Introduction to Machine Learning

ML-Basics
Models & Parameters
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Learning goals

@ Understand that an ML model is
simply-a parametrized function

=L @ Linderstandthat'the hypothesis
255 space lists all admissible models

Hadan byjer Ourput ypar

@ Understand retationship between
hypothesis and paramater space



WHAT IS A MODEL?

@ A model (or hypothesis) O O X
f:X—R? X O
is a function that maps feature vectors to predicted target values. x x

@ In regression:agre<t;dn classification; gis the aumber of ciasses,
and outputvectors are scores or-class probabilities.

Prediction of
New Features T‘nqct Valti'lblc

T xmu“w
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i HYPOTHESIS SPACES

# (VRHBBRFSHENBHS DINHETENREREN Tl tRe sk Bf MidfingiAs O 0O X
“good’ medel among all available models i8 impossible to solve:

8 We Rave to detérming the'class of our model a prior-tHereby - X O
Harrowing dowiy the ‘s‘earch space We eall this a’stmctural prior.

® The'set of functlons der nmg a specmc model class is called a x x

1N(

hypothesis space

| H = {f : f belongs to a certain functional family }
ll

@ In fact, ML requires constraining f to a certain type of functions
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PARAMETRIZATION-©

@ Aliimodelsawithinia hypothesiscspace share a common functional
structuresWe wsually constructthe space-as parametrized-family
o of\#upmwns‘\~ ’ ave (0 gaetermine ’~ class of our mode 1 Priori
@ Wercollect all parametersin a parameter vector. /o could call
0 == { Lt Luralfy) from parameter space ©.
® They:are ounmeans of fixing a specific function from:the|family.
Onecelset; ousmadel is fully determined.
@ Therefore, we can re-write ‘H as:
H f : f belongs to a certain functional fam
H = {fg : fg belongs to a certain functional family
parameterized by 0}

L
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EXAMPLE:UNIVARIATE LINEAR FUNCTIONS
@ All models within one hypothesis space share g common O O X

functional st th.-Tm{f..i(,’Q a +fhx,0 u:li Dace as
nggqgﬂopized family (?&)c;yves, f(x) = ~0.5% + 3 x O

We collect all pargdmedprs in a parameter yector
1§ ) from parameter spade C x x
aqd . a
e our means o <INg a speciic rurjcuo
e SHl=08 g Tully determint
x /€ Pl ravu_é. 58 =0 =
2l g
) P e10ng ) a Cel n
pa ¢ zed by (7
) 1 { q ) 1
X X X
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EXAMPLE: BIVARIATE QUADRATIC FUNCTIONS

@ This means: finding the optimal model is perfectly equivalent to
finding the optimal set of parameter values.

H= {j M':f(x)w et ot b ket ﬁ;x, B Haxe + O5x100, 0 & Rf}.

over @ ¢ © allows us to operationalize our search for the best

model via the search for the u;; timal value on a ¢g-dimensional
{ + 2 flx) 14 2% + 4%+ flx) I+ 2% + dxz4

F ey + + ey 4+ 1y + Axqxp
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EXAMPLE:RBF NETWORK
Radial basis-function networks withh Gaussian-basis functions mode

classes, mignt encode the san k function. So the
14{:{& SRS 3 ax cn)}
@ We call this then anon-identifighile model
ere'-ﬂ,.[ this shall not concern us nere

N . ) Cuiput y
@ 3a; is the weight of the i-th neuron,

Linear weights

@ c, its center vector, and

Radial basis
functions

® o(|x —ci||) = exp(—3|x = ¢;||2) is
the /-th radial basis function with
bandwidth 7 € IR.

Vicights
Usually, the number of centers k and the _—
bandwidth /7 need to be set in advance
(so-called hyperparameters).
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EXAMPLE: BIVARIATE QUADRATIC FUNCTIONS

= - 1x) + Hoxo xf X2+ X1x.0 € Uﬁ}.
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EXAMPLE: RBF NETWORK

1(x)

Exemplary setting

Centers altered

Weights altered

x x x
04, 4 0.2, & ( & 0.4, & 0.2, & 04 a 0.6, & 0.2, 5 0.2
3 1 6 3. ¢ 2 ) 3, ¢ 1
x1
04, 2 0.2,y 0.4 & 0.4, 2 0.2. a3 ).4 ay 0.2, 0.45 oy 0.38
(2, -2),¢ = (0,0) (2, -2), [ (2, -2), ¢ {0, 0)
(-3.2) [ (-3 (-3,2)
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