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1) Cross-validation
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{a) Data and fitted polynomials
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{b) Error vs polynomial order
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2) Regularization
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3) Structural Risk Minimization (SRM)
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4) Minimum Description Length (MDL)
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5) Bayesian Model Selection (BMS)
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polynomials of order 1 to 4 are fitted.
I'he magnitude of coefficients increase as the order of
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4 * . the polynomial increases. They are as follows:
of - 1 : [-0.0769,0.0016]7,
i ; 2 : [0.1682,-0.6657,0.0080]7,
‘ 3 :[0.4238,-2.5778,3.4675, —0.00021,
“ 4 : [-0.1093,1.4356,—5.5007, 6.0454, —0.0019]".
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6) Akaike’s Information Criterion (AIC)
7) Bayesian Information Criterion (BIC)
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o Model Selection

 Cross-validation:

Measure generalization accuracy by testing on
data unused during training

« Regularization: Penalize complex models
E '=error on data + 1 model complexity

Akaike 5 information criterion (AIC),
Bayesian information criterion (BIC)
* Minimum description length (MDL):

Kolmogorov complexity, shortest description
of data

o Structural risk minimization (SRM)
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Q.&»\“‘ Bayesian Model Selection
o

v

* Prior on models, p(model)

p(data | model )p(model )

p(m odel |data) = p(data)

* Regularization, when prior favors simpler models
« Bayes, MAP of the posterior, p(model|data)

 Average over a number of models with high posterior
(voting, ensembles)
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Next we compute the posterior distribution, which is proportional to the product
of the likelihood function and the prior. Due to the choice of a conjugate Gaus-
sian prior distribution, the posterior will also be Gaussian. ‘We can evaluate this
distribution by the usual procedure of completing the square in the exponential. and
then finding the normalization coefficient using the standard result for a normalized
Gaussian. However, we have already done the necessary work in deriving the gen-
eral result (2.116), which allows us to write down the posterior distribution directly

in the form

Note that because the posterior distribution is Gaussian, its mode coincides with its
mean. Thus the maximum posterior weight vector is simply given by Wygap = mpy.
If we consider an infinitely broad prior Sy = a1 with &« — 0, the mean myy, _
of the posterior distribution reduces to the maximum likelihood value Wy, given
by {3.15). Similarly, if N = 0. then the posterior distribution reverts to the prior. _
Furthermore, if data points arrive sequentially, then the posterior distribution at any
stage acts as the prior distribution for the subsequent data point, such that the new
posterior distribution is again given by (3.49).
For the remainder of this chapter, we shall consider a particular form of Gaus-
sian prior in order to simplify the treatment. Specifically, we consider a zero-mean
isotropic Gaussian governed by a single precision parameter o 50 that

The log of the posterior distribution is given by the sum of the log likelihood and

T _

Maximization of this posterior distribution with respect to w is therefore equiva-
lent to the minimization of the sum-of-squares error function with the addition of a
quadratic regularization term, corresponding to (3.27) with A = a/5.

Ei = error on data + .Model complexity
Joles a4y el oS
log(p(Model |data))= logp(data [Model) Hogp(Model) e Back
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Definition: Structural Risk Minimization (SRM) (Vapnik and Chervonekis, 1974)
Is an inductive principle for model selection used for
learning from finite training data sets.
Note: It describes a general model of capacity control and provides a
trade-off between hypothesis space complexity
(the VC dimension of approximating functions) and
the quality of fitting the training data (empirical error).

error

Hint: Using a priori knowledge of the domain, choose
a class of functions, such as
> polynomials of degree  n,
> neural networks having n hidden layer neurons,
> a set of splines with N nodes or
> fuzzy logic models having n rules.
How: Divide the class of functions into a
hierarchy of nested subsets in order of increasing complexity.
Example: Polynomials of increasing degree. I

Perform empirical risk minimization on each
subset (this is essentially parameter selection).
Select the model in the series whose
sum of empirical risk and
VC confidence is minimal.

3
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Definition: The minimum description length (MDL) principle is

Note:

Note:

How:

Hint:

Note:

a formalization of Occam's razor in which the
best hypothesis for a given set of data is
the one that leads to the best compression of the data.

It is an important concept in information theory and

computational learning theory.
Any set of data can be represented by

a string of symbols from a finite (say, binary) alphabet.
The MDL Principle is based on the following insight:-

any regularity in a given set of data can be used to compress the data,
I.e. to describe it using fewer symbols than needed to describe the data literally.
To select the hypothesis that captures the most regularity in the data,

scientists look for the hypothesis with which the

best compression can be achieved.

In order to do this, a code is fixed to compress the data, most generally with

a (Turing-complete) computer language.

Example: A program to output the data is written in that language;

thus the program effectively represents the data.

Definition: The length of the shortest program that outputs the data is called the

Note:

. B

Kolmogorov complexity of the data.

This is the central idea of Ray Solomonoff's

Idealized theory of inductive inference.
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Definition: The Akaike Information Criterion (AIC) is a
measure of the relative
goodness of fit of a statistical model.
Note: The AIC is grounded in the concept of
iInformation entropy,
in effect offering a relative measure of the
information loss when a given model is used to describe reality.

Note: It can be said to describe the
tradeoff between
bias and variance
In model construction, or
loosely speaking between
accuracy and complexity of the model.

Hint: AIC values provide a means for model selection.
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3) Structural Risk Minimization (SRM)

ohe,4 (Structural Risk Minimization, SRM) (s bisbw Sy Sowes  :SRM

Joo asgozmo iz losliiul 5 (S e (3 g0 o
‘ wzderj_?rrirag bestmodel overfiting ‘s*:.*?.‘}é‘ ‘Slh@.)o L” ‘Slb‘s‘wa;% :Juﬂ

—1 S S
Joo 8131 (6l ol )y olami b (Suuzen (anseis Ygome (1
Jow (Souz 503l gl Sos iz VC azy (2

VCdim(F)
n

EFrar

bound on test error

capacity term

= P(Y £ £(X)) < PalY # £(X)) +C\/

structure e
&) (h=Ff)[ (F=H)

Ei=error on data + / . Model complexity ,>  4=¢
£os \_J s ls ‘_glfaﬂi 3 las gozmo sl

|38 (Soaz b o 5l eulicd yo las gomo (8L b

(SRM) g Lizlw S ) (Sowos b Joo Ol cazs
(S T (G4 g0 o>y oo (9 ool oges lag b bl

(B3l ol Lodls 595 (o255 s (p e B o

YA ST+ F cacllsS, uadn Loy — (cwisipo 00810 — cruilo (5 S0l 27



(Vapnik, Chervonekis. 1974)  (SRM) g ,Ls e S ) (SouoS
Joo oLkl gl ¢l il ol K
O g0 ‘5...0)9.01 ‘Sl&oéb AL gox0 )| ‘Sjaféb S
(capacity control) cud ,b | S 5| cogos Joo Cmogd
o dxdlan slul b
R/

(hypothesis space complexity ) awd 8 lad Souzxw %
((approximating functions) o y& slgs 51 VC d..a;)
(8 GWb3) Sbjael sosld (B3l Cohas
«(priori knowledge of the domain) awld 5l Sadiay (w10 5l oolarwl b

I
- | bound o test error —Zd.l.o.? )|
mpawylem """""" Nn 4> 4o )| ‘_S‘ 4-1-0?‘-\-&9 ’:’

oy a¥ 0 ey N L (omae gloasil @

Lao, SN L splines acgoxo %

f o8B N b gibahie sloJao

Structire f
@ - Gl po adudw &4 @algi 5 (WIS ouunnd
S e ol 8l i a8 )09 gacgozoy ;
a0 G 38l L b glalos iz Jbe plgrea
50 (27 Sy (5 wdieS
(ol bl Jol ) acgozo

Egoixo oS gy ;5 Juo ol
Sl oS VO slosiel 5 oy Sy

3

VAN ST oF camiciaSy i Lo, i oSS — ytle 5,55l

roolasw! 8 ylg0

(S gk

(S gk

28



