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Machine Learning
@ Transfer Learning
@ Learning Fairness

Statistical Learning
@ Convergence Concepts
@ Estimator Properties

Supervised Learning

@ Moment Method

@ Minimum x?

@ Maximum Likelihood
@ Bayesian Estimation

Nonparametric Distributions
@ Histogram Approach
@ Parzen Estimation
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Unsupervised Learning

EM Algorithm

Supervised Versus Unsupervised Learning

Training Set Selection
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ML

Machine Learning

e Field of study that gives computers the ability to learn
without being explicitly programmed. (A. Samual 1959)

© Haindl MI-ROZ - 04 4/17




ML

|
|

Machine Learning

@ Field of study that gives computers the ability to learn
without being explicitly programmed. (A. Samual 1959)

@ Building a model from an example training set of input
observations in order to make data-driven predictions or
decisions.
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ML

Machine Learning

e Field of study that gives computers the ability to learn
without being explicitly programmed. (A. Samual 1959)

@ Building a model from an example training set of input
observations in order to make data-driven predictions or
decisions.

mathematical optimization / data mining / statistical learning /
computational learning / transfer learning / multi-task learning /
artificial intelligence. ..

© Haindl MI-ROZ - 04 4/77

ML
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deep learning deep NN learning
statistical learning random variable / constants / models
deterministic learning parameters in deterministic models

transfer learning learning on one problem and applying it to a
different but related problem

multi-task learning multiple learning tasks are solved at the same
time, while exploiting commonalities and differences
across tasks

federated learning bringing code to the sensitive data owners and
only sharing intermediate model training updates
among them
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ML

current methods rely on

© huge amounts of training data
data are subject to measurement errors
vast computational resources

time-consuming trial and error methodology

® ® © @

learned results are difficult to generalize to related
problems

O]

cannot be leveraged to learn more complex concept

© merit function is often multimodal = several minima
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ML should:
e not be a black box
computationally efficient

reduce the human involvement (user-specific
parameters, model structure, distance metric ... )

transparent
interpretable (based on a physical principle)
understandable

adaptive
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ML

Let X and Q2 be the input and output spaces, respectively.

T ={(X1,w1), (X2,w2),...,(Xn,wn)} be the training data, f € H
represents the objective function with H being its hypothesis
space, /(.,.) a specific loss function, then ML:

n

1
f* = argmin ~ D), wi)

1=
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ML

|

Maximum Likelihood:

0" = arg main L(O]| Xq,...,X,) =arg mein fo(X1, ..., Xn)
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ML

Structural Risk Minimization:

1 n
f* = arg min > IF(X), wi) + AR(F)

i=1
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ML

Statistical ML:

Ptrain(X7Q) — Ptest(Xa Q)

in reality often (— transfer learning)

Ptrain(X7Q) 7£ 'Dtest(Xa Q)
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ML

Parametric (model-based) learning:
assumption about the functional form (X, 0)

0 parameters estimation from T

simplifies estimation f(X,#) to parameters 6

o if £(.) is very different from true f(.) = poor
estimate
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ML

|

Non-parametric learning:
no assumption about the functional form £ (X, 0)

f(.) estimation from T

potential to accurately fit a wider range of possible
f(.)

© do not reduce (X, 6) estimation to small number of
parameters = much larger
card{ Tpon—par} > card{Tpa} is required
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SL EE

Frequentist (Classical) Approach
@ Parameters are fixed but unknown constants.
@ Probabilities are interpreted as long-run relative frequency.

@ Statistical procedures are judged on the long run over an
infinite number of hypothetical repetitions of the experiment.
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SL EE

Frequentist (Classical) Approach
@ Parameters are fixed but unknown constants.
@ Probabilities are interpreted as long-run relative frequency.

@ Statistical procedures are judged on the long run over an
infinite number of hypothetical repetitions of the experiment.

Bayesian Approach

@ Parameters are random variables.

Probability rules used for their inferences.

Probability statements - degree of belief.

Prior distribution & observed data — revised belief.
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SL EE

optimal Bayesian classifier design P(w;), p(X|wi), K
P(w;), p(X|w;), K completely known
P(w;), T:, K known, p(X|w;) known up to 6;
P(w;), K, T?, T? known, p(X|w;) known up to 6;
P(w;), T, K known, p(X]|w;) known up to 6
P(w;), T known, p(X|w;) known up to 6;
P(w;),p(X|w;), K completely unknown
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SL EE

optimal Bayesian classifier design P(w;), p(X|wj), K
P(w;), p(X|wi), K completely known
P(w;), Ti, K known, p(X|w;) known up to 0;
P(w;), K, T?, T? known, p(X|w;) known up to #; semi-sup.
P(wj), T, K known, p(X]|w;) known up to 6;
P(w;), T known, p(X|w;) known up to 6;

no learning

supervised

unsupervised

unsupervised

P(w;i),p(X|wj), K completely unknown
unsupervised

non-parametric
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SL EE

3! solution if p(X|0) is identifiable

pdf p(X | 0) is identifiable if @ # 6 implies 3X : p(X|0) # p(X|6)
p(X |0) not identifiable — unique 6 cannot be recovered

most continuous pdf (Gaussian)
© discrete pdf mixtures
© too many components & few samples

© unsupervised learning is principally impossible for not identifiable
pdf — distinct classifications for identical data
no problem in modeling
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SL EE

@ histogram method
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SL EE

@ histogram method

@ moment method
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SL EE

@ histogram method

@ moment method

e minimum x?
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SL EE

histogram method
@ moment method

@ minimum x?

maximum (pseudo-)likelihood
e parameters unknown fixed quantities
e maximize the probability of obtaining samples actually
observed
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SL EE

histogram method
moment method

minimum 2

maximum (pseudo-)likelihood
e parameters unknown fixed quantities
@ maximize the probability of obtaining samples actually
observed

Bayesian estimation

e parameters random variables
e prior distribution
@ posterior density
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SL EP

frequentist criteria (in Bayesian statistics as a pre-posterior
analysis)
@ unbiased @ if

E{é}:/.../ép(xl,...,Xn|0)dxl...dxn:0

bias function b(#) = E{0} — 0
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SL EP

e unbiased 0 if
E{é}:/.../ép(xl,...,X,,|9)dxl...dxn:9
bias function b(#) = E{0} — 0

e asymptotically unbiased 6 if

lim E{0} =6

n—o0

unbiased § = asymptotically unbiased
asymptotically unbiased 6 # unbiased
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SL EP

e unbiased 0 if
E{é}:/.../ép(xl,...,Xnye)dxl...dxn:0
bias function b(#) = E{0} — 0

e asymptotically unbiased 6 if

lim E{0} =6

n—o0

unbiased § = asymptotically unbiased
asymptotically unbiased 6 % unbiased

e consistent 0 if

imEd T )0
n—oo

(convergence in probability)
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o efficient 0 if
is unAbiased "
E{(6 =00} > 5y efficient it E{(0—0)°) = 7

2
o2(0) = E { (889 log p(Xi, ..., X 9)) } Fisher's information

2
= —E{Wlogp(Xl,...,X,,W)}

(inv. of Cramer-Rao lower bound)
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SL EP

e sufficient @ if for any other g
p(010,0) = p(610)

i.e.

p(616,6) = p(610)
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SL EP

e sufficient @ if for any other 4
p(#10.6) = p(d10)

i.e.

p(610,6) = p(616)

sufficient statistic s- a function of samples containing all the
information necessary for 6 estimation i.e. p(f|s, T) = p(f]s)
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SL EP

low bias, high precision
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SL EP

low bias, high precision high bias, low variance
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SL EP

low bias, high precision high bias, low variance

low bias, high variance

© Haindl MI-ROZ - 04 18/7

SL EP

low bias, high precision high bias, low variance

low bias, high variance high bias and variance
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SL EP

low bias, high precision high bias, low variance

low bias, high variance high bias and variance

high precision (low variance), low bias (high accuracy)
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SL MM Minimum x> ML BE

assumptions
@ X; conditional independent
@ parametric form of p(X|w;) is known

e T; gives no information about 6; j # i, different classes are
functionally independent — K problems

theoretical moments are compared with sampling moments

pi = E{X/} theoretical moment
) :
M; = - Z]:l )<jl

M; = %Zjnﬂ(xj — M)’

pi = M;

sampling moment

central sampling moment

f=i D
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SL MM Minimum x> ML BE

eg. X~ N(po?)

p1 = M
p=X 62 = M,

&2 is asymptotically unbiased, but biased
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SL MM Minimum x> ML BE

simple
consistent
& biased = not efficient
& impossible for pdf with infinite moments (Cauchy)

Cauchy density

. 1 7

Xp location parameter, «y scale parameter

Hn = ffooo %mdx diverge for n > 1

mean, variance - undefined
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SL MM Minimum x2 ML BE

assumptions

@ X € continuous distribution

@ observations X; classified into K intervals with frequencies

ny,...,NK

e pi(6) i=1,...,K their probabilities (function of 0)
n; = ]., 560 5 K
E{ni}=npi(0) i=1,...,K
frequencies n = . n;

observed frequencies
mean (hypothetical)

@ minimum 2
.2 [ni — np,(@)]
min " = Z npi(0

© Haindl MI-ROZ - 04 22/7




SL MM Minimum x2> ML BE

@ minimum modified 2

r-ep{ieper)

[ni — npi(0)] Opi(0)
Z n; 00

@ minimum KuIIback—LelbIer separator

: ; pi(0)
min KL = min {Z pi(0) log T}

n

O=DF [% + log np’;(e)} 9pi(0)

SL MM Minimum x> ML BE

oMAP — arg max p(0| T;)

Maximum likelihood:
QML

= arg max p(T; | 0)

Maximum pseudo-likelihood:

n;
GPML: iX' 0
argmax [ [ p('X;0)

- i 00 j=1
1
consistent
efficient
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SL MM Minimum x> ML BE SL MM  Minimum \2 ML BE

assumptions
@ parametric form of p(X|w;) is known
e X; conditional independent (usually / pseudo-likelihood)

@ T; gives no information about 6; j # i, different classes are
functionally independent — K problems
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assumptions
@ parametric form of p(X|w;) is known
e X; conditional independent (usually / pseudo-likelihood)

@ T; gives no information about 6; j # i, different classes are
functionally independent — K problems

likelihood of 6 s
p(Til0) = [ p(X;10)
j=1
0 = arg max{p(T;0)}
log-likelihood

L(0) = log p(T;|0) = Zlogp(XW)

the maximum likelihood estimate
© Haindl

VoL =0
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SL MM Minimum x> ML BE

assumptions
the form of cpdf p(X]0) is known except the 0 vector
prior pdf p(#) is known
different classes are functionally independent

conditionally independent training samples T; = {X1,..., Xy}

SL MM Minimum x> ML BE

from assumption 4.

p(Ti10) = T[ p(X10)

p(81T:) o [] p(Xi16)p(0)

j=1
are available |
p(XIT) = [ p(XI6)p(6IT:)a0
p(Til60)p(0)
P 0 T,' — 1
D= Tomioperds
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SL MM Minimum x> ML BE SL MM  Minimum \2 ML BE

from assumption 4.

p(Ti6) = [ p(Xi10)
j=1

p(81T5) o< [ p(X510)(0)

Jj=1

@ Bayesian learning - recursive parameter estimation
ift>1

p("Til0) = p(*X|6) p(* ' Ti6)

p(*X10) p(01*~* T7)
J p(*X10) p(6]*~* T;)d6

p(01°T:) = p(0)

© Haindl

p(0"T;) =

MI-ROZ - 04 34/7

for usual pdf the sequence converges to a delta function, i.e.,
p(X | 0) is identifiable

p(X | Ti) — p(X)

usually even for unidentifiable p(X | )
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SL MM Minimum x> ML BE

Bayes estimator minimizes the average risk z(f) for Chg = (0 — 0)2
loss function:

9=EWIH%=/9M9HDM

also symmetric and convex cost functions or pdf symmetric about mean

z(0) = Eg{E{(é—e)}}://.../(é—e)p(xl,...,xn,e)dxl...dxnde

average risk for an estimate 0
Bayes estimator from (1)

© Haindl MI-ROZ - 04 36/7

\[»] HA PE

I =1 X quantized into k equal intervals

a nj;
BIX | i) = h(X |w;) = -2

1

njj number of X; € S; in the j-th interval
n; = card S;

o I >1 = Npjns = k! — only small k, /

© Haindl MI-ROZ - 04 38/7

assumption:
X continuous, given X, € S; — p(X = (Xk £ A)|w;i) #0

. 1 <
pIX|wi) = — Y K(X.X)
=1

(=
Jj=

© Haindl MI-ROZ - 04 39/7

\[»] HA PE

assumption:
X continuous, given X, € S; — p(X = (Xk £ A) |wi) #0

. 1 &
X |wi) = — ST K(X. X))
=1

7
Jj=

kernel properties:

eerg) =o' o (2)

parameter p satisfies limp, o0 p’(n,-) =0

5(X, Xj) metric

J K(X,X;)dX =1 for non-negative f() (alternatively f
mon. decreasing, fmax — 6(X, Xj) = 0)

2)+4) = p(X|wj) unbiased, consistent estimate

© Haindl MI-ROZ - 04 39/7




Gaussian Kernel

k() = [(F2ny1a)] e {5500 x)T a0 %)

Q arbitrary, better Q = 3

© Haindl MI-ROZ - 04 40/7

\[»] HA PE

Gaussian Kernel

-1 1
K(X.%) = [(P2r)]Ql] " e {—ﬁ(x ~X)TQ(X - x,.)}
Q arbitrary, better Q = )

Hyperspheric Kernel

v S(X, X)) < p

0 otherwise

K(X7XJ') = {

d(X, X;) Euclidean distance, v volume of a hypersphere with radius
p

© Haindl MI-ROZ - 04 40/7

|

Hypercubic Kernel

(20 if 5(X, %) <p
0 otherwise

K(Xan):{

d(X, Xj) = maxy | Xk — Xjx| Chebyshev distance

a value satisfying kernel condition (2):

n
[

p(ni) =n;

n € (0;1)

© Haindl MI-ROZ - 04 417

UL

unknown form of p(X|w;)
e mode separation methods
e clustering

© X partition, no pdf

© Haindl MI-ROZ - 04 42/7




uL

|

unknown form of p(X|w;)

@ mode separation methods
e clustering

& X partition, no pdf
mixture decomposition techniques
p(X |w;) are of a known form

© Haindl MI-ROZ - 04 427

UL

projection method

Compute the eigenvector u associated with the max.
eigenvalue of the sample covariance matrix and project the
dataon u, ie., X = u,-TX.

Obtain a histogram approximation of the marginal pdf p(X).
Determine the points of local minima of p()N() between all
successive modes of the pdf and partition the data by
hyperplanes perpendicular to u and intersecting the
eigenvector at these points.

If no such point is determined, repeat for the next eigenvector.

Repeat the procedure for each individual subset that has be
obtained by partitioning the complete sample set.

© Haindl MI-ROZ - 04 43/7

uL

|

projection method
Compute the eigenvector u associated with the max.
eigenvalue of the sample covariance matrix and project the
data on u, i.e., X; = u,-TX.
Obtain a histogram approximation of the marginal pdf p(X).
Determine the points of local minima of p(X) between all
successive modes of the pdf and partition the data by
hyperplanes perpendicular to u and intersecting the
eigenvector at these points.
If no such point is determined, repeat for the next eigenvector.
Repeat the procedure for each individual subset that has be
obtained by partitioning the complete sample set.

& fails on linearly unseparable sets

© impossible to establish whether a peak corresponds to the actual
data mode or to the noise

© meaningless for a small data set
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UL

assumptions

@ K is known

class priors P(w;) Vi=1,...,K are known

the forms for p(X|wj, ;) are known except for some unknown
parameters 6;

prior pdf p(61,...,60k) is known (Bayesian learning)

the rest of knowledge about 6; Vi is available from samples
from the mixture density

K
p(X|61,....0k) =D p(X|wi b;) P(w)
i=1

problem - using samples from p(X |61, ...,0k) to estimate
unknown parameters 0 = [01,...,0k]
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uL

continues pdf (GMM)

pUX18) = 22 exp{= (X — 00)2) + 22 exp{— (X — 62))

if P(w1) = P(w2) = 61,602 can be interchanged without affecting
p(X|6) — no identifiable solution

© Haindl MI-ROZ - 04 45/7

UL

discrete binary Bernoulli mixture
1 x 1-x |, 1x 1-X
pXI0) = 56X(1 - 6:)' X + 56X (1 - 65)

(61 + 62) if X =1

PIX16) = {1—-(91+92) if X =0

© Haindl MI-ROZ - 04 46/7

uL

discrete binary Bernoulli mixture
p(X|0) =

3(01+ 62) if X=1
PXIO) =111 Ly
—5(91—1—92) i X=Q

1 1
SO (1—61) " + §9§<(1 — 0)' %

eg, p(X=10)=06 — p(X=00)=0.4 p(X|0)is
known but we cannot determine 6 and so component distributions
the only knowledge is 01 + 6, = 1.2

identifiable mixtures - Poisson, gamma, Cauchy, nD Gaussian,
nD exponential
© unidentifiable mixtures - uniform, discrete, Bernoulli

© Haindl MI-ROZ - 04 46/7

UL

= = D)
=1[0],....0%, P1,...,Pk]

assumptions

K
P(X:l6) =D P pi(Xe | 6k)
k=1
conditional independence
t K
p(‘T|0) = HP(X 10)=T1D_Piri(Xi16))

i=1 j=1

© Haindl MI-ROZ - 04 a1/7




uL

then

p(Xe|0)p(0|*1T)
S p(X:10)p(6]t~1T) d6

S 1 P pi(Xe | 0) p(0] £ T)
[k P pk(Xe | 0k) p(0] 22 T) df

p(0|°T)

© p(0x| T) depends on distribution of other classes
& p(T|6)#g(0,Z)h(T) due to 1. — no reproducing density for UL
— p(@| T) numerical method

© Haindl MI-ROZ - 04 48/7

UL

F(X10) = pg(X|01) + (1 — p)g2(X|02)

g1() ~ N(pa,0%) 82( ) ~ N(p2,03)
E{X}=pp1+(1—p)p

E{X?} = p (13 + 0f) + (1 = p)(13 + 03)

E{X?} = p (13 +3p107) + (1 — p)(113 + 3p203)

if 2 = 03 known and pp =0 then:

E{X} =pm
E{X?} = pui + o
E{X?} = p(ui + 3p107)

2
= = 0 —
f1 P=3
© computationally complex for K ' v d
© Haindl MI-ROZ - 04 52/7

uL

data in T from the mixture pdf, 8 fixed but unknown

K
p(X|0) = Z p(X|wi, 0;)P(wi)
=il

likelihood of T
p(T10) = [ [ p(X;10)
j=1
0 = arg max{p(T|0)}
log-likelihood

L(9) = log p(T16) = 3 log p(X10)
j=1

© Haindl MI-ROZ - 04 53/7

UL

K
> p(Xjlwi, 9,-)P(w,-)]

n 1
Vo, L = § ———V,
=i p(X;|0)

1=

assuming functionally independent 6;, 0;

Vo, L= P(wi|Xj,0:) Ve, log p(Xj|wi, 0;)
=1

the maximum likelihood estimate

VoL =0

© Haindl MI-ROZ - 04 54/7
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iterative ML estimation from incomplete observations

XekX measurements (incomplete data)
w e hidden, unobservable (complete) data
w— X(w) weQX)cCQ

PX16) = ey P(w] 6) o

E-step: f(6%|0) = E {log p(w]| )| X,0%} =
J,, log p(w|6) p(w | X, 6%) dw

M-step: Ok+1 = argmaxg {f(6%|6)}

© Haindl MI-ROZ - 04 55/7

K =4, n=197, X =[125,18,20,34] multinomial

p1 = + =12 ;=12 =2 0<a<1l Yp=1
(ZI 1 X’)
P(X) = H Py
I 1 X’
w=lwy,...,ws], x1=w1+w, X =w3, X3=ws, X4 =uwWs
w1, wy unknown, ws, ...,ws known, P(w) multinomial
E-step:
1 ak
E{wi} =125 E{wi} =125;%¢
4
M-step:
OP(w,@) _ k1 _ w5434
da =0 — & = o eiTei0
o® = 0.626821484 o* = 0.626821498
© Haindl MI-ROZ - 04 56/7

discret
p(X;|0;) + { Iscrfe i parametric pdf
continuous
K
P(wj) > 0 Vj, > Pw)=1
j=1
K
P(Xrlela .. 'aeK) = Z’D(wj) p(Xr ‘ 0])
j=1
K
L= log | P(X:|6))P(w)
e j=1
36 =0 no explicit solution

© Haindl MI-ROZ - 04 57/7

LH—rt>0 t=0,1,...

T:
if limiyoo L=L <0 =

@ L* local maximum

e limi o || PEF — PE ||=0
o limeoo || PLi — Phix 1= 0
Pt = [P(w1),. .., P (wk)]"

K
P:;|X = [PHwj | X )2e, v

© Haindl MI-ROZ - 04 58/7




E-step:
P+ (wy) P(X, | 67+)

t+1, . —
P IX) = etk Te, )

M-step:

1

1

P (w)) = @] > PHwj| X)
VX, EX

@ continuous + discrete

i > PH(wj| X;) log P(X; |6))

vX.eXx

= arg max
9j€e

@ discrete unknown form

1
PHY(X, =¢|6;) = P () > 6(Xs, ) PH(wi | X
"X,

© Haindl MI-ROZ - 04 59/7

K
p(Xl, e ,XN) = Z P(wj)P(Xh - ;XN|9j)

assumption
p(Xa, ., Xn|6) = [[ p(X: 1))

conditional independence not restrictive for discrete mixtures

(K7

‘X’ZIog ZPWJ) [T Px-16))

XreX

© Haindl MI-ROZ - 04 62/7

E-step:

P (wj) P(Xa, -, X | 057F1)
SR PHL(Xy, .., X | 67) PEF (w))

Pt+1(wj ’Xl, oo ,XN) =

M-step:

1
Pt—l—l WJ) _ ‘_

Z Pt(wj]Xl,...,XN)
vXe

PHI(X, = (|0;) =

WZ(S X5, ¢) P(wil Xt, -, Xn)

© Haindl MI-ROZ - 04 63/7

K
p(Xn | Xc) = P(wic) p(Xn|6;) XcC X
i=1
P(wrc) = P(wi) [Tjec P(X;16i)

r1 P(wi) TTiec P(X | 6k)

simple derivation of any marginal distribution

© Haindl MI-ROZ - 04 64/7




PX) = > Pl) — L exp {306~ ) 510X - ) |

=1 (2m)? !Z |
K | _
~1xl g > Pw) 7o 1P {__(X =) TETHX — )
X X j=1 (2m)z|%)]2 z .
© Haindl MI-ROZ - 04 65/7

E-step:
P (w)) it )%1|Z“% exp{—%(x — ) TT(X - Mj)}
Pt—l—l(wj |X) = us Jl - -
pti(w) —Lt {—- X — ) TEHX = s
Z,_ (w)(ZTF)%|Zi|% xp 1 —3( i) J ( M
M-step:
t+1
PH(w)) = IXI > PHwj|X)
vXex
1
t+1
i X P (w; | X)
T Yuxex Pilwi| X V;X ’
I
Zt+1 XXT P ((.U |X) t+1,ut+1 T
’ D wxex PH(wil X) vxze:;c ! !
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© ZJ'?H possibly singular — new initialization
OLj=X j=1...,K

1, T
zjl'“-i-l Z xXxT — Z Pt+1(wj)ﬂj+1 Jt—|—
VXEX j=1
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@ recognition (clustering)
assign X, into wj if

Pt+1(w;) — prior class probability

wj = arg max {PH'l(w,- | X,)}

PH1(uy) P(X, [61)
Pt+1(Xr ‘ 017 coog GK)

Pt+1(w;) — probabilistic coefficient

P X,) =

@ unsupervised learning

01! = arg max
J 9j€@

> PHwj| X;) log P(X: |6))
VX eX

@ data recovering - sampling from the estimated mixture

@ texture synthesis
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SL not identifiable p(X|0) = 14,24,..., the same p(X)

UL not identifiable p(X]0) = 1924, ... impossible to
decompose
p(X|0) e p(X|wi, T) # p(X|wi)

UL no simple analytical solution for p(0|T)
SL new sample p(0|*T) ~ p(tX|w;i, 8;)p(0]:~1 T)

UL new sample - less effective learning

P(OI*T) ~ 32/ p(*X|ws, 6,)P(6;)p(0]* "1 T)
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TS

ideally P(error) ~ f(T), T quality determines P(error)

Required properties:

@ representative (e.g.,noisy, object’s changes)
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TS

|
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ideally P(error) ~ f(T), T quality determines P(error)
Required properties:

@ representative (e.g.,noisy, object’s changes)

@ balanced |T;| = |T;| Vj # i (e.g.,skin lesions - 80% benign,
10% malign, 10% unknown, fraud detection, natural disaster
prediction)
undersampling delete ‘X € T; if |T;| > |T;| information loss
oversampling copies of existing samples overfitting

synthesis new samples synthesis reliable model
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TS

ideally P(error) ~ f(T), T quality determines P(error)

Required properties:
@ representative (e.g.,noisy, object’s changes)
@ balanced |T;| = |T;| Vj # i (e.g.,skin lesions - 80% benign,
10% malign, 10% unknown, fraud detection, natural disaster
prediction)

@ T; homogeneity - cluster analysis, statistical tests (chi-square,
Kolmogorov-Smirnov)
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ideally P(error) ~ f(T), T quality determines P(error)

Required properties:

@ representative (e.g.,noisy, object’s changes)

@ balanced |T;| = |Tj| Vj # i (e.g.,skin lesions - 80% benign,
10% malign, 10% unknown, fraud detection, natural disaster
prediction)

@ T; homogeneity - cluster analysis, statistical tests (chi-square,
Kolmogorov-Smirnov)

@ card{T} — 0o - too expensive
S = card{T;} >1+1 better card{T;} > 10/
minimal dispersion of ¥ criterion (P(error)?)
S - Wishart distribution, —  card{T;} > 5/
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TS

e if card{T;} unsufficient
feature selection

o = [N\

© Haindl MI-ROZ - 04 77/7

TS

e if card{T;} unsufficient
regularization
e common ¥

£=2%"ns,

1

A€ (0;1)

o 35 (A\) =X+ (1 - N
@ shrinking

ce(0;1)

Si(c)=(1-c)Si + % tr(5:)1
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TS

e if card{T;} unsufficient

pooled sample covariance

$ Yicy(ni — 1%
P N—-K
K
N = Z n;
i=1
ni = card{T;}
)A:p consistent iff 3; = AJ- Vi j

© Haindl MI-ROZ - 04 77




TS

|
|

e if card{T;} unsufficient
LOOC estimate

(1 — «;)diag(X;) + a;X, 0<a; <1
stooc _ (2 —a)%; + (i — DX, 1<a;<2
(B3 —aj)X + (aj — 2)diag(X), 2<a; <3

s = o ; >

- 238

optimization Gaussian log ML over «;
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TS

@ Gaussian assumption - seldom true, small influence to
P(error)

A

& biased i, >
© a class is composed from subclasses

© change in measurement conditions (atmospheric changes)
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A ——————

@ Gaussian assumption - seldom true, small influence to
P(error)
@ class selection

@ separable classes
e classes with information values

A

© biased i, X
© a class is composed from subclasses

© change in measurement conditions (atmospheric changes)
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TS

|

@ Gaussian assumption - seldom true, small influence to
P(error)
@ class selection

@ separable classes
e classes with information values

e feature vector dimensionality
| — o0 P(error) — 0

the Hughes phenomenon - for card{T;} < oo

P(error) N\, /, i.e 3l [I*

A

© biased i, >
© a class is composed from subclasses

© change in measurement conditions (atmospheric changes)
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