 2 we define the growth function I'y(m) : N — N and use it to
upper bound the RHS of (5.13]). Namely we shall prove the following

) 44 4 /log(I'y(2m)
(5:14)  Epn(oup [By(h) - R(h) < 53(2% 213

for every p € P(X x )) and any 6 € (0,1). The proof of (5.14)) is delicate
and can be found in [SSBD2014, p. 76-77].

Definition 5.16 (Growth function). Let F C Y% be a class of functions
with finite target space ). The growth function I'r assigned to F is then
defined for all n € N as

I'r(n) = max #Fl|s.
SCX| #5=n

We also set I'(0) = 1.

Example 5.17. Consider the set F : {sign’|b € R} of all threshold func-
tions. Given a set of distinct points {z1, - ,x,} = X C R, there are n + 1
functions in F|x corresponding to n + 1 possible ways of placing b relative
to the z; s. Hence, in this case I'r(n) > n + 1.

Exercise 5.18. Show that I'z(n) = n + 1 for the set F of all threshold
functions.

In step 3 we use the following Vapnik-Chervonenski-Lemma, also known
as Sauer’s Lemma, whose proof can be found in [SSBD2014l p. 74-75].

Lemma 5.19. Let H C {0,1}* be a hypothesis class with VC dim(H) =
d < oo. Then, for all n € N we have

d
n
r < .
um =3 (7)
In particular, if n > d + 1 then T'y(n) < (en/d)?.
It follows from Lemma that for any (g,d) € (0,1)? there exists m

such that
4+ 1/log(T'y(2m))

0v2m
and therefore by (5.14) for any (¢,8) € (0,1)? the value my(e,d) is finite.
This completes the proof of Theorem [5.15

<e
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5.4. Conclusions. In this lecture we define the notion of the (uniform) con-
sistency of a learning algorithm A on a unified learning model (Z,H, L, P)
and characterize this notion via the sample complexity of A. We relate
the consistency of the ERM algorithm with the uniform convergence of the
law of large numbers over the parameter space H and use it to prove the
uniform consistency of ERM in the binary classification problem (X, H C
{0,13%, LO-D P(X x {0,1}). We show that the finiteness of the VC-
dimension of H is a necessary and sufficient condition for the existence of
a uniform consistent learning algorithm on a binary classification problem

(X x {0,1}, % c {0,1}¥ LO-D Py (X x {0,1}).

6. GENERALIZATION ABILITY OF A LEARNING MACHINE AND MODEL
SELECTION

In the last lecture we measured the consistency of a learning algorithm A
in a unified learning model (Z,#, L, P) via the sample complexity function
my : (0,1)2 — Ry Uoo. The sample complexity m (e, §) is the less number
of samples that A requires in order to make a prediction with & accuracy
and (1 — ) confidence. In 1984 Valiant suggested a PAC-model of learning,
which corresponds to the notion of uniform (w.r.t. P) consistency of A,
which has moreover to be efficiently computable, i.e. the function my(e,d)
must be polynomial in e~! and §~'. Furthermore Valiant also requires
that A is efficiently computable, which can be expressed in terms of the
computational complexity of A, see [SSBD2014, Chapter 8] for discussion
on running time of A.

Thus, given a learning machine (Z,H, L, P, A), where A is a learning
algorithm, the generalization ability of (Z,H, L, P, A) is measured in terms
of the family of sample complexities {ma ,(e,0)| p € P} of the learning
machines (Z,H,L,u € P, A) and the computational complexity of A. In
the previous lecture, Lemma 5.5, we gave upper bounds for the sample
complexity ma,,,,(¢,0) in terms of the sample complexity my(c/2,6/2) of
the learning model. Then we showed that in a binary classification problem
the sample complexity my takes finite values if and only if the VC-dimension
of H is finite.

Today we shall discuss two further methods of upper bounds for the sam-
ple complexities my and my4,,,, of some important learning models. Then
we discuss the problem of learning model selection.

6.1. Covering number and sample complexity. In the binary classifi-
cation problem of supervised learning the VC-dimension is a combinatorial
characterization of the hypothesis class H, which carries no topology, since
the domain X and the target space ) are discrete. The expected zero-
one loss function is therefore the preferred choice of a risk function. In
[CS2001] Cucker-Smale estimated the sample complexity my of a discrim-
inative model for a regression problem with the MSE as the expected loss
function.
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Before stating Cucker-Smale’s results we introduce necessary notations.

e X is a topological space and p denotes a Borel measure on X x R".

e Let Cp,(X) be the Banach space of continuous bounded R"-valued func-
tions on X with the norm

[ fllco = sup ||f ()]l
zeX

e For f € C,(X) let fy € C,(X x R™) denote the function
fy(@y) = f(z) —y.

Then MSE,(f) =E,(||fy|]?), see (2-2) and (2.3).
e For a function g € C,, (X x R™) denote by V,(g) its variance, see (4.16]),

Vo(9) =E,(llg — Eo(9)II*) = Ep(llgll*) — [[Epgll*.

e For a compact hypothesis class H C C,(X) define the following quan-
tities

(6.1) MSE,u(f) == MSE,(f) —min MSE, (),

which is called the estimation error of f, or the sample error of f [CS2001],
and

Vo(H) := sup V,(fy),
feH

N(H,s) := min{l € N| there exists [ disks in H with radius s covering H}.

e For S = (21, ,2m) € 2™ := (X x V)™, where z; = (z;,y;), denote by
fs the minimizer of the function M SEg : H — R such that

MSEs(f) = % D O If(i) = il
=1

The existence of fg follows from the compactness of H and the continuity
of the functional MSEg on H.

Theorem 6.1. ([CS2001], Theorem C]) Let H be a compact subset of C(X) :=
C1(X). Assume that for all f € H we have |f(x) —y| < M p-almost every-

where, where p is a probability measure on X x R. Then for all e > 0

m€2

€ )267 8(4V,(H)+ L1 M2e) )

"16M

Theorem implies that for any n < co the ERM algorithm is consistent
on the unified learning model (X, H C C,(X), L2, Pp(X x R™)), where Lo
is the quadratic loss function, and Pp(X x R™) denotes the space of Borel
measures on the topological space X x R", if H is compact. To increase
the accuracy of the estimate in we need to decrease the radius of the
covering balls and therefore increase the number of the covering ball.

(62) p"{S € 2" MSE,(fs) <} > 1-N(H

161y, [CS2001), p.8] the authors used the Loo-norm, but they considered only the sub-
space of continuous functions
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The proof of Theorem is based on Lemma [5.5] To prove that the
sample complexity of Ae.pn is bounded it suffices to prove that the sample
complexity my of the learning model (X, H C C(X), L2, Pp(X x R")) is
bounded.

Outline of the proof of the Cucker-Smale theorem. The strategy of the
proof of Theorem is similar to that of Fundamental Theorem of binary
classification (Theorem [5.15)).

In the first step we prove the following Lemma, which gives a lower bound
on the rate of the convergence in probability of empirical risk MSEg(f) to
the expected risk MSE,(f) for a given f € H.

Lemma 6.2. ([CS2001, Theorem A, p.8]) Let M > 0 and f € Cy(X) such
that |f(z) —y| < M p-a.e.. Then for all e > 0 we have

ms2 )

§S € 275 MSE,(f) ~ MSEs(f)| <} > 120 2744
where 02 = V,(fZ).

Lemma is a version of the inequality , for which we used the
Hoeffding inequality. The Hoeffding inequality does not involve the variance
and Cucker-Smale used the Bernstein inequality instead of the Hoeffding
inequality, see Appendix [B]

In the second step, we reduce the problem of estimating upper bound for
the sample complexity my to the problem of estimating upper bound for
the sample complexities mp,, where {D;| j € [1,1]} is a cover of H, and
using the covering number. Namely we have the following easy inequality

p"{S € Z™| sup |MSE,(f) — MSEs(f)| = ¢} <

l
63) D p{Sez| sup |MSE,(f) ~ MSEs(f)| > <}.
= i

In the last third step we proof the following

Lemma 6.3. ([CS2001, Proposition 3, p. 12]) Let fi, fo € C(X). If | f;j(z)—
yl < M on a set U C Z of full measure for j = 1,2 then for any S € U™
we have

|(MSEs(fi) — MSEs(f2)ll < 4AM|[f1 — fallco-
Lemma [6.3| implies that for all S € U™

fsu[[)) IMSE,(f) — MSEs(f)| > 2e = |MSE,(f;) — MSEs(f;)| > ¢.
el

Combining the last relation with (6.3)), we derive the following desired upper
estimate for the sample complexity myy.
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Proposition 6.4. Assume that for all f € H we have |f(z)—y| < M p-a.e..
Then for all € > 0 we have

777.52
)26(_4(202+%A{25)

p"™{z € Z™ : sup |MSE,(f)—MSE,(f)| < e} > 1-N(H,
fer "8M

where 02 = sup seqy Vo (1)
This completes the proof of Theorem

Exercise 6.5. Let Lo denote the instantaneous quadratic loss function in
(2.12). Derive from Theorem an upper bound for the sample complexity
my(g,0) of the learning model (X, H C C,(X), L2, Pp(X xR™)), where H is
compact and Pp(X x R™) is the space of Borel measures on the topological
space X x R".

Remark 6.6. If the hypothesis class H in Theorem is a convex subset in
‘H then Cucker-Smale got an improved estimation of the sample complexity
ma,,,, [CS2001, Theorem C*].

6.2. Rademacher complexities and sample complexity. Rademacher
complexities are more sophisticated complexities that can be used in upper
bounds for a “half” of the sample complexity ms of a learning model but
they are sufficient for estimating upper bounds of the sample complexity
ma,,,, of the ERM algorithm.

The Rademacher complezity of a learning model (Z,H, L, p) is defined as
the Rademacher complexity of the family qu{ of functions

(6.4) {9n: Z = R, gn(z) = L(z,h)| h € H}.

Definition 6.7 (Rademacher complexity). The empirical Rademacher com-
plexity of G w.r.t. a sample S = (21,--- ,2 ) € Z" is defined as follows

where {0; € Zs|i € [1,n]} and ,uZ2 is the counting measure on Z,, see 1}
If S is distributed according to a probability measure p™ on Z™, then the
Rademacher complezity of G w.r.t. p are given by

Rnu(G) = Eun[Rs(G)].
The Rademacher n-complexity R, (Z,H, L, ) (resp. the Rademacher em-
pirical n-complexity Rg(Z,H, L)) is defined to be the complexity R, ,.(GF)

(resp. the empirical complexity 7?,5(972)), where g{;[ is the family associated
to the model (Z,H, L, ) by (6.4).

Example 6.8. Let us consider a learning model (X xZo, H C (Z)*, LO=D ).
For a sample S = {(x1,y1), -, (Tm,Ym)} € (X X Z2)™ denote by Pr(S)
the sample (x1,- -+ ,2y) € A™. We shall show that
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(6.5) Rs(g(o 1)) *RPr( y(H)-
Using the identity
_ o 1
Lmlkxym)=1—5$>:§u—ym@w)

we compute

Q(O b . [sup — or 5h("’31
( ) "hen m Z ’
m
1- yzh(xz)
—E - i N2
ieloup o>
B uzaym =0 Lo m )
- 5 (u%)m[}slgg% —05Yi (551)]

1 1 & 1.
=ZE, 2| ()] —
2z, ey m 2

which is required to prove.

We have the following relation between the empirical Rademacher com-
plexity and the Rademacher complexity, using the McDiarmid concentration
inequality, see and [MRT2012| (3.14), p.36]

(6.6) p'{S € Z"Rnu(G1) < Rs(G3) + } >1-

Theorem 6.9. (see e.g. [SSBD2014, Theorems 26.37 26.5, p. 377- 378])
Assume that (Z,H, L, 1) is a learning model with |L(z,h)| < ¢ for all z € Z
and all h € H. Then for any § > 0 and any h € H we have

(67) (S € 2% BEh) ~ B5(h) < Ry u(@h) + oy 2y 0
(68) w8 € 2| RE() - RE() < Rs(@h) + 4y 2Dy >0 s
(6.9)

WS € 2| R (Aurn()) — RE(R) < 2Brs(Gh) + 5y 20Ty 5
(6'10) EM” (Rﬁ(Aerm(S)) - Rﬁ,?—[) < QRTn7M(g?Z)'

It follows from ([6.10]), using the Markov inequality, the following bound
for the sample complexity m 4, in terms of Rademacher complexity

erm

2R (G5)

n n L L
(6'11) I {S €z ’ Ru(Aerm) - Ru,’H < 5

}>1-4.
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Remark 6.10. (1) The first two assertions of Theorem give an upper
bound of a “half” of the sample complexity my of a unified learning model
(Z,H, L, 1) by the (empirical) Rademacher complexity R, (G) of the associ-
ated family G. The last assertion of Theorem is derived from the second
assertion and the Hoeffding inequality.
(2) For the binary classification problem (X' x{0,1},# c {0,1}*, LO-D P(x'x

{0,1}) there exists a close relationship between the Rademacher complexity

and the growth function I'y(m), see [MRT2012, Lemma 3.1, Theorem 3.2,

p. 37] for detailed discussion.

6.3. Model selection. The choice of a right prior information in machine
learning is often interpreted as the choice of a right class H in a learning
model (Z,H, L, P) which is also called a model selection. A right choice of
‘H should make balance between the approximation error and the estimation
error of H defined in the error decomposition of H.

6.3.1. Error decomposition. We assume that the maximum domain of the
expected loss function Rﬁ is a subspace Hy,, O H, given L and a probability
measure p € P.
We define the Bayes risk of the learning problem Rﬁ on the maximal
domain Hy, ,, as follows
RE, = inf REL(h
b, hEHL,H u( )
Recall that Rﬁ,’H = infpey Rﬁ (h) quantify the optimal performance of a

learner in H. Then we decompose the difference between the expected risk
of a predictor h € H and the Bayes risk as follows:

(6.12) Rﬁ(h) — Rlﬁu = (Rﬁ(h) — RﬁjH) + (Rﬁﬂ — Rlﬁu).

The first term in the RHS of is called the estimation error of h, cf.
, and the second term is called the approximation error. If h = Aepm(S)
is a minimizer of the empirical risk ]?g, then the estimation error of Agpp, (S)
is also called the sample error [CS2001), p. 9].

The approximation error quantifies how well the hypothesis class H is
suited for the problem under consideration. The estimation error measures
how well the hypothesis h performs relative to best hypotheses in H. Typi-
cally, the approximation error will decrease when enlarging H but the sample
error will increase as demonstrated in No-Free-Lunch Theorem because
P should be enlarged as H will be enlarged.

Example 6.11. (cf. [Vapnik2000, p. 19], [CS2001, p. 4, 5]) Let us
compute the error decomposition of a discriminative model (X x R,H C
RY, Ly, Pp(X x R) for regression problem. Let 7 : X x R — X denote
the natural projection. Then the measure p, the push-forward measure
m«(p) € P(X) and the conditional probability measure p(y|z) on each fiber
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771 (x) = R are related as follows

/m Pl y)ip = /X< /R o (z,y)dp(ylz))dm.(p)

for p € LY(p), similar to the Fubini theorem, see Subsection
Let us compute the Bayes risk Rlﬁ 4 for L = Ly. The maximal subspace

Hr, where the expected loss R is well defined is the space L*(X,m.(p)).
We claim that the regression function of p, see Exercise

ro() = By (i(Y)|X = x) = /R ydp(yle)

minimizes the MSE,_, defined on the space L*(X, m.(p)). Indeed, for any
f € L?(X,m(p)) we have

(6.13)  MSE,(f)= [ () = ryla) Pdr.(p) + MSEr 5 (r,)
The equation |i implies that the Bayes risk wa* ) is MSEr (1) Tt
follows that the approximation error of a hypothesis class H is equal

MSEW*(p)(me’L) = /X(fmm - Tp($))2d7r*(p) + MSEN*(p) (rp)7

where fyin is @ minimizer of MSE in H. Since MSE, (,(r,) is a constant,
if H is compact, fii, exists and satisfies the condition

(6.14) fmin = argmind(g,7,),
geEH

where d is the L2-distance on L?(X,7.(p)).

6.3.2. Validation and cross-validation. An important empirical approach in
model selection is validation and its refinement - (k-fold) cross-validation.
Validation is used for model selection as follows. We first train different
algorithms (or the same algorithm with different parameters) on the given
training set S. Let H := {h1,--- , h,} be the set of all output predictors of
the different algorithms. Now, to choose a single predictor from H we sample
a fresh validation set S’ € Z™ and choose the predictor h; that minimizes
the error over the validation set.

The basic idea of cross-validation is to partition the training set S =
(21, ,2n) € 2™ into two sets S = S U Sy where S € Z¥ and Sy € Z"F,
The set 57 is used for training each of the candidate models, and the second
set Sy is used for deciding which of them yields the best results.

The n-cross validation is a refinement of cross-validation by partition of
the training set into n-subsets and use one of them for testing the and repeat
the procedure (n — 1)-time for other testing subsets.
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6.4. Conclusion. In this lecture we use several complexities of a learning
model (Z,H, L, P) for obtaining upper bounds of the sample complexity of
the ERM algorithm A¢,. Among them Rademacher complexities are the
most sophisticated ones that measure the capacity of a hypothesis class on a
specific sample, which can be used to bound the difference between empirical
and expected error, and thus the excess generalization error of empirical risk
minimization. To find an ideal hypothesis class H for a learning problem
we have to take into account the error decomposition of a learning model
and the resulting bias-variance trade-off and use empirical cross validation
methods.

7. SUPPORT VECTOR MACHINES

In this lecture we shall consider a class of simple supervised learning
machines for binary classification problems and apply results in the previ-
ous lectures on consistent learning algorithms. Our learning machines are
(V X Za, Hiin, L, P(V x Z3), A) where V is a real Hilbert space, H;;, consists
of linear classifiers, defined below, L is a (0 — 1) loss function (resp. regu-
larized (0 — 1) loss function) and A is a hard SVM algorithm (resp. a soft
SVM algorithm), which we shall learn in today lecture. The original SVM
algorithm is the hard SVM algorithm, which was invented by Vapnik and
Chervonenkis in 1963. The current standard incarnation (soft margin) was
proposed by Cortes and Vapnik in 1993 and published in 1995.

7.1. Linear classifier and hard SVM. For (w,b) € V x R we set
(7.1) Fooy(@) = (w,2) +b.

Definition 7.1. A linear classifier is a function sign f,p) : V — Zs,
X — sz’gnf(w’b)(x) S {—1, 1} = Zo.

We identify each linear classifier with the half space H (J[UJ)) = sign f(; 1,b) (1) =
f(;lb) (R>0) C V and set H,p) = f(zulb) (0) C V. Note that each hyperplane

H,p) C 'V defines H('ZJ b)

defines the affine function f(,, ;) up to a multiplicative factor A € R*. Denote
by H (V) the set of of all hyperplanes in the affine space V. Then H;, is
a double cover of H4(V') with the natural projection 7 : Hy — Ha(V)
defined above.

up to a reflection of V' around H(,,) and therefore

Definition 7.2. A training sample S = (z1,y1), -, (Tm,ym) € (V X

{£1})™ is called separable, if there is a half space H(JZU p C V that cor-

rectly classifies S, i.e. for all i € [1,m] we have z; € H(J:U b) iff y; =1. In
other words, the linear classifier sign f(, ) is a minimizer of the empirical

risk function ROS_l : Hyin — R associated to the zero one loss function L.
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Remark 7.3. (1) A half space H (‘; ) correctly classifies S if and only if the
(0-1)

empirical risk function RS (f(wp)) = 0 and sign fr,p) is a linear classifier

associated to H," B
w,b)

(2) Write S = Sﬁr U S_ where
St = {(z,y) € S|y ==%1}.

Let Pr : (V x {£1})™ — V™ denote the canonical projection. Then §
is separable if and only if there exists a hyper-plane H(,, ;) that separates
[Pr(S4)] and [Pr(S-)], where recall that [(z1,- -+ ,2m)] = U {z;} C V. In
this case we say that H,, ) correctly separates S.

(3) If a training sample S is separable then the separating hyperplane
is not unique, and hence there are many minimizers of the empirical risk
function Rg)_l). Thus, given S, we need to find a strategy for selecting one

of these ERM’s, or equivalently for selecting a separating hyperplane H,, ),
since the associated half-space H (J;J )
value (z;,v;). The standard approach in the SVM framework is to choose
H(,yp) that maximizes the distance to the closest points x; € [Pr(S)]. This
approach is called the hard SVM rule. To formulate the hard SVM rule we

need a formula for the distance of a point to a hyperplane H,, p).

is defined by H(, ) and any training

Lemma 7.4 (Distance to a hyperplane). Let V' be a real Hilbert space and
Hypy = {2z € V| (z,w) + b= 0}. The distance of a point x € V to H )
s given by

) [{x,w) + b
7.2 x, H = inf ||z —z|| =
( ) p( (w,b)) 2€H () H H ||w||
Proof. Since H,, 1) = H(yp)/x for all A > 0, it suffices to prove (7.2) for the
case ||w|| = 1 and hence we can assume that w = e;. Now formula ([7.2))
follows immediately, noting that H ., 5y = H(c, 0) — be1. O
Let H(, ) separate S = {(z1,y1),"** , (Tm,ym)} correctly. Then we have

Yi = sign((aci,w> + b)?
= |(z, w) + b = y;({x, w) + b).
Hence, by Lemma the distance between Hy,, ;) and S is

min; y; ((z;, w) + b)
[w]]

(7.3) p(Ss Hewyp)) = min p(zi, Hiw ) =

The distance p(S, H(,p)) is also called the margin of a hyperplane Hy, )
w.r.t. S. The hyperplanes, that are parallel to the separating hyperplane
and passing through the closest points on the negative or positive sides are
called marginal.
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Denote by Hg the subset of m(H;;,) = Ha(V') that consists of hyperplanes
separating S. Set

(7.4) Aps(S) = arg e p(S, Hy py)-

Now we define a map Aps : Up, (V' X Zo)™ — Hyp by letting Aps(S) €
A5 (S) to be the linear classifier that correctly classifies S.

Definition 7.5. A hard SVM is a learning machine (V' x Za, Hjin, LO-1),
P(V X ZQ), Ahs)‘

The domain of the optimization problem in (7.4 is Hg, which is not easy
to determine. So we replace this problem by another optimization problem
over a larger convex domain as follows.

Lemma 7.6. For S = {(z1,y1), ", (Tm,ym)} we have

(7.5)  Aps(S) = H(”:U p) where (w,b) = arg( z)r;rl'zli)(l‘<1mjnyi((w,a:i> +b).

Proof. 1f H, ) separates S then p(S, H, ) = min; y;((w,z;) +b). Since
the constraint ||w|| < 1 does not effect on H,, ), which is invariant under a
positive rescaling, (|7.3]) implies that

(7.6) miny;((w, ;) +b) > max_ p(S, H, py)-

max
(w,b):]|w||<1 2 H, 4y €Ms
Next we observe that if H(, ) ¢ Hs then
min y; ((w, z;) +b) < 0.
7

Combining this with (7.6) we obtain

in y; ((w, 27) + b) = iny; ((w, ;) + b).
i TRyl e $0) = max mini({w, zi) +0)
This completes the proof of Lemma O

A solution Ap4(S) of the equation maximizes the enumerator of the
far RHS of under the constraint ||w|| < 1. In the Proposition below we
shall show that Aps(S) can be found as a solution to the dual optimization
problem of minimizing the dominator of the RHS under the constraint
that the enumerator of the far RHS of has to be fixed.

Proposition 7.7. A solution to the following optimization problem, which
is called Hard-SVM,

(7.7) (wo, bo) = argmigl{HwHQ s yi((w,x) +0) > 1 for all i}

)

produces a solution (w,b) := (wo/||wol|, bo/||wol||) of the optimization prob-

lem (7.5).
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Proof. Let (wo, by) be a solution of (7.7)). We shall show that (wo/||wol|, bo/||wol|)
is a solution of . It suffices to show that the margin of the hyperplane
H (9,9) 18 greater than or equal to the margin of the hyperplane associated
to a (and hence any) solution of (7.5)).
Let (w*,b*) be a solution of Equation (7.5). Set

7" o= miny;((w”, z;) + b7)
which is the margin of the hyperplane H,- ) by (7.3). Therefore for all i
we have

yi((w*, ) +b%) > +*

or equivalently

w* *

(—,z)) + —) > 1.
yz(<,y* 7xl> + 'Y*) - 1
Hence the pair (1;’—:, 2—1) satisfies the condition of the quadratic optimization
problem in . It follows that

oll <1151 = =
v
Hence for all i we have

w b i((wo, z;) + b 1 .
[lwoll ol ||woll [|woll
This implies that the margin of H (wo’boi satisfies the required condition. This

completes the proof of Proposition O

Remark 7.8. (1) The optimization problem of is a specific instance
of quadratic programming (QP), a family of problems extensively studied in
optimization. A variety of commercial and open-source solvers are available
for solving convex QP problems. It is well-known that there is a unique
solution of .

(2) In practice, when we have a sample set S of large size, then S is not
separable, thus the application of hard SVM is limited.

Exercise 7.9. (1) Show that the vector wp of the solution (wp, by) in
of the SVM problem is a linear combination of the training set vectors
T, T

(2) Show that x; lies on the marginal hyperplanes (wg, z) 4+ by = £1.

A vector x; appears in the linear expansion of the weight vector wp in
Exercise is called a support vector.

7.2. Soft SVM. Now we consider the case when the sample set .S is not sep-
arable. There are at least two possibilities to overcome this difficulty. The
first one is to find a nonlinear embedding of patterns into a high-dimensional
space. To realize this approach we use a kernel trick that embeds the pat-
terns in an infinite dimensional Hilbert space space, which we shall learn in
the next lecture. The second way is to seek a predictor sign f(,, ) such that
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Hypy = f(; {b)(O) still has maximal margin in some sense. More precisely,

we shall relax the hard SVM rule by replacing the constraint
(7.8) yil(w, i) +0) > 1

by the relaxed constraint

(7.9) yil{w, i) +b=1-¢

where &; > 0 are called the slack variables. The slack variables are commonly
used in optimization to define relaxed versions of some constraints. In our
case a slack variable £; measures the distance by which vector x; violates
the original inequality in the LHS of .

The relaxed hard SVM rule is called the soft SVM rule.

Definition 7.10. The soft SVM algorithm Asg : (R? x Zy)™ — Hyyy, with
slack variables {§ € RT} is defined as follows

Ass(s) = sign f(wo,bo) (S)
where (wp, by) satisfies the following equation with & = (&1, ,&n)

. 1
(7.10) (w0, b0, ) = arg min(A [ + - [€]l)

"

(7.11) s. t. Vi, yi((w,x;) +b) > 1 —¢ and & > 0.

In what follows we shall show that the soft SVM algorithm A, is a so-
lution of a regularized loss minimization rule, which is a refinement of the
ERM rule.

Digression Regularized Loss Minimization (RLM) is a learning algorithm
on a learning model (Z,#, L, P) in which we jointly minimize the empirical
risk Ré and a regularization function. Formally, a regularization function
is a mapping R : H — R and the regularized loss minimization rule is a
map Ay, @ 2" — H such that A,,(S) is a minimizer of the empirical
regularized loss function R% := f?é +R:H—R.

As the ERM algorithm works under certain condition, the RLM algorithm
also works under certain conditions, see e.g. [SSBD2014, Chapter 13] for
detailed discussion.

The loss function for the soft SVM learning machine is the hinge loss
function L""9¢ : Hy; x (V x {£1}) — R defined as follows
(712) LM (R, (2,y)) = max{0, 1 — y((w,z) + b)}.

Hence the empirical hinge risk function is defined as follows for S =
{(:Elayl) ) (xmaym)}

inge 1 .
R (i) = - 3 max{0, 1= yi((w,a4) + b}

i=1
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Lemma 7.11. The Equation with constraint for Agg is equiv-
alent to the following reqularized risk minimization problem, which does not
depend on the slack variables &:
(7.13) A45(8) = arg min (AJw]]? + RE™(fruws)) € Hiin-

(w,b)
Proof. Let us fix (wg, bg) and minimize the RHS of |D under the con-
straint ([7.11)). It is straightforward to see that & = Lhmge((w, b), (a:z,yl))

Using this and comparing (7.10) with (7.13]), we complete the proof of
Lemma [7.111 O

From Lemma [7.11] we obtain immediately the following

Corollary 7.12 (Definition). A soft SVM is a learning machine (V x
L, Hiin,
Lhinge P(V x Za), Avim)-

Remark 7.13. The hinge loss function LMng9e enjoys several good properties
that justify the preference of L""9¢" as a loss function over the zero-one loss
function LO~1, see [SSBD2014] Subsection 12.3, p. 167] for discussion.

7.3. Sample complexities of SVIM.
Exercise 7.14. Prove that VC dim Hy;,, = dimV + 1.

From the Fundamental Theorem of binary classification [5.15|and Exercise
(7.14]) we obtain immediately the following

Proposition 7.15. The binary classification problem (V xZa, Hiin, L(O_l),P(Vx
Z3)) ha a uniformly consistent learning algorithm if and only if V is finite
dimensional.

In what follow we shall show the uniform consistent of hard SVM and
soft SVM replacing the statistical model P(R? x Zs) by a smaller class.

Definition 7.16. ([SSBD2014, Definition 15.3]) Let p be a distribution on
V X Zo. We say that u is separable with a (v, p)-margin if there exists
(w*,b*) € V x R such that ||w| =1 and such that

pi(z,y) € V x Lo y((w”, 2) +b7) = v and [[z]| < p} = 1.

Similarly, we say that u is separable with a (v, p)-margin using a homoge-
neous half-space if the preceding holds with a half-space defined by a vector
(w*,0).

Definition means that the set of labeled pairs (z,y) € V' x Zy that
satisfy the condition

y({w*, ) +b°) =y and [|z]| <p

has a full p-measure, where p is a separable measure on with (y, p)-margin.
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Remark 7.17. (1) We regard an affine function f(,,4) : V' — R as a linear
function f,y : V! — R where V' = (e1)gr ® V, i.e., we incorporate the
bias term b of f(,p) in into the term w as an extra coordinate. More
precisely we set
w :=be; +vand ' :=e; + .
Then
fwp (@) = fur (2").

Note that the natural projection of the zero set f,,'(0) C V' to V' is the zero
set H(w,b) of f(w,b)'

(2) By Remark (1), we can always assume that a separable measure
with (-, p)-margin is a one that uses a homogeneous half-space by enlarging
the instance space V.

Denote by P, ;) (V' X Zza) the subset of P(V x Zz) that consists of separable
measures with a (7, p)-margin using a homogeneous half-space. Using the
Rademacher complexity, see [SSBD2014, Theorem 26.13, p. 384], we have
the following estimate of the sample complexity of the learning machine
(V X Lo, Hiin, L(Ofl), P(,y’p)(V X Zg), Ahs)~
Theorem 7.18. ([SSBD2014, Theorem 15.4, p. 206]) Let pu € Py, ) (V X
Z3). Then we have

P{S € (V x Z)™| RV (Ape(S)) < \/‘W + \/210%71(2/5)} >1-0.

m =

Denote by P,(V x Zs) the set of of probability measures on V' x Zy whose
support lies in B(0, p) x Zs where B(0, p) is the ball of radius p centered at
the origin of V. Now we shall examine the sample complexity of the soft
SVM learning machine (V x Za, Hyjp, LM"9¢, P,(V xZs3), Ass). The following
theorem is a a consequence of Lemmal[7.11]and a general result on the sample
complexity of RLM under certain conditions, see [SSBD2014, Corollary 13.8,
p. 179].

Theorem 7.19. ([SSBD2014), Corollary 15.7, p. 208]) Let € P,(V x Z3).

Then for every r > 0 we have

By (B (A4:s(9)) ) < By (RE9%(445(S)) )

) . 8p27a2
7.14 < RMnge(p,. .
(7-14) < e ) T

Exercise 7.20. Using the Markov inequality, derive from Theorem [7.19] an
upper bound for the sample complexity of the soft SVM.

Theorem and Exercise [7.20] imply that we can control the sample
complexity of a soft SVM algorithm as a function of the norm of the under-
lying Hilbert space V', independently of the dimension of V. This becomes
highly significant when we learn classifiers h : V' — Zs via embeddings into
high dimensional feature spaces.
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7.4. Conclusion. In this section we consider two classes of learning ma-
chines for binary classification. The first class consists of learning models
(V X Zy, Hiin, LOV), P(V x Zy)) with finite VC-dimension iff and only if V is
finite dimensional. If € P(V x Zy) is separable with (v, p)-margin then we
can upper bound the sample complexity of the hard SVM algorithm Ap, for
(V X Zg, Hiin, L0~V 1) using the ration p/v and Rademacher’s complexity.
The second class consists of learning machines (V' x Zg, Hiin, Lhinge, P,(V x
Z3), Ass). The soft SVM algorithm Ay is a solution of a regularized ERM
and therefore we can apply here general results on sample complexity of
regularized ERM algorithms.

8. KERNEL BASED SVMSs

In the previous lecture we considered the hypothesis class H;;, of linear
classifiers. A linear classifier sign f(,, ) correctly classifies a training sam-
ple S C (V x {£1})™ iff the zero set H(,p) of f(,p) separates the subsets
[Pr(S-)] and [Pr(S4+)]. By Radon’s theorem any set of distinct (d+2) points
in R? can be partitioned into two subsets that cannot be separated by a hy-
perplane in R%. Thus it is reasonable to enlarge the hypothesis class Hjip
by adding polynomial classifiers. Now we observe that any (polynomial)
function f on R? can be regarded as the restriction of a new coordinate
function y on R? x R(y) to the image of the graph I'f(R%) C R? x R of
f,ie, f(z) = y(I's(x)). However, the computational complexity of SVM
with learning by polynomial embedding {(z, f(x))| z € R?} may be compu-
tationally expensive. The common solution to this concern is kernel based
learning. The term “kernels” is used in this context to describe inner prod-
ucts in the feature space. Namely we are interested in classifiers of the
form

signh : X — Zo, h(z) := (h,¢(z)),

where h is an element in a Hilbert space W, ¢ : X — W is a “feature map”
and the kernel function K, : X x & — R is defined

(8.1) Ky(z,y) := (), ¢(y)).

We shall see that to solve the hard SVM optimization problem (7.7)) for
h € W it suffices to learn K. This kernel trick requires less computational
complexity than the one for learning ¢ : X — W.

8.1. Kernel trick. It is known that a solution of a hard SVM can be ex-
pressed as a linear combination of support vectors (Exercise . If the
number of support vectors is less than the dimension of the instance space,
then this property simplifies the search for a solution of the hard SVM.
Below we shall show that this property is a consequence of the Represen-
ter Theorem concerning solutions of a special optimization problem. The
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optimization problem we are interested in is of the following form:
(82)  wo=arg min (f((w,v(@)), - (wb@n) + R(w]))

where x; € X, w and v (x;) are elements of a Hilbert space W, f : R™ — R
is an arbitrary function and R : Ry — R is a monotonically non-decreasing
function. The map ¢ : X — W is often called the feature map, and W is
called the feature space.

The following examples show that the optimization problem for the hard
(resp. soft) SVM algorithm is an instance of the optimization problem .

Example 8.1. Let S = {(z1,11), ** , (Tm, ym) € (V X Za)™.
(1) Plugging in Equation (8.2)
R(a) := d?,

|0 ifyi(a;)>1foralli
flar, - am) = { oo otherwise

we obtain Equation of hard SVM for homogeneous vectors (w,0), re-
placing a; by (w,z;). The general case of non-homogeneous solutions (w, b)
is reduced to the homogeneous case by Remark

(2) Plugging in Equation (8.2))

R(a) := \d?,

1 m
O ::—E 1 = via
f(aq, y Q) m 2 max{0 Yia; }

we obtain Equation ((7.13]) of soft SVM for a homogeneous solution Ags(S),
identifying Ags(S) with its parameter (w,0), S with {(x1,v1) - (Tm,Ym)}
and replacing a; with (w, z;).

Theorem 8.2 (Representer Theorem). Let vy : X — W be a feature mapping
from an instance space X to a Hilbert space W and wqy a solution of .
Then the projection of wgy to the subspace (Y(x1), -, Y(xm))gr in W is

also a solution of .
Proof. Assume that wy is a solution of (8.2). Then we can write

wo =Y citp(i) +u
i=1

where (u,(x;)) = 0 for all 4. Set wp := wy — u. Then
(8.3) [[@oll < [woll
and since (wg, ¥ (z;)) = (wo, Y (x;)) we have

(84) f((wo,¢(x1)),--- , (W0, Y(xm))) = f((wo, ¥(x1)),- -, (wo, P(zm))).-

From (8.3)), (8.4) and taking into account the monotonicity of R, we conclude
that wq is also a solution of (8.2). This completes the proof of Theorem
W O
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The Representer Theorem implies that it suffices to find a solution of
Equation in a finite dimensional subspace W1 C W. In what follows
we shall describe a method to solve the minimization problem of on
W1, which is called the kernel trick.

Let

e K: X xX =R, K(z,2') :== (¢(x),¥(x")) be a kernel function,

o G = (Gyj) = K(x;,x;5) - a Gram matriz,

o wo =", ajih(x;) € Wi - a solution of Equation (8.2).

Then o = (o, -+ , ) is a solution of the following minimization prob-
lem

E 7107 ]z)

1,j=1

a€Rm

(8.5) arg min f ZaﬂGﬂ"" ,ZOéjGjm) —i—R(
=1 j=1

Recall that the solution wy = Y ;" ; a;ji(x;) of the hard (resp. soft) SVM
optimization problem, where (a1, - , ) is a solution of (8.5)), produces a
“nonlinear” classifier wg : X — Zso associated to as follows

wo(x) := signwy(zx)

where
(8.6) wo(x) = (wo, P (z Za] Zaj (zj, 2

To compute we need to know only the kernel function K and not the
mapping 1, nor the inner product (,) on the Hilbert space W.
This motivates the following question.

Problem 8.3. Find a sufficient and necessary condition for a kernel func-
tion, also called a kernel, K : X x X — R such that K can be written as
K(z,2') = (¢(x), (")) for a feature mapping ¢ : X — W, where W is a
real Hilbert space.

Definition 8.4. If K satisfies the condition in Problem we shall say
that K is generated by a (feature) mapping 1. The target Hilbert space is
also called a feature space.

8.2. PSD kernels and reproducing kernel Hilbert spaces.

8.2.1. Positive semi-definite kernel.

Definition 8.5. Let X be an arbitrary set. A map K : X x X — R is
called positive semi-definite kernel (PSD kernel) iff for all xq,--- ,z,, the
Gram matrix G;; = K (z;, x;) is positive semi-definite.

Theorem 8.6. A kernel K : X x X — R is induced by a feature map to a
Hilbert space if and only if it is positive semi-definite.
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Proof. 1) First let us prove the “only if” assertion of Theorem Assume
that K(x,2') = (¢(z),v(2")) for a mapping ¢ : X — W, where W is a
Hilbert space. Given m points x1,--- ,z, € X we consider the subspace
Wy C W generated by ¥(x1), -+ ,¥(xy,). Using the positive definite of the
inner product on Wp,, we conclude that the Gram matrix Gi; = K(x;, z;)
is positive semi-definite. This proves the “only if” part of Theorem

2) Now let us prove the “if” part. Assume that K : X x ¥ — R is positive
semi-definite. For each z € X let K, € RY be the function defined by

Ka(y) == K(z,y).

Denote by
N(f)
W:={f eRY|f=) aK,, a €Rand N(f) < oo},
i=1

Then W is equipped with the following inner-product
<Z i Ky, Z 5J'Kyj> = Z aiﬁjK(xiv yj)'
i J 1,

The PSD property of K implies that the inner product is positive semi-

definite, i.e.
(Z a; Ky, Z a; Ky;) > 0.
( J

Since the inner product is positive semi-definite, the Cauchy-Schwarz in-
equality implies for f € W and x € X

(8.7) (f, K2)? < Af, [){Ke, Ka).-

Since for all z,y we have K,(z) = K(y,x) = (K, K,) , it follows that for
all f € W we have

(8.8) f(@) = (f, Kq).
Using , we obtain from forallz € X
f(@)]? < (f, K (2, 2).

This proves that the inner product on W is positive definite and hence W
is a pre-Hilbert space. Let H be the completion of W. The map =z — K,
is the desired mapping from X to H. This completes the proof of Theorem
O

Example 8.7. (1) (Polynomial kernels). Assume that P is a polynomial in
one variable with non-negative coefficients. Then the polynomial kernel of
the form K : R? x RY = R, (z,y) — P({(x,y)) is a PSD kernel. This follows
from the observations that if K; : X x X — R, ¢ = 1,2, are PDS kernel then
(Ki1+K3)(x,y) := Ki(z,y)+Ka(x,y) is a PSD kernel, and (K;-K»)(z,y) :=
Ki(x,y) - Ka(z,y) is a PSD kernel. In particular, K (z,y) := (1+ (x,y))? is
a PSD kernel.
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(2) (Exponential kernel). For any v > 0 the kernel K (z,y) := exp(y -
(z,y)) is a PSD kernel, since it is the limit of a polynomials in (z,y) with
non-negative coeflicients.

Exercise 8.8. (1) Show that the Gaussian kernel K (z,y) := exp(—3 ||z —
y||?) is a PSD kernel.

(2) Let X = B(0,1) - the open ball of radius 1 centered at the origin
0 € R Show that K (z,y) := (1 — (z,9))~? is a PSD kernel for any p € NT.

8.2.2. Reproducing kernel Hilbert space. Given a PSD kernel K : X xX — R
there exist many feature maps ¢ : X — W such that K is generated by a
feature map ¢ : X — W. Indeed, if K(z,z) = (p(z), p(z)) then K(x,z) =
(e o p(x),e 0 p(x)) for any isometric embedding e : W — W’. However,
there is a canonical choice for the feature space, a so-called reproducing
kernel Hilbert space.

Definition 8.9 (Reproducing kernel Hilbert space). Let X be an instance
set and H C R¥ a real Hilbert space of functions on X with the unique
vector space structure such that for x € X’ the evaluation map

vy : H — R, evg(f) = f(x)
is a linear map. E| Then H is called a reproducing kernel Hilbert space
(RKHS) on X if for all z € X' the linear map ev, is bounded i.e.,

sup  evy(f) < 0.
feB(0,1)CH

Remark 8.10. Let H be a RKHS on X and z € X. Since ev, is bounded,
by the Riesz representation theorem there is a function k, € H so that
f(x) = (f, k) for all f € H. Then the kernel
K(ﬂf,y) = <k$7ky>
is a PSD kernel. K is called the reproducing kernel of H.
Thus every RKHS H on X produces a PSD kernel K : X x X — R.

Conversely, Theorem below asserts that every PSD kernel reproduces
a RKHS H.

Theorem 8.11. Let K : X x X — R be a PSD kernel. There there exists
a unique RKHS H such that K is the reproducing kernel of H.

Proof. By Theorem given a PSD kernel K : X x X — R, there exists a
RKHS

H:={K,;| K;(y) = K(z,y) for all z,y € X}
such that

(8.9) Va,y € X we have K(z,y) = (K, Ky).

1T other words, the vector structure on H is induced from the vector structure on R
via the evaluation map.
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From we conclude that the evaluation map ev, : H — R, ev,(K,) =
K(y,x) is a linear bounded map for all x,y, since

—maxevK:maXKy, <VK(z,z).
lewell = maxe evo(K,) = max K(y.x) < /K(w.2)
Hence H is a RKHS.

To show the uniqueness of a RKHS H such that K is the reproducing
kernel of H we assume that there exists another RKHS #H’ such that for all
z,y € X there exist ky, ky € H' with the following properties

K(z,y) = (ks, ky) and f(x) = (f, k) for all f e H.

We define a map g : H — H' by setting g(K,) = k.. It is not hard to see
that g is an isometric embedding. To show that g extends to an isometry
it suffices to show that the set k, is dense in H'. Assume the opposite, i.e.
there exists f € H’ such that (f, k,) = 0 for all . But this implies that
f(x) =0 for all z and hence f = 0. This completes the proof of Theorem
BI1l O

8.3. Kernel based SVMs and their generalization ability.

8.3.1. Kernel based SVMs. Let K : X x X — R be a PSD kernel. Denote
by H(K) the RHKS of functions on X that produces K. Each function
h € H(K) defines a binary classifier

signh : X — Zo.

Denote by Kj;, the set of all binary classifiers sign h where h € H(K). Using
the Representer Theorem [8.2[ and Example (1), we replace the algorithm
Aps of a hard SVM by a kernel based algorithm.

Definition 8.12. A kernel based hard SVM is a learning machine
(X X Zg, Kiin, L0V P(XXZs), Api), where for S = {(x1,91), -+ , (Tm, Ym) }
€ (X X Z2)™ and any x € X we have

Api(S = szgnZaJ (xj,x) € Zg,
and « := (aq,- -+, Q) is the solution of the following optimization problem
(8.10)
m m
a= argmin(f(z a; K (xj, 1), ZO‘J (zj, Tm))+R( Z aiajK(xi,a:j))),
j=1 i,j=1

where R and f are defined in Example [8.1)(1).

Using the Representer Theorem and Example (2) , we replace the
algorithm Ags of a soft SVM by a kernel based algorithm.



62 HONG VAN LE *

Definition 8.13. A kernel based soft SVM is a learning machine
(XXZ27 Klina Lhznge’ P(XXZQ)v Ask)a where for S = {(':Ul’ yl)) B (:L'ma ym)}
€ (X X Z2)™ and any x € X we have

Asx(S) —szgnZa] (xj,x) € Zg,
and a := (aq, -+, Q) is the solutlon of the following optimization problem
(8.11)
m m
a = argmin(f(z a;K(xj, 1), Zay (2, Tm))+R( Z aiajK(:L‘i,:Uj))),
Jj=1 ,j=1

where R and f are defined in Example B.1)(2).

8.3.2. Generalization ability of kernel based SVMs.

e The advantage of working with kernels rather than directly optimizing in
the feature space is that in some situations the dimension of the feature space
is extremely large while implementing the kernel function is very simple
and in many case the computational time complexity of solving is a
polynomial on the variable of the size of z;, i € [1,m], see [SSBD2014} p.
221-223].

e The upper bound for the sample complexity of hard SVM in Theorem
is also valid for the sample complexity of the kernel based hard SVM
[SSBD2014, Theorem 26.3, p. 384] after adapting the condition of separa-
bility with (v, p)-margin of a measure y € P(X X Z3) in terms of the kernel
function.

e The upper bound for the sample complexity of soft SVM in Theorem
is also valid for the sample complexity of the kernel based soft SVM,
after adapting the support condition a measure p € P(X X Zg) in terms of
the kernel function.

8.4. Conclusion. In this section we learn the kernel trick, which simplifies
the algorithm of solving hard SVM and soft SVM optimization problem,
using embedding of patterns into a Hilbert space. The kernel trick is based
on the theory of RKHS and has many applications, e.g., for defining a feature
map ¢ : P(X) — V, where V is a RHKS, see e.g. [MEFSS2016]. The main
difficulty of the kernel method is that we still have no general method of
selecting a suitable kernel for a concrete problem. Another open problem is
to improve the upper bound for sample complexity of SVM algorithm, i.e.,
to find new conditions on p € P such that the sample complexity of Apy,
Agp, which is computed w.r.t. p is bounded.

9. NEURAL NETWORKS

In the last lecture we examined kernel based SVMs which are generaliza-
tions of linear classifiers, which are also called perceptrons.
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Today we shall examine other generalizations of linear classifiers which
are artificial neural networks, shortened as neural networks (otherwise, non-
artificial neural networks are (called) biological neural networks). The idea
behind neural networks is that many neurons can be joined together by
communication links to carry out complex computations. Neural networks
achieve outstanding performance on many important problems in computer
vision, speech recognition, and natural language processing.

Note that under “a neural network” one may think of a computing de-
vice, a learning model, or a hypothesis class of a learning model, a class of
(sequences of) multivariable functions.

In today lecture we shall investigate several types of neural networks,
their expressive power, i.e., the class of functions that can be realized as
elements in a hypothesis class of a neural network. In the next lecture we
shall discuss the current learning algorithm -stochastic gradient descend -
on neural networks.

9.1. Neural networks as computing devices. A neural network has a
graphical representation for multivariate functions of multi-variables hy, g 5. :
R™ — R or a sequence of multivariate functions of multi-variables {hﬁ/ Fow:
R™ — R™|i € N}.

e The quadruple (V, E, 0, w) consists of

+ the network graph (V, E), also called the underlying graph of the net-
work, where V is the set of nodes n, also called neurons, and F is the set of
directed edges connecting nodes of

+ o - a family of functions o, : R — R, also called the activation function
of neuron n. Usually o, = ¢ is independent of n. Most common activation
functions are:
- the sign function o(z) = sign(x),
- the threshold function o(z) = 1g+(x),
- the sigmoid function o(z) := which is a smooth approximation to
the threshold function;

4+ w: E — R - the weight function of the network.

_ 1
1+e=*?
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e The networks architecture of a neural network is the triple G = (V, E, o).

Hidden
TN
Inpmt :

N ] _,{"I
‘ ' \"\\\\[hn:um
N AT //'“'\\ T
p NN . "
/ '\ £
/ ||
\/

e A weight w : £ — R endows each neuron n with a computing instruction of
type “ input-output”. The input I(n) of a neuron n is equal to the weighted
sum of the outputs of all the neurons connected to it: I(n) = > w(n'n)O(n’),
where n'n € F is a directed edge and O(n’) is the output of the neuron n’ in
the network.

e The output O(n) of a neuron n is obtained from the input I(n) as follows:
O(n) =o(I(n)).

e The i-th input nodes give the output z;. If the input space is R™ then
we have n + 1 input-nodes, one of them is the “constant” neuron, whose
output is 1.

e There is a neuron in the hidden layer that has no incoming edges. This
neuron will output the constant o(0).

o A feedforward neural network (FNN) has underlying acyclic directed
graph. Each FNN (FE,V,w, o) represents a multivariate multivariable func-
tion hy gow @ R" — R™ which is obtained by composing the computing
instruction of each neuron on directed paths from input neurons to output
neurons. For each architecture (V, E, o) of a FNN we denote by

Hypo = {hvEow: weRF}

the underlying hypothesis class of functions from the input space to the
output space of the network.

e A recurrent network (RNN) has underlying directed graph with a cycle.
By unrolling cycles in a RNN in discrete time n € N, a RNN defines a map 7 :
Nt :— {FNN} such that [r(n)] C [r(n+ 1)], where [r(n)] is the underlying
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graph of r(n), see [GBC2016l §10.2, p. 368] and [Graves2012, §3.2, p. 22].
Thus a RNN can be regarded as a sequence of multivariate multivariable
functions which serves as in a discriminative model for supervised sequence
labelling.

An unrolled recurrent neural network.

Digression The goal of supervised sequence labelling is to assign sequences
of labels, drawn from a label space, to sequences of input data. For example,
one might wish to transcribe a sequence of acoustic features with spoken
words (speech recognition), or a sequence of video frames with hand gestures
(gesture recognition). Although such tasks commonly arise when analysing
time series, they are also found in domains with non-temporal sequences,
such as protein secondary structure prediction.

If the sequences are assumed to be independent and identically distributed,
we recover the basic framework of pattern classification, only with sequences
in place of patterns (of course the data-points within each sequence are not
assumed to be independent). In practice this assumption may not be the
case.

Example 9.1. A multilayer perceptron (MLP) is a type of FNN that has
vertices arranged in a disjoint union of layers V' = U;'jV; such that every
edge in F connects nodes in neighboring layers V;, V;11. The depth of the
MLP is m. Vjy is called the input layer, V,, is called the output layer, the
other layer is called hidden.
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Remark 9.2. Neural networks are abstraction of biological neural networks,
the connection weights w represent the strength of the synapses between the
neurons and the activation function o is usually an abstraction representing
the rate of action potential firing in the cell. In its simplest form, this
function is binary, that is, either the neuron is firing or not. We can consider
activation function as a filter of relevant information, or introducing the non-
linearlity in regression problems.

In the remaining of today lecture we consider only FNNs. In particular
under NN’s we mean FNNs.

9.2. The expressive power of neural networks. In this section we want
to address the following

Question 9.3. What type of functions can be implemented using neural
networks.

First we consider representation of Boolian functions by neural networks.

Proposition 9.4 (Representation of Boolean functions). ([SSBD2014, Claim
20.1, p. 271]) Every Boolean function f : Zg — Zo can be represented exactly
by a feedforward neural network Hy, g, sign with a single hidden layer contain-
ing at most 2% + 1 neurons and with the activation function o(z) = sign(z).

Proof. Let (V,E) be a two-layer FNN with #Vp = d + 1, #V; = 24 41,
#Vo = 1 and E consist of all possible edges between adjacent layers. As
before Zo = {#1}. Now let f : Z49 — Zs. Let u; € f~1(1) C Z¢ and
k:=#f"1(1). Set

gi(x) := sign({z,u;) —d +1).
Then {g;| ¢ € [1,k]} are linear classifiers and therefore can be implemented
by the neurons in V;. Now set

k
flx) = sign(z gi(x)+k—1)
i=1

which is also a linear classifier. This completes the proof of Proposition
9.4 U

In general case we have the following Universal Approximation Theorem,
see e.g. [Haykin2008, p. 167].

Theorem 9.5. Let ¢ be a nonconstant, bounded and monotone increas-
ing continuous function. For any m € N, ¢ > 0 and any function F €
Co([0,1]™) there exists an integer my € N and constants a;, bj,w;; where
i€[l,m], 7 € [1,m] such that

mi m
@y, am) = Z%SO(Z wi;T; + by)
i=1 =1
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for all (x1, -+ ,xm) € [0,1]™ we have

‘F(xla"' ,xm)—f(.%'l,"' 737777,)‘ <e.

9.3. Sample complexities of neural networks. A learning model (X x
VY, "HvEe, L, P) is called a neural network if Hy g, is a neural network and

Hypo C Y.

9.3.1. Neural networks for binary classification problem. In neural networks
with hypothesis class Hy g, for binary classification problems one often
choose the activation function o to be the sign function, and the loss function
L to be LO-D,

Proposition 9.6. ([SSBD2014, Theorem 20.6, p. 274]) Let Hy g sign be a
MLP. The VC-dimension of Hv,E,sign is O(|E|log|E|).

Outline of the proof If H := Hy, g sign consists of exactly one percep-
tron, then Proposition is valid since in this case VCdimH = |E™| =
O(|E|log |E|), where E™ denotes the set of directed edges coming into the
perceptron.

We want to reduce the proof for the general case of a neural network to
the case of a single perceptron, using the known VC-dimension of a single
perceptron. Let m := VC dim(H). Using

(9.1) Pulm) = 27,
to prove Proposition [9.6] it suffices to show that
(9-2) Doty 0 (m) < (em)!,

since logy(em) < 4log(E) by (9.2) and ((9.1))).
Let Vy, -+, Vr be the layers of (E,V). For ¢t € [1,T] denote by H; the

neural network Hw, g, sign Where W, consists of inputs neurons in V;_; and
output neurons in V; and E; consists of edges of H that connect V;_; with
Vi. Now we decompose

(9.3) H=Hro---oH;.

Lemma 9.7 (Exercises). (1) ([SSBD2014, Exercise 4, p. 282]) Let F; C Z%
and Fy C YZ. Set H := Foo Fi. Then Ty(n) <Tx (n)x (n).

(2) (ISSBD2014, Exercise 3, p. 282]) Let F; be a set of function from X
toY; fori=1,2. Then Uz, x5, (n) <Tx (n)L'£(n).

By Lemma (1) we have
[y (m) < I, Ty, (m).
Next we observe that

(9.4) He=Hea X - X Hypy,).
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Each neuron n; on V; has d;; heading edges presenting the number of the
inputs for the linear classifier n;. Hence VCdimH;; = di; < m — 1. By
Lemma and by Vapnik-Chervonenski-Sauer-Lemma we have

|E]
?

Tyi(m) < T TV (E2 )i < (em)

dy;

)

which completes the proof of Proposition

It follows from Proposition that the sample complexity of the ERM
algorithm for (V' X Za, Hv, E sign, LO-1), P(V xZs)) is finite. But the running
time for ERM algorithm in a neural network Hy, g sig, is non-polynomial and
therefore it is impractical to use it [SSBD2014, Theorem 20.7, p. 276]. The
solution is to use the stochastic gradient descend, which we shall learn in
the next lecture.

9.3.2. Neural networks for regression problem. In neural networks with hy-
pothesis class Hy g, for regression problems one often chooses the activa-
tion function o to be the sigmoid function o(a) := (1+e~?)~!, and the loss
function L to be Lo, i.e., L(z,y, hw) = 1||hw(z) — y||* for hy € Hy,p,» and
reX=R" yec)y=R"

9.3.3. Neural networks for generative models in supervised learning. In gen-
erative models of supervised learning we need to estimate the conditional
distribution p(¢|z). In many regression problems p is chosen as follows
[Bishop2006, (5.12), p. 232]

1 s —B

9.5 p(tlz) =N(Qy(z,w), 57) Jar Py (t = y(z,w)),
where [ is unknown parameter and y(z,w) is the expected value of ¢. Thus
the learning model is of the form (X, H, L, P) where H := {y(t,z,w)} pa-
rameterized by a parameter w, 3, and a statistical model P is a subset of
P(X), since the joint distribution p(z,y) is completely defined by py and
the conditional distribution u(y|x).

Now assume that X = (z1,---,2,) are i.i.d. by p € P along with labels

(t1, -+ ,tp). Then (9.5) implies

(9.6) —logp(t|X,w,p) = ——logﬁ + = log (2m) Z tn — y(zn, w)|%

As in the density estimation problem we want to minimize the LHS of (9.5)).
Leaving 8 = const we minimize first the S -independent component of the
loss function

(97) Ls(w) = 3 3 lylan, w)? — 1l
i—1
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Once we know a solution wysz, of the equation minimizing Lg(w), the value
of 8 can be found by the following formula

1 1 &
9.8 — = g Ti, W —t]?.
( ) BAML n & ’y( ML) |

9.4. Conclusion. In this lecture we considered learning machines whose
hypothesis class consisted of functions or sequence of functions that can
be graphical represented by neural networks. Neural networks have good
expressive power and finite VC-dimension in binary classification problems
but the ERM algorithm in these networks has very high computational com-
plexity and therefore they are unpractical.

10. TRAINING NEURAL NETWORKS

Training a neural network is a popular name for running a learning al-
gorithm in a neural network learning model. We consider in this lecture
only the case where the input space and the output space of a network are
Fuclidean spaces R™ and R™ respectively. Our learning model is of the form
(R"xR™, "y g, L, P) and the learning algorithm is stochastic gradient de-
scend (SGD), which aims to find a minimizer of the expected risk function
R{j : Hv,eo — R. Since Hy g, is parameterized by the weight function
w e RE =~ RIEI we regard Rﬁ as a function of variable w on RY, where
N = |E|. We begin with classical (deterministic) gradient and subgradient
descend of a function on RY and then analyze the SGD if the loss function
L is convex. In this case we get an upper bound for the sample complexity
of SGD. Finally we discuss SGD in general FNNs.

10.1. Gradient and subgradient descend. For any differentiable func-
tion f on a RY denote by V,f the gradient of f w.r.t. a Riemannian metric
gonRY ie., for any 2 € RY and any V € RY we have

(10.1) df(V) = (Vgf, X).
If g is fixed, for instance g is the standard Euclidean metric on RY, we just
write V f instead of V,f.

The negative gradient flow of f on R¥ is a dynamic system on RV defined
by the following ODE with initial value wy € RY

(10.2) w(0) = wp € RY and w(t) = =V f(w(t)).

If w(t) is a solution of then f(w(t)) < f(w(t')) for any t' > ¢ unless
Vf(w(t)) =0, ie., w(t) is a critical point of f.

If f is not differentiable we modify the notion of the gradient of f as
follows.

Definition 10.1. Let f : S — R be a function on an open convex set
S Cc RN. A vector v € RY is called a subgradient of f atw € S if

(10.3) Yu e S, f(u) > f(w) + (u —w,v).



70 HONG VAN LE *

The set of subgradients of f at w is called the differential set and denoted
by df(w).

Exercise 10.2. (1) Show that if f is differentiable at w then 0 f(w) contains
a single element V f(w).

(2) Find a subgradient of the generalized hinge loss function fg.(w) =
max{a, 1 —b{w,c)} where a,b € R and w,c € RY and (-,-) a scalar product.

Remark 10.3. It is known that a subgradient of a function f on a con-
vex open domain S exists at every point w € S iff f is convex, see e.g.
[SSBD2014, Lemma 14.3].

e Gradient descend algorithm discretizes the solution of the gradient flow
equation ([10.2). We begin with an arbitrary initial point zo € RY. We set

where 7, € R is a constant, called a “learning rate” in machine learning, to
be optimized. This algorithm can be slightly modified. For example, after
T iterations we set the output point wr to be

T
1
=1
or
10.6 o 1= i ).
(10.6) wr argiélf[lfg]f (w;)

If a function f on RY has a critical point which is not the minimizer of
f, then the gradient flow and its discrete version may not yield
the required minimizer of f. If f is convex, then f has only a unique critical
point wg which is also the minimizer of f. In fact we have the following
stronger assertion.

(10.7) f(w) = f(u) < (w—u, Vf(w)) for any w,u € RY.

It also follows from ([10.7]) that there exists a unique minimizer of f, and
hence the gradient flow ([10.2]) works. Its discrete version (10.4)) also works,

as stated in the following.

Proposition 10.4. ([SSBD2014l, Corollary 14.2, p. 188]) Let f be a convex
p-Lipschitz function on RN H and let w* € argmin,ep(ocry f(w). If
we run the GD algorithm on f fo T steps with vy = n = p\;T for
t € [1,T], then the output wr defined by satisfies

_ . rp
flwr) = fw?) < T
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Under the conditions in Proposition for every e > 0, to achieve
flwr) — f(w*) < g, it suffices to run the GD algorithm for a number of
iterations that satisfies

r2 p?
T>—-.
€
Lemma 10.5. ([SSBD2014, Lemma 14.1, p. 187]) Let w*, vy, --- ,vr € RV,
Any algorithm with an initialization wy, = 0 and

(108) W41 = W — NV
satisfies
T w| 77 T
(10.9) ;(W w*, ) < +5 Z g2
T

In particular, for every r,p >0, if for all t € [1,
we set n = (r/p)T~/? then szw || < r we have

(10.10) —Z —w* ) < 2

To apply Lemma to Proposition we set v, := V f(wy) and note
that ||V f(w:)|| < p since f is p-convex, moreover

we have ||vi|| < p and if

since f IS convex

—Zf we) — F(w*) = 7 S (Fl) — f(w"))

Y T
WD 1 =D — w0, V ().

i=1
e Subgradient descend algorithm. Comparing (10.3]) with - ), taking
into account the technical Lemma [10.5, we conclude that the gradient de-
scend algorithm can be applied the case of non-differentiable function f that
has subgradient at every point.

10.2. Stochastic gradient descend (SGD). Let (Z,H, L, P) be a learn-
ing model. Given a sample S := (21, -, z,) € Z™ consisting of observables
z; that are i.i.d. by pu € P, a SGD searches for an approximate minimizer
hs € H of the function Rﬁ : H — R using the following formula of “differ-
entiation under integration”

(10.11) VRY(h) = / Vi L(h, z) du(z)
Z
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if L is differentiable. Thus VRﬁ(h) can be computed in two steps. First we
compute Vi L(h, z;) for z; € S. Then we approximate the RHS of
by the empirical gradient % > 2.5 ViL(h, z;) which is equal to the gradient
of the empirical risk function.

VRL(h) = % > ViL(h, z).

2, €S

Next we apply the algorithm for gradient flow described above to Vf%g (h).
The weak law of large numbers ensures the convergence in probability of
Véé (h) to RHS of , and heuristically the convergence of the empirical
gradient descend algorithm to the gradient descend of the expected risk
function Rﬁ.

There are several versions of SGD with minor modifications.

For simplicity and applications in NN we assume Z = R"™ x R™, H :=
Hpv, is parameterized by w € RY and L is differentiable in w. A version
of SGD works as follows.

1) Choose a parameter n > 0 and 7' > 0.

2) Assume that S = (21,22, -, 2z,) € Z". Take arbitrary z € S.
3) Set wy; =0 € RV,

4) wiy1 = wy — NV L(wy, 2).

5) Set the output wr(z) ==L 37 | wy.

Proposition 10.6. ([SSBD2014, Corollary 14.12, p. 197]) Assume L is a
convex function in variable w and p € P governs the probability distribution
of ii.d. z; € S € (R x R™). Assume that r,p € Ry are given with the
following properties.

1) w* € argming,ep(o,r) Rﬁ (w)

2) The SGD is run for T iterations with n = 1/%.

3) For allt € [1,T) we have E,,(||VwL(wy, 2)||) < p (e.g., ||[VwL(wy, 2)|| <
p for all z).

4) Assume that T > Tz§2.

Then

(10.12) E, (Rﬁ (wT(z))) < RE(h(w")) + <.

Exercise 10.7. Find an upper bound for the sample complexity of the SGD
in Proposition |10.6

Example 10.8. Let us consider layered FNN with H = Hg v, where V =
Vou Vi U---U Vp. For the loss function

1
L(w,y,w) := o [[hu(z) = o[
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and a vector v € RV on R” we compute the gradient of L w.r.t. the Eu-
clidean metric on RY, regarding x,y as parameters:

<VL($7y7w)?U> = <hw({L‘) - Y Vvhw<l‘)>

To compute Vy,hy(x) = dh(v) we decompose hy, = hpo--- 0 hy as in (9.3)
and using the chain rule

d(hpo---ohy)(v) =dhro---dhi(v).
To compute dh; we use the decomposition
d(hey X - X by ) = dhey X o X dhy -
Finally for h;j = o(>_ a;x;) we have

dhyj = doo () ajday).

The algorithm for computing the gradient VL w.r.t. w efficiently is called
backpropogation.

Remark 10.9. (1) In a general FNN the loss function L is not convex there-
fore we cannot apply Proposition [10.6] Training FNN is therefore subject
to experimental tuning.

(2) Training a RNN is reduced to training of sequence of FNN given a
sequence of labelled data, see [Haykin2008, §15.6, p. 806] for more details.

10.3. Online gradient descend and online learnability. For training
neural networks one also use Online Gradient Descend (OGD), which works
as an alternative method of SGD [SSBD2014, p. 300]. Let L : RN x Z — R
be a loss function. A version of OGD works almost like SGD

1) We choose a parameter 7 > 0 and T > 0.
2) A sample S = (21, ,---2r) € ZT is given.
) Set w1 = 0.

) For te [1,T] set vy := Vy, f(wy, 2¢).

) Set wy := wy — Nuy.
Despite on their similarity, at the moment there is no sample complex-
ity analysis of OGD. Instead, ML community develops a concept of online
learnability for understanding OGD.

3
4
)

10.3.1. Setting of online-learning. Let (XxY,H, L, P) be a supervised learn-
ing model. The general on-line learning setting involves T rounds. At the
t-th round, 1 < t < 7T, the algorithm A receives an instance z; € X and
makes a prediction A(z;) € ). It then receives the true label y; € Y and
computes a loss L(A(y:),y:), where L : Y x Y — R, is a loss function. The
goal of A is to find a predictor A(x;) that minimizes the cumulative loss,
which is an analogue of the notion of empirical risk in our unified learning
model R4(T) := Zz‘T:1 L(A(x¢),y:) over T rounds [MRT2012] p. 148].

19A ccording to [Bishop2006, p. 241] the term “backpropogation” is used in the neural
computing literature to mean a variety of different things.
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In the case of 0-1 loss function L~ the value R4 (T) is called the number
of mistakes that A makes after 7' rounds.

Definition 10.10 (Mistake Bounds, Online Learnability). ([SSBD2014,
Definition 21.1, p. 288]) Given any sequence S = (z1,h*(y1)), -, (z7, h* (yr)),
where T is any integer and h* € H, let M 4(S) be the number of mistakes A
makes on the sequence S. We denote by M4(H) the supremum of M4(S)
over all sequences of the above form. A bound of the form My (H) < B < oo

is called a mistake bound. We say that a hypothesis class H is online learn-
able if there exists an algorithm A for which M4 (H) < B < oo.

Remark 10.11. 1) Similarly we also have the notion of a successful online
learner in regression problems [SSBD2014, p. 300] and within this concept
online gradient descent is a successful online learner whenever the loss func-
tion is convex and Lipschitz.

2) In the online learning setting the notion of certainty and therefore the
notion of probability measure are absent. In particular we do not have the
notion of expected risk. So there is an open question if we can make explain
it using statistical learning theory.

10.4. Conclusion. In this section we study stochastic gradient descend as
a learning algorithm which works if the loss function is convex. To apply
stochastic gradient flow as a learning algorithm in FNN where the loss func-
tion is not convex one needs experimentally modify the algorithm so it does
not stay in a critical point which is not the minimizer of the empirical risk
function. One also trains NN with online gradient descends for which we
need a new concept of online learnability which has not yet interpreted using
probability framework.

11. BAYESIAN MACHINE LEARNING

Under “Bayesian learning” one means application of Bayesian statistics
to statistical learning theory. Bayesian inference is an approach to statis-
tics in which all forms of uncertainty are expressed in terms of probability.
Ultimately in Bayesian statistics we regard all unknown quantities as ran-
dom variables and we consider a joint probability distribution for all of them,
which contains the most complete information about the correlation between
the unknown quantities.

11.1. Bayesian concept of learning. A Bayesian approach to a problem
starts with the formulation of a model that we hope is adequate to describe
the situation of interest. We then formulated a prior distribution over the
unknown parameters of the model, which is meant to capture our beliefs
about the situation before seeing the data. After observing some data,
we apply Bayes’ Theorem to obtain a posterior distribution for these
unknowns, which takes account of both the prior and the data. From this
posterior distribution we can compute predictive distributions for future

observations using (11.1)).
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To predict the value of an unknown quantity 2" *1, given a sample (2!, - - -, 2"),
a prior distribution df € P(©), one uses the following formula

(11.1) PV 2 = /P(z”“\G)P(ﬂzl,--- ,2")do

which is a consequence of formula . The conditional distribution P(2"*1|)
is called sampling distribution of data z"T' which is assumed to known, the
conditional probability P(f|z!, -, 2") is called posterior distribution of 0
after observing (z',--- ,2").

Example 11.1 (Bayesian neural networks). ([Neall996, §1.1.2, p. 5]) In
Bayesian neural network the aim of a learner is to find a conditional prob-
ability P(y|z" !, (21, y'), -+, (2™, 9™)), where y is a label, 2"*! is a new
input and {(z%,9%)|i = 1,n} is training data. Let § be a parameter of the
neural network. Then we have

(11.2)

P(yla"*, (2l yh), - (2" y") = /P(y\ 2" FLOPO] (xt,y'), - (2" y")) db.

The conditional sampling probability P(y|z"*!,0) is assumed to known.
Hence we can compute the LHS of (11.2]), which is called predictive distri-
bution of y.

11.2. Estimating decisions using posterior distributions. In statisti-
cal decision theory we consider the problem of making optimal decisions,
that is, decisions or actions that minimize our expected loss. For example,
in our unified learning model (Z,H, L, P) our learning algorithm A should
minimize the expected loss Rﬁ : H — R, which is the average of the instan-
taneous loss function L : H x Z — R over the sample space Z using the
unknown probability measure p that governs the distribution of observable
z € Z. Since we shall not consider asymptotic theory in Bayesian decision
theory and in Bayesian machine learning, see Remark[T1.7|below, our discus-
sion of Bayesian optimal decisions should be compared with our discussion
on efficient estimators in Subsection [4.4

In Bayesian decision theory we consider a decision model (or learning
model) (X,0,D, L, € P(O)) where

e X is a sample space, also called observation space,

e a family of conditional sampling distributions {Py € P(X),|0 € ©} is
given

e O is the parameter space with given a prior distribution 7 (),

e D is a decision space (e.g., D = h(0©) is a “feature space” of ©) we are
interested to learn, observing x € X,

e [ : © xD — R is an instantaneous loss that measures the discrepancy
between § € © and d € D,

e the posterior expected loss is defined as follows

(11.3) oL (. dlz) = / L(0, d)dr(0]z)
(C]
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e the integrated risk is defined as follows

(11.4) )= [ [ L6.00) du(alo)dx(6),
eJXx
where 6 : X — D is an estimator.

Theorem 11.2. ([Robert2007, Theorme 2.3.2]) An estimator minimizing
the integrated risk r*(m,d) can be obtained by selecting for every x € X the
value §(x) which minimizes the posterior expected risk p*(m,d|x).

Theorem [11.2]says that the posterior loss function and the integrated risk
function lead to the same decision and the Bayesian approach agrees with
the classical approach. It also leads to the following definition.

Definition 11.3. A Bayes estimator associated with a prior distribution
and a loss function L is any estimator ™ which minimizes r(m,d). For every
x € X it is given by 0™ := argmin p(m,d|x). The value r(7) := r(m, ™) is
called the Bayes risk.

Example 11.4. The most common risk function used for Bayesian estima-
tion is the mean square error (MSE), which is defined by L(6,d) = |0 — d|>.
In this case the Bayes estimator is defined the mean of the posterior distri-
bution (cf. Exercise

(11.5) 0" (z) = E.[0]z].

Exercise 11.5. (cf. [Robert2007, Proposition 2.5.7, p. 81]) Prove that the
Bayes optimal predictor in exercise 2.6 is a Bayes estimator.

Remark 11.6. Following Bayesian ultimately probabilistic approach we
also define the notion of randomized estimators, also called statistical deci-
sion rule [Chentsov1972, Definition 5.1, p. 65], which is a stochastic/probabilistic
map from a sample space X taking value in the space D. Fortunately we
don’t need to consider randomized estimators since there is a known theorem
that the Bayes risk on the set of randomized estimators is the same as the
Bayes risk on the set of nonrandomized estimators [Robert2007, Theorem
2.4.2, p. 66].

Remark 11.7 (Asymptotic properties of Bayes learning algorithm). ([Robert2007,
p. 48]) In Bayesian decision theory one did not consider asymptotic theory.
Firstly, the Bayesian point of view is intrinsically conditional. When condi-
tioning on the observation S € X", there is no reason to wonder what might
happen if n goes to infinity since n is fixed by the sample size. Theorizing on
future values of the observations thus leads to a frequentist analysis, oppo-
site to the imperatives of the Bayesian perspective. Secondly, even though
it does not integrate asymptotic requirements, Bayesian procedures perform
well in a vast majority of cases under asymptotic criteria. In a general con-
text, Ibragimov and Hasminskii show that Bayes estimators are consistent
[TH1981) chapter 1].
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11.3. Bayesian model selection. In Example we gives an example
of using Bayesian methods to learning using neural network. Another ap-
plication of Bayesian methods is model selection. First we enumerate all
reasonable models of the data and assigning a prior belief u; to each of these
models M;. Then, upon observing the data x you evaluate how probable
the data was under each of these models to compute P(x|u;). To compare
two models M; with M;, we need to compute their relative probability given
the data: p;P(x|M;)/p; P(z|Mj).

11.4. Conclusion. In our lecture we considered main ideas and some appli-
cations of Bayesian methods in machine learning. Bayesian machine learning
is an emerging promising trend in machine learning that is well suitable for
solving complex problems on one hand and consistent with most basic tech-
niques of non-Bayesian machine learning. There are several problems in
implementing Bayesian approach, for instance to translating our subjective
prior beliefs into a mathematically formulated model and prior. There may
also computational difficulties with the Bayesian approach.

APPENDIX A. SOME BASIC NOTIONS IN PROBABILITY THEORY

Basis objects in probability theory (and mathematical statistics) are mea-
surable spaces (X, ), where X is a o-algebra of subsets of a space X. A
countably additive measure p on X is called a probability measure if p > 0
and p(X) = 1.

For this Appendix I use [Bogachev2007] as my main reference on mea-
sure theory and [Schervish1997] for theoretical statistics, see also the book
[JP2003] for a clear and short exposition of probability theory and [AJLS2015,
AJLS2017, [AJLS2018] for geometric approach in statistics.

A.1l. Dominating measures and the Radon-Nikodym theorem. Let
u and v be countably additive measures on a measurable space (X, X)
(i) The measure v is called absolutely continuous with respect to p (or domi-
nated by p) if |v|(A) = 0 for every set A with |u|(A) = 0. Notation: v << p.
(ii) The measure v is called singular with respect to p, if there exists a set
Q) € ¥ such that

1](2) = 0 and [v](X \ @) = 0,

Notation: v L pu.

Theorem A.1l. (cf. [Bogachev2007, Theorem 3.2.2, vol 1, p. 178]) Let n
and v be two finite measures on a measurable space (X,%). The measure
v is dominated by the measure u precisely when there exists a p-integrable
function f such that v is given by

Al A) = d
(A1) () = [ s
for each A € X.
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We denote v by fu for u, v, f satisfying the equation (A.1)). The function
f is called the (Radon-Nikodym) density (or the Radon-Nikodym derivative)
of v w.r.t. p. The function f is denoted by dv/du.

A.2. Conditional expectation and regular conditional measure.

A.2.1. Conditional expectation. In this section we define the notion of con-
ditional expectation using the Radon-Nykodym theorem. We note that any
sub-o-algebra B C ¥ can be written as B = Id~!(B) where Id : (X,%) —
(X,B) is the identity mapping. In what follow we let B := o(n) where
n:(X,X) = (V,Y) is a measurable map.

(x,n) —"

>
(X, (%)

Definition A.2. Let u € P(X) and f € L*(X, ). The conditional expec-
tation E°( f is defined as follows

(¥, %)

(a2)  Ef = (1 yf = G € e (). 1.
It follows immediately from that for all x € X we have
(A3) B0 f(0) = glofa)) where g =t f o= ) € 1,5 ).
In the probabilistic literature for B = o(n) one uses the notation
E(f1B) = EEF.

Remark A.3. There are many approaches to conditional expectations. For-
mula (A.2), defined in [AJLS2015], and Formula (A.7)) defined in [Halmos1950),
p. 207] using the Radon-Nykodym theorem, are the simplest.

A.2.2. Conditional measure and conditional probability. Given a measure p
on (X,3) the conditional measure (or conditional probability in the case of
probability measure p) of A € ¥ w.r.t. B, is defined as follows
(A1) W(AIB) = B, (14]B).
In probabilistic literature one omits p in and writes instead

P(A|B) := u(A|B).
If B=n"1(X') where  : (X,%) — (¥,¥) is a measurable map, one uses
the notation

P(Aln) := p(Aln) := u(A[B).
For any A € ¥ and B € B = n~}(¥') formulas and (A.1)) imply

(A5) WA B) = /B H(A|B)dp.
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By (A.3) the measurable function 4 := 1 (14) : Y — R satisfies the
following relation

u(Aln)(z) = Caln(x))
for all x € X. Then one sets for y € Y

(A.6) B (Aly) = 1B (Aln(z) = y) = Caly)-

The RHS of (A.6) is called the measure of A under conditioning n = y.
We also rewrite formula (A.6]) as follows for E € ¥/

(A7) MAﬂn”Uﬂ%iéu%deWXw

where p¥(A) := uB(Aly) is a ¥'-measurable function.

Note that it is not always the case that for 7, (u)-almost all y € ) the
set function pY(A) is countably addictive measure, see Example 10.4.9 in
[Bogachev2007, p. 367, v.2]. Nevertheless this becomes possible under
some additional conditions on set-theoretic or topological character, see
[Bogachev2007, Theorems 10.4.5, 10.4.8, v. 2].

A.2.3. Regular conditional measure.

Definition A.4. [Bogachev2007, Definition 10.4.1, p. 357]) Suppose we are
given a sub-o-algebra B C . A function

pBL )T x X =R

is called a regular conditional measure on ¥ w.r.t. B if

(1) for every x € X the function A — pB(A,x) is a measure on ¥,

(2) for every A € % the function x ~ uB(A,x) is B-measurable and -
integrable,

(3) For all A € 3, B € B the following formula holds, cf

(A.8) pAnB) = [ Ao

Remark A.5. Assume that 5(A, z) is a regular conditional measure. For-
mulas and imply that p5(A,z) : X — R is a representative of
the conditional measure p(A|B) € L*(X, B, (Id,)«(n)). Thus one also uses
the notation p(Alx) instead of p(A,x).

A.3. Joint distribution and Bayes’ theorem. Till now we define condi-
tional probability measure u(A|B) on a measurable space (X, X, ) where B
is a sub o-algebra of 3. We can also define conditional probability measure
pxxy(A|B) where A is a subset of the o-algebra ¥y of a measurable space
X and B is a sub-o algebra of the o-algebra ¥y of a measurable space ),
if a joint probability measure pyxy on (X x Y, X¥x x Xy) is given. This
can be done by push forwarding the measure pxxy to X and Y and lifting
as in Exercise There are several sufficient conditions on ¥y for the
existence of regular conditional measure pu(Aly) for any A € ¥y and y € Y,
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see Corollaries below and Theorem 10.4.14 in [Bogachev2007, p.
364, v. 2].

The Bayes theorem stated below assumes the existence of regular con-
ditional measure pyje(Al0), H where p is a joint distribution of random
elements x € X and 6§ € ©. Furthermore we also assume the condition that

there exists a measure v € P(X) such that v dominates py := p(-|0) for all
0 €O.

Theorem A.6. [Bayes’ theorem/([Schervish1997, Theorem 1.31, p. 16])
Suppose that X has a parametric family {Py| 6 € ©} such that Py << v for
some v € P(X) for all 0 € ©. Let fxg(x|0) denotes the conditional density
of Py w.r.t. v. Let ug be the prior distribution of © and let pex(-|z) the
conditional distribution of © given x. Then pex << pe v- a.s. and the
Radon-Nykodim derivative is

d,U/@‘X _ fX|®(x‘0)
due Jo fxie(z]t) due(t)

for those x s.t. the dominator is neither 0 or infinite. The prior predictive
probability of the set of x values s.t. the dominator is 0 or infinite is 0,
hence the posterior can be defined arbitrary for such x values.

(6lz)

A.4. Transition measure, Markov kernel, and parameterized statis-
tical model. Regular conditional measures in Definition are examples
of transitions measures for which we shall have a generalized version of Fu-
bini theorem (Theorem [A.8])

Definition A.7. ([Bogachev2007, Definition 10.7.1, vol. 2, p. 384]) Let

(X1,B1) and (X, Bz2) be a pair of measurable spaces. A transition measure

for this pairis a function P(:|) : X1 x By — R with the following properties:
(i) for every fixed x € &) the function B — P(z|B) is a measure on By;

(ii) for every fixed B € By the function z — P(z|B) is measurable w.r.t.
Bi.

In the case where transition measures are probabilities in the second ar-
gument, they are called transition probabilities. In probabilistic literature
transition probability is also called Markov kernel, or (probability) kernel
[Kallenberg2002], p. 20].

Theorem A.8. ([Bogachev2007, Theorem 10.7.2, p. 384, vol. 2]) Let P(|-)
be a transition probability for spaces (X1,B1) and (X2, B2) and let v be a

probability measure on By. Then there exists a unique probability measure p
on (X1 x Xy, By ® By) with

(A.9) w(B1 x Bs) :/ P(z|B2)dv(x) for all By € By, By € Ba.
B

20Schervish  considered only parametric family of conditional distributions
[Schervish1997) p.13]
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In addition, given any f € L'(u) for v- a.e. x1 € Xy the function xo
f(x1,22) on Xy is measurable w.r.t. the completed o-algebra (B2)p(y,|) and
P(x1|-)-integrable, the function

1 f(w1,22)dP(z1|2)
Xy

is measurable w.r.t. (B1),, and v-integrable, and one has
(A.10) / f(z1, z2)dp(zy, z2) :/ f(x1, x2)dP(z1|z2)dv(x1).
X1 X Xo X1 J Xy

Corollary A.9. If a parametrization (0,%g) — P(X), 0 — py, defines a
transition measure then pg can be regarded as a reqular conditional proba-

bility measure p(-|0) for u defined by .

Recall that P(X) as a subset of the Banach space S(&X') has a natural
topology which is called strong topology.

Corollary A.10. Assume that © is a topological space and g is a Borel o-
algebra. If the parametrization mapping © — P(X), 6 — pyg, is continuous
w.T.t. the strong topology, then pg can be regarded as a reqular conditional
probability measure.

Proof. Since the parametrization is continuous, for any A € Xy the function
0 — pp(A) is continuous and bounded, and hence measurable. Hence the
parametrization ® — P(X) defines a transition probability measure and

applying Theorem we obtain Corollary O

It can be shown that for any measurable space (X, ¥ y) the space P(X)
has a unique smallest o-algebra ¥p(x) such that the pairing (P(X), Xx) —
R, (u, A) = p(A), defines a probabilistic mapping Ev : (P(X), ¥px)) —
(X, ¥x) and hence any statistical model P C (P(X), ¥p(x)) can be regarded
as a family of regular conditional probability measures on (X, X y).

APPENDIX B. CONCENTRATION-OF-MEASURE INEQUALITIES

In probability theory, the concentration of measure is a property of a
large number of variables, such as in laws of large numbers. Concentration-
of-measure inequalities provide bounds on the probability that a random
variable X deviates from its mean, median or other typical value by a given
amount. Very roughly speaking, the concentration of measure phenomenon
can be stated in the following simple way: “A random variable that depends
in a smooth way on many independent random variables (but not too much
on any of them) is essentially constant”. For the proofs of concentration-of
measure inequalities in this Appendix we refer to [Lugosi2009]. I also recom-
mend [Ledoux2001,[Shioya2016] for more advanced treatment the concentration-
of-measure theory.
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B.1. Markov’s inequality. For any nonnegative random variable X : (X, u) —
(R4, dt), and any ¢t > 0 we have

E,X
(B.1) plr e X| X (z) >t} < ‘:t .
B.2. Hoeffding’s inequality. ([Hoeffding1963]) Let 6 = (61,--- ,6,) be a
sequence of i.i.d. R-valued random variables on Z and p € P(Z). Assume
that E,(0;(z)) = 60 for all 4 and p{z € Z|[a; < 0;(2) < b]} = 1. Then for
any € > ( we have

1 — _ —2me?
(B.2) p{z e Z™: ’E ZQZ-(Z,-) -0 >e} < Qexp(ﬁ),
=1

where z = (21, , 2m).

B.3. Bernstein’s inequality. Let 6 be a R-valued random variable on a
probability space (Z, u) with the mean E,(f) = 6 and variance o2 = V,,(6).
If ¢ —E,(§)| < M then for all € > 0 we have

—m€2

1 & .
: " = i(2i) — < T T )
(B.3) pw{z e Z |m;9 () — 0] > ¢} 26Xp(2(02+%M5))

where z = (21, , 2m).

B.4. McDiarmid’s inequality. (or Bounded Differences or Hoeffding/Azuma
Inequality). Let Xy, -+, X,, € X are i.i.d. by a probability measure p. As-
sume that f : A™ — R satisfies the following property form some ¢ > 0.
For all i € [1,m] and for all z1,- - , 2y, 2, € X we have

|f(£U1,"' 7xm) _f(ajla"' axi—lvx;axi—‘rla"' 7xm)‘ <ec

Then we have for all 6 € (0,1)
In(2/6)

(BA) @S € XM||F(S) ~ By f(S)] < ey ToL2} 2 10,
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