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1.1 Types of machine learning algorithms

ASupervised Learning (Support Vector Machines)
AJnsupervised Learning (Neural Networks)
ASemisupervised Learning (co-training)
AReinforcement Learning (Policy Estimation)

Arransduction (TSVM)
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1.2 Machine Learning Tasks

Amake a diagnosis based on some clinical measurements;

Aassign the ASCII code to digitalized images of handwritten characters;
Apredict whether a client will pay back a loan to a bank;

Aassess the price of house based on certain characteristics;

Aestimates the costs of claims of insurees based on insurance data.
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1.3 Machine Learning general settings

In the machine learning approach we assume that we have collected a
sequence

D = ((331,y1); ey (xn: yn))

of input/output pairs, from known sets X, Y respectively, that are used to
Al e a datision dunction :

fDIX“%Y

that is a good approximation of the possible response y to an arbitrary x.
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1.3 Machine Learning general settings

Obviously, in order to find such function, it is necessary that the
already collected data D have something in common with the new and
unseen data. In the framework of machine learning theory, this is
guaranted by assuming that both past and future pairs (x,y) are
independently generated by the same, but of course wunknown,
probability P on Xx¥ Note that this is fundamental difference from
parametric models, in which the relationship between the inputs x and
the outputs yis assumed to follow some unknown function 7 from
known, finite -dimensional set of functions.
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2.1 SVM. Problem formulation

Def. Let P be probability measure on XxY. For measurable function / we
define L-risk as

Rip(h) = [ Lley. f(@)dP(a,y)

JXxY

where function L is non-negative and measurable. In case of empirical
measure we get empirical L -risk:

Rrp(f) = % zn: Lz, yi, f (i)
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2.1 SVM. Problem formulation

As primal optimization problem SVM introduces minimalisation of
empirical counterpart of regularized L -risk functional:

R\ (f) == Rop(f) + M fli5¢

where H is certain possibly /nfinite -dimensionalHilbert space of functions.
One can show that without loss of generality

inf Rj5,\(f) = inf RiE,(f),
Je FENTZ By

and so, lambda is a trade-off between complexity and quality of solution.
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2.1 SVM. Problem formulation

This is the moment where kernel trick comes to a play. We call function

E: X xX — R

a kernel if there exists hilbert space ~# and mapping
o: X —H

that function ks inner product in that space, namely

vaz,x’EX k(:L‘, ml) — <¢($)7 ¢(ZE/)>}(
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2.1 SVM. Problem formulation

One can show that for every kernel there is a canonical mapping on
certain hilbert space H given by

o(x) =k(,x), xe€X,
such that, k< has reproducing property, namely

Viesc Veex k(hx) eI i f(z) = ({f k(,2))a

and set of functions given below is dense in A and, most importantly, this
is the set used by SVM for regularized empirical risk minimisation.

n
Hpre 1= {Z ak(-,z;): meN, ai,...,an, €R, x1,..,0, € X}
i=1
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2.1 SVM. Problem formulation

Directly from the reproducing property of kernel it follows that

vfeg{pre Hij‘(: Zzalgj xlﬁxj) — QKQ

1=1 j=1

where K is semi-definite matrix, and so, if we consider convex loss function
L, in order to find the decision function we have to solve finite dimensional
convex program :

inf — ZL Li, yuf(a?z)) + AHfHU{ —

feHn

= min —ZL v,y e Kal) +  aKa'
aER™ N
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2.1 SVM. Problem formulation

Examples of popular kernels:
linear kernel

k(z,z') = (z,2') ,z,2' € RY
polynomial kernel
k(z,2') = ((z,2") +¢)™

gaussian kernel

$_$/2
| - B e ne

k%Rd(a:, 1') = exp(—
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2.1 SVM. Problem formulation

As for the loss function L, there are two commonly used in practice. For
classification tasks we have Ainge loss (or soft margin /0ss):

Lsar(x.y,t) = max{0,1 — yt} re R ye{-1.1}.t € R.

which penalizes lineary for misclassification, and epsilon insensitive loss
used mainly for regression problems:

Le(z,y,t) = max{0, |y — t| — €} re R ye{-1,1}.teR.
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2.2 SVM. C -classification.

If we consider simple binary classification task using soft margin loss we
are faced with primal problem called C-SVC.:

AL & Hw )|l

&> 1 — ygw(oz)(:zji)? & =20 i=1,...n
where

Yaern w(a) =) ap(w;)
i=1

Points with 3- i>0 are called support vectors (SV). One can show that
point corresponding coeficient alpha is >0 iff this point is SV (sparsity of
the solution). Usually one adds threshold b to find slightly different

function
T
= Z%‘@(ﬂfz‘) +0
i=1



2.3 SVM. nu-classification.

Because in some cases finding value of parameter C in C-SVC can be
difficult there is nice modification of that previous algorithm called nu-SVC :

1 A2
a ‘Ee}%}}l}; bER N Zal Py o)l

Sz p—yi(wla)(e)+0), &=20 p=0 i=1,...n
Lets assume that alghorithm nu-SVC gave rho>0, and denote

i yi(w(e) (@) +b) < p}

as fraction of marginal errors. One can show that parameter nu is lower
bound on that fraction (and upper bound on fraction of SV). It can be also
shown that C-SVC with C equal to 1/rho produces the same solution.
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2.4 SVM. epsilon -regression.

If we consider regression task using epsilon-insensitive loss we are faced
with primal problem called epsilon-SVR:

with respect to

Note that thanks to this loss function we can achieve simillary to SVC
alghorithms sparsity of the solution. Hovewer unlike then we have two
parameters to adjust instead of one T C and epsilon. Epsilon can be
considered as a priori set level of accuracy of solution but in most cases
we want the solution to be as accurate as possible. To resolve this
problem one makes epsilon part of optimisation problem.
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