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Overview

PART I. - A Birdseye View on ML
Different views to the same:

@ Stochastic

@ Function Approximation
@ Online Learning

@ Optimization

PART II. - Algorithms

@ Pattern Recognition

@ Regression
PART Ill. - Applications

@ Reliability Analysis

@ System Identification
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PART |

|. - A Birdseye View on Machine Learning
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Making Models

Why?

@ Insight

@ Parameters
@ Predictions

@ Causal
(control)

Observations

[m] = = = =

= YA
MLA 2009 4/80
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Making Models

K. Pelckmans (IT/UU - KULeuven) Learning and Prediction



Making Models

Relations

@ Compression and Information
Theory

@ Algorithms (CS)

@ Signal Processing

@ Optimization theory/modelling
@ Inverse problems and Operators
® Game theory

=} 5 = = E DA
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Making Models

Theorems:
@ Mistake Bound for Perceptron
@ Representer Theorem
@ Concentration Bound

Theorems as a sanity check & give a
controlled R&D environment.

“Whoa! That was a good one! Try it, Hobbs — just poke
his brain right where my finger is."
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A Simple Example: The Expected Location

Given: An unordered set {z;}/_; C R,
Task: Where will z,.+ lie?
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Main Theme: Stochastic versus Deterministic Inference (Ct'd)

“Essentially, all models are wrong, but some
are useful” - G.E.P. Box.

o In the context of closed-form (parametric)
stochastic models
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Main Theme: Stochastic versus Deterministic Inference

Stochastic: Associate to each set A C R a function
P(-€A):R —0,1]
Meaning: Frequency, Rational Believe, Bet, ...
- IID: Independent and Identically Distributed

?changeable:

PZieA....Z,c A =P cA..... P(Z, € A)
for each permutation = : {1,...,n} — {1,...,n}:
P(Zi €A, ...,Z € A)=P(Zy1y €A, ..., Zwn € A)

pectation: or ‘the expected number of occurences when
sampling 11D’

P(Z € A)=E[I(Z € A)]

with /(z) = 1 if z holds true, 0 otherwise.
Deterministic: No assumption
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Different Views to the Same

Stochastic Statistical

Online Optimization

Function Approximation
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Parametric Statistical Inference

Given stochastic sample
{Z} i
Probability constraint:
/ po(z)dz =1
o by sy Fncion Maximum Likelihood:

T , 6 = arg max H po(Z)
0 i

) N ..it explains the data best.
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Distribution-Free Statistical Inference

1L

Sample {Z}; € R? of size n
@ ForallAe A,is 131, I(Z € A) — P(A)?
@ A: Set of Rectangles
@ A: Set of Polygons
Aim:
Stat. What happens if n — oo (limit distribution)
SLT How fast (for n)
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Distribution-free Inference

Useful for

@ Multiple testing: 'Area A contains more than half
the probability mass’.

@ Find the smallest set containing the largest mass
@ Test equality of P underlying {Z;}; and {Y;};
@ How good is A to predict Z?

® ’How many prob. conclusions (i.e. p-values) can
we extract from a finite sample [Benjamini]’
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Distribution-free Inference

Empirical Distribution Function ECDF F, : R — [0, 1]:

Fa(2) = 1,2 (Z < 2)

Sufficient:
Sample Histogram of sample ECDF of sample.
{2} ~p(Z) ~ P(Z < 2).
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Different Views to the Same: ERM

Stochastic Statistical

Online Optimization

Function Approximation
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Empirical Risk Minimization

Prediction:
Task:

Generalization:

Empirical Risk Minimization:

Algorithm:

K. Pelckmans (IT/UU - KULeuven)

i.i.d

Assume (X, Y) "~ Fxy, (Fxy fixed but unknown):

Mapping f : RY — R
f(X)~ Y

- loss £, design H, structural constraints?
risk minimization:

f* =argmin E [£(f(X), Y)]

feH
Given a sample {(X;, Yi)}1_s,
o 1<
f = argmin — LX), Y
gmin 2 3 H(1(X). )

Searching in H for empirical minimum.

Learning and Prediction MLA 2009
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Empirical Risk Minimization (Ct'd)

ex. Classification

K. Pelckmans (IT/UU - KULeuven)

What:

Assumption:

Realizable:

Risk:
Emp. Risk:
ERM:

Task:

Learning and Prediction

Y e {-1,1},and X € R

X, V)" Fuy,

Assume 3w € R?, p € R such that
Y(w'X)>p

forall (X,Y) ~ Fxy

R(w) = P(Y(w'X) <0)
Ra(w) = LS I(Y(w'X;) < 0)
Find

W = argmin Ra(w)
w

'What is the probability that

Yot (W Xop1) < 07
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Empirical Risk Minimization (Ct'd)

Fixed hypothesis: Fix w ¢ R?

Concentration: 'Suppose there is a probability of
mistake € > 0 for w, what is the
{regha chance that a set of ni.i.d.
[\ samples will contain no such

/ error?’
/ \ P (vi: Yiw'X)>0]¢)

=(1- e)n
Wistes | < exp(—en)

: (Binomial bound)

Union Bound : Let this inequality be satisfied for
any w representing an equivalence
class:
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Empirical Risk Minimization (Ct'd)

K. Pelckmans (IT/UU - KULeuven)

Structure:
Equivalence Classes:

Problem:

Solution:

Learning and Prediction

Structure by assumption:

Instead of considering the
infinite set {w : [|w|> =1},
choose a representative of
each equivalence class
‘Without the data we do not
know which equivalence class
to study’

‘Guarantee result for all of
them.
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Empirical Risk Minimization (Ct'd)

Growth Function: All possible Dichotomies

VC: One can always find a "covering’
with d elements where

o< (2

Lemma (Sauer’s Lemma)

Number of different equivalence sets of
n samples with sets of VC dimension d

(1) <o

i=0
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Empirical Risk Minimization (Ct'd)

VvC

Sauer’s lemma - intuition

@ Number of equivalence classes
only polynomial

o)

@ Concentration exponential

- Hence universal GC: learning!
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Empirical Risk Minimization (Ct'd)

Realizable case

Lemma (Probabilistic Guarantee)

Given 6 > 0 Then with probability exceeding
1 — 6, and W € RY such that

R(W) =0
we have

R(W) < O(dlog(n)n— Iog(é))
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Empirical Risk Minimization (Ct'd)

Fixed hypothesis:

‘MIS ajes ‘

Union Bound:

K. Pelckmans (IT/UU - KULeuven) Learning and Prediction

Jhreshold Concentration:

Fix w € RY (and NOT p > 0 where
P(Y(W'X) > p) = 1)

Hoeffding: given IID

{Zi}i ~Z € R, and let

P(0<Z <1)=1,then

°(

Let this inequality be satisfied for
any w representing an equivalence
class...

liZ,—E[Z] Ze)

< 2exp—%en2
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Empirical Risk Minimization (Ct'd)

Agnostic case

Lemma (Probabilistic Guarantee)

Given 6 > 0 Then with probability exceeding
1 —6,and w € RY, we have

R(W) < R(W) + O < W)
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Empirical Risk Minimization (Ct'd)

vC

K. Pelckmans (IT/UU - KULeuven)

Rademacher variables (where
{0’/} S :I:n,
P(oi=1)=P(o; =—-1) =0.5)

Rn(A) = E |sup = Zo, x; € A)

Aca N

@ Technical tool (symmetrisation)

@ Alternative complexity measure to
VC

@ Fitting of noise
@ For finite classes | A| < co

2In|A|
n

@ For finite VC classes VC(A) < oo

Rn(.A) <

2VC(A)In(n)

An(A) < p

Hence universal-GC: learning!
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Different Views to the Same: Online Learning

Stochastic Statistical

Online Optimization

Function Approximation
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Online Learning

Pattern Recognition as a Game

Algorithm (Perceptron)

@ Nature presents x; € R?
@ Algorithm predicts

$r = sign(w;_1x;)

@ Nature returns y; € {—1,1}
@ Algorithm incurs loss I = I(y: # y:) € {0,1}
Iflk =1, then My = M;_y U {t} and

Wt = Wi—1 + YiXt,

else M; = M;_y and wy = wy_1.
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Online Learning

R(w1,...,wr)§;_<ix)2:0<;_>

R(W1,...,WT)ZQ(1T)

MIIMAX
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Different Views to the Same: Function Approximation

Stochastic Statistical

Online Optimization

Function Approximation
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Function Approximation

Interpolate points:
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Function Approximation (Ct'd)

Interpolate points:
@ Linear Model

w:Vi=1,....n:xxw=y;

@® Smoothing Spline
min [ f'(z)°dz
f1(x)=y; J 7

@ Kernels

min ||f]|~
f:A(x)=yi
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Function Approximation (Ct'd)

Theorem (Representer Theorem)

Let f € H (Hibert space), and {f(x;)}i linearly
independent. Then

f = argmin ||f||»,
f:(xi)=y;

then 3o € R"” such that
n
f() = ZO{,‘K(X,‘, )
i=1

with K the RK associated to H, or ||f||« = K(f, f).

v

(see e.g. [M.Pontil and C. Micchelli, ‘'on Learning Vector
Valued Functions’, NC, 2005])
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Function Approximation (Ct'd)

proof: Let f € H and f =  + g with f €  and
f(xi) = yi, then

1713 = [IF15 +2 < .9 > +|9ll3

but since
9(xi)=0

and hence

<?,g>:Z<K,-a,g>:Z<a,-,K,-g>

i=1 i=1

= Z a,‘g(X,‘) =0
i=1

K. Pelckmans (IT/UU - KULeuven)

and hence f is always smaller (or equal) in norm than a
nonrepresentable function f.
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Function Approximation (Ct'd)

Kernel:

@ Interpretation as inner product in feature
space:

K(x,x") = p(x) o(x)
with a (implicitly defined) mapping
¢ :RY — R%,

@ As a similarity measure

x~x"— K(x,x') Large
@ as an ’alignment’ measure

(x,y),(x,y): y=y — K(x x') Large

K. Pelckmans (IT/UU - KULeuven)
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Function Approximation (Ct'd)
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Figure 7: Estimation of the covariate effects on the risk of relapse (remark the difference with Fig-
ure 8) with smoothing splines within Cox’ proportional hazard model and histograms
of the vanables. The estimated effects are inversely related with the survival time. The
model estimates a lower chance for relapse for older patients up to the age of 40, where-
after an the risk increases again, albeit slowly. The chance for relapse increases for larger
tumors until a size of 20mm, whereafter the chance remains fairly constant. For com-
mon values of the number of positive lymph nodes and receptors, the risk increases for

drawn by the model agree with what is

values

C

known from literature.
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F(X) = F(X)+- -+ Fy(X)

=l = =
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Empirical Risk Minimization (Ct'd)

Functonal ANOVA model f = 3", fy
@ Multile Kernel Learning
® COSSO — #; =0
@ LASSO
@ Concurvity (RIP)
[Wahba, Gu, ...], [Signoretto, Pelckmans, 2007-...]
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Different Views to the Same: Commodities

Stochastic Statistical

Online Optimization

Function Approximation

K. Pelckmans (IT/UU - KULeuven) Learning and Prediction MLA 2009
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Complexity Control

Common denominator
@ Maximum Likelihood |6] = O(1), and AIC

@ Functional Classes {f}:
@ Cardinality
@ VC and growth function
@ Covering numbers, Baracketting and Metric Entropy
@ Rademacher complexity
® Stability
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Bias-Variance Decomposition

Let R. the Bayes risk, and let

. True' Model = flenL R(1)

Decompose error
.M\ Best' Model R
R+« — R(f)

in
Bias: Let f. = infiey R(f), then

R. — R(f.)
Hypothesis
Space

Variance: based on sample of size n
R(f.) — R(F)

Adding bias for reducing variance: ’less
wrong’
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Model Selection

"% More Complex—

K. Pelckmans (IT/UU - KULeuven)

@ How does the model perform for its purpose?

@ Mathematically: independent test data

@ Is P(test) ~ P(train)?

@ Cross-validation, Generalized Cross-validation,
Goodness-of-fit, Information Criterion

® Theoretical (sanity check) or heuristic?
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Optimization Modeling

Maximum Likelihood (ML):
W = argmax pw ({(X:, Y1) }t).
w

Maximum A Posteriori (MAP): R
W = argmax p({(X:, Yo)}i, W).
w

Empirical Risk min. (ERM):
W = argmin Z RE(X:, Yo)}e; w).
w t

Function Approximation (FA):
W = arg min Z R (xt, i) }e; w).
w t

Online Learning (OL):
OR((Xt, yt); w)

Wt = W1 — ow
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Optimization Modeling (Ct'd)

Mean:

T T
0 = argmax | [ exp(—(Z — 0)%) = argmin » *(Z — 0)* = lTZZ,
0 ; 0 P

t=1

Median:

]

A , 1

0 = argmax ] [ exp(~|Z —0) =argmin 2 —0| = 5(Z 12+ Zr7/21)
i

t=1
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Machine Learning
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PART Il

II. - Algorithms
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Pattern recognition: Support Vector Machines

Maximize Margin

@ Maximize Y;(w'X;) such that w™w = 1
@ Include a bias term b
@ Optimization problem

* YO X )
wTw
@ Reformulate as
milr)wTws.t. Y(w'X;+b)>1,vi=1,...,n
w,
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Pattern recognition: Support Vector Machines (Ct'd)

@ Convex Quadratic Program
@ Lagrange dual:

Maximize Margin

mina’ YKY —1Tast. a>0,¥i=1,...,n.

with K = XX € R™" and Y = diag(y1, . - - , ¥n)-
@ Prediction rule for new x € R

* W'x+b=>> K(X,x)ai+Db

i=1

@ Add slack variables {e;}; and trde-off with C > 0:

1 7
min -w w i
w,b,e2 —|—CZ€,
1

st. Yi(w'Xi+b)>1-e,e>0Vi=1,...,n

® ~ Ridge Regression, Regularization networks,
Gaussian Processes, Smoothing Splines, ...
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Least squares Support Vector Machines

Objective function:

1
min ~

2

n
T Y T 2
wiw + E;(Yi(w X — 1))
Dual system (K = XXT € R™")

1
<K+ ,[n> a=1,
= Y
WS
€\9

Evaluate estimate W in new point x € RY as
n
~ T
WX = ZK()(iaX)Yiai
i=1
Solve with Conjugate Gradients
K. Pelckmans (IT/UU - KULeuven)
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Support Vector Machines: Variations on the Theme

@ Other loss functions
@ Multi-class and Structured Outputs

0 ) @ Regression and Unsupervised
? .
.. : ! Learning
? e 7 ® o @ Semi-Supervised Learning
® Active Learning and Selective
2 ?,, Sampling
' ® Missing values (inputs

@ Time-dependence
Other Loss functions
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Support Vector Machines: Success stories

sm 1da mpad  qda Tl Fmas fbrfommet
314 356 551 2477 586 409 449
258 262 262 1375 0.00 262 0.00
1587 1367 1852 19.58 1470 1598 1450
593 1299 1280 13.62 11.77 9.66 1213
1248 1347 1338 1144 13.03 1362 1267
394 505 1250 000 000 361 048 H H
RO 25 S e o Text Classifications and
049 573 320 3973 243 5.88 114 . .
o7 357 1o Bes 197 357 174 Information Retrieval
1096 2834 3089 2344 1231 1673 1498
2116 2216 2148 66.90 2216 2216 21.09

Computational Biology and
Micro-array studies

Medical diagnosis
Intrusion detection
Software: LIBSVM, WEGA, ...

1544 2520 2942 2597 1269 27.10 2230 3008 2196
2353 2260 2538 2594 2974 2237 2267 3490 2373
2011 3203 3277 3945 3712 3175 2956 5796 3425

598 1948 2248 3308 1169 1739 1465 4326 1414
2365 2312 2512 2845 3313 2324 2410 2759

266 4948 1065 1094 588 4949 561 405 417
081 4999 370 5000 oa7 4999 949 790 337
282 316 2598 532 727 6.95 6.34 413 532
1576 1820 3436 2086 2529 1858 2429 2169 2201
358 3875 2528 653 4087  39.07 9.34 9.06 3047

©e6e 6 e

[The Support Vector Machine Under
Test’, Neucom, 2003]

=} 5 = = ),
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Support Vector Machines: Large

Table 1.1. Huber’s Classification of Dataset Sizes @ Memory

Size Description Bytes @ Off“ne - Online

Tiny Can be written on a blackboard 107
Small  Fits ona few pages T @ Convergence versus
Medium Fills a floppy disk 108 approximation
Large  Fills a tape 10°
Huge  Needs many tapes 10 @ Back to the perceptron

® Ensemble methods and Learning

with Experts
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Pattern recognition: MINCUT

@ Nodes V = {v;}; and positively
weighted edges {a; > 0};

@ Organization of entries in a graph

Rather than explicit
representations

@
@ Interactomics, web, social graphs,
kernels, ...

®

Learn a mapping f: V — {—1,1},
orge {-1,1}"
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Pattern recognition: MINCUT
@ ‘true’ labeling y € {+1}"
@ Hypothesis g € {£1}"
@ graph cut
1
> lai # )y = ZqTLq

i

@ Class of hypothesis for given B > 0
He={q: q’Lg < B}

® Givensample M C {1,...,n},
then ERM

g=argmin > _ gy +vq'Lg.
a  iem

® VC dim. of Hp finite
[Pelckmans,2007]

@ Algorithm! [Blum et al.,2002]

Graphtron [Pelckmans et al., 2008]
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Regression: Least Mean Squares

or Gradient Descent

Algorithm (LMS)

Given learning rate v > 0.
@ Nature presents x; € R?
@ Algorithm predicts

= WtT—1Xt
@ Nature returns yr € R

@ Algorithm computes loss e; = (y: — 1)

Wt = W1 — VErXi,
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Regression: Least Mean Squares (Ct'd)

K. Pelckmans (IT/UU - KULeuven)

Lemma (Shuffling)

For all z > 0, vectors v, w;, x € RY
2z(w x = v7x) = ||v — wil[5 — [[v — Wit |13 + 22| x13

where wi 1 = Wy — ZX.

Lemma (Competitive Learning Bound)
Let the LMS algorithm run for T iterations, with
v =U/(R«ZV'T). (R« > max;||xi||2 and Z > max|ei|)

n

n
S =y < min S (v x =y + RuZIIVIeVT

t=1 t=1

v

Learning and Prediction MLA 2009 55/80



Regression: Least Mean Squares (Ct'd)

Example: Acoustic Echo Cancellation

Acoustic Echo Cancellation
@ u: Signal of Speaker
@ x: Signal coming out of speaker
@ h(x): x bouncing back in room
@ y = h(x) + u: Signal picked up by mic.

E‘j gr ® e =y — h(x): Echo-cancelled
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Regression: Least Mean Squares (Ct'd)

Example: Acoustic Echo Cancellation

impulse response of Room

L L L L L L L L
500 1000 1500 2000 2500 3000 3500 4000 4500
T

o

w

A
K. Pelckmans (IT/UU - KULeuven)
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Regression: Least Mean Squares (Ct'd)

Example: Acoustic Echo Cancellation

Aim to filter off noise:
@ ’Residual Signal’ = information
[LMS] @ Long filters
@ Properties of speech signal
@
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PART Il

lll. - Applications
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Reliability Analysis

An ERM approach to modeling Survival
[Learning Transformation Models for

Ranking and Survival Analysis, Van
Belle, Pelckmans et al., 2009]

K. Pelckmans (IT/UU - KULeuven) Learning and Prediction
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Reliability Analysis (Ct'd)

Events or failure-times:

Patient o ’... when patient relapse after
surgery’
O o ... when mother gives birth’
o ... when next lot with structural
—0

deficiencies’

o ... when optimal time for

maintenance’
Time , ,
o ... when alert of structural change
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Reliability Analysis (Ct'd)

Survival distributions of { T;};:
EV: Extreme Value Distribution

Suo(t)=1—exp (— exp (

g
Conditional (given covariates) {(Xj, Ti)}i
PH: Cox’ Proportional Hazard

Su(t]x) = So(£)® ")

with Sp : R — [0, 1] the baseline
survival function
AFT: Accelerated Failure Time model:

1250t
'”( S(il) )‘WTX

and w fitted with maximum likelihood

K. Pelckmans (IT/UU - KULeuven) Learning and Prediction MLA 2009
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Reliability Analysis (Ct'd)

Censoring:

@ ... no observations of events

Patiem. happening in future’

o ... only possible to make

O observations on regular
timestamps’

o ... uncertain what the begin time of
subject is”

o ... uncertain if all (even short
time-to-events) are included in
study.’

Time
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Reliability Analysis (Ct'd)

Patient.
Censored variables
{Z = (X, Ti, ;) }iL1. When are two
O Z;, Z; samples comparable?
—0 1 if comparable
AZ,Z)={ oM
0 ifnot
Time
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Reliability Analysis (Ct'd)

Risk for suvival data
@ No censoring (AUC):

An(w) = ——=—— n_1 ST = (WX - wx) > 0)
i<j
@ With censoring (Harrell’s ¢):

Yo (T = TH(W X — wX) > 0) A(Z, Z)

Col) = > 5. 2)

@ Empirical Risk Minimization

W = argmin —Cn(w)
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Reliability Analysis (Ct'd)

. Problem with ERM

o Combinatorial - algorithm?
os @ Non-unique solution

s o Model - predictions?

o Nonstable

Vi o Interpretation

Realization: if Ch(w) = 1, then
w0 monotone (transformation) function
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Reliability Analysis

Transformation Model

Xer —[uR —R|> =
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Reliability Analysis (Ct'd)

Transformation Model

Examples

o Toy:
y = tanh(w'x)

o Pattern Recognition
y = sign(w’ x + b)

o Ordinal Regression (monotonically
increasing h)

y = Lh(w'x)]
o Conditional Probability with g : R — [0, 1]
P(T > tlw' X) = g(w' X + b)
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Reliability Analysis (Ct'd)

Transformation Model

Complexity control
@ Equivalent to 'the margin’ ?
@ Smoothness of transformation function
@ f h(x) = x, easiest; if h(x) = sign(x) hard
@ Formally for all x, x’ where w'x > w'x’,
h(w'x) — h(w'x') < L(w'x — w'x')
then L is the Lipschitz constant.
® Necessary condition
h(w" X) = h(w' X)) < Lw" X — w' X))

where Y(,') > Y(/‘) and h(WTX(,‘)) = Y(,').

K. Pelckmans (IT/UU - KULeuven) Learning and Prediction MLA 2009 69/80



Reliability Analysis (Ct'd)

Transformation Model

MINLIP
@ ’Find Maximally smooth model obeying the observed ordinal relations.
@ Formulate as a QP

mlp L s.t. h(WTX(,‘)) — h(WTX(j)) < L(WTX(,‘) — WTX(J')), WTW =1

w
@ equivalently (since Y; = h(w' X))
minw’w st Yy — Yy < w'(Xo — Xp). VY0 = V)
@ By transitivity:

mnw'w st Y — Yo < w (X = X)),V =1,....n— 1.
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Reliability Analysis (Ct'd)
Transformation Model

MINLIP
@ ’Find Maximally smooth model obeying the observed ordinal relations.’
@ Formulate as a QP

min %WTW st. DXw > DY

with D € {—1,0, 1}n71><n and (DY), = Yi+1) — Y forall i = 1,. Lo, n— 1.
@ Add slack variables e = (e, ..., e,)" € R” with tradeoff C > 0:

min %wrw—k geTe s.t. DXw + De > DY
w

@ Dual problem:
min %aT(DKDT)a —a’DYst ;>0

® and evaluate in x € R? as

n—1

Wix = (aizr — a)K(Xi, x)

i=1
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Reliability Analysis (Ct'd)

Transformation Model

"
W

wan

i
[

HEHEEE

Fizwe 6 Cmud-mmﬁ)mmaepemxmmm en.-mzn.m:mnnm

- e e pLact,

bottom: NSBCD). The MINLIF, model obtaias 2 ngmﬁe-lﬂivmy\ﬁxmm-u

o et The TORO® £ o 19 e 5 Wghet o e et mdls

indicating that this model is better in distinguishing patients with low and high risk for
ey

© © 0 o

Microarray datasets [DBCD, DLBCL,
NSBCD]

d = O(1e3) expression levels
Failure times (breast cancer)
n = O(1e2) patients

Performance is measured in AUC (C-index)
on testdata, or

ZI((T" T (X X”)>o)

i<j

[m] = = =
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System Identification

Flavor: Many samples, low dimensions
Purpose: Design Control Strategies
Use: Open- and close loop
: Stochastic (1ID?) and Deterministic
: Robustness

=} 5 = = E DA
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System Identification

Aim:
Models:

Model Structure:

Parameters:
Least Squares:

K. Pelckmans (IT/UU - KULeuven)

Model capturing behavior between (u;): and (y:):

Backshift operator g~ u; = uy_1, or

_Alg™h)
" B(g )

ut

with A(-) and B(-) polynomials.
State-Space model for MIMO

Xt = Aut + Bey
Yt = Cxi—1 + Duy

Linear (FIR,ARX), nonlinear (Box-Jenkins)
Minimal prediction error

— 2
(A,B)=argmin " (y; _Alg 1)uf>

B(g")

Learning and Prediction MLA 2009
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System Identification

Air Pollution Control

Prediction:
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Regression: RANKTRON

Algorithm (RANKTRON)
Given learning rate v > 0.
@ Nature presents x, x{ € RY
@ Algorithm predicts
sign(wi_1(x: — X{))

@ Nature returns sign(y: — y{)
@ Algorithm computes loss
. T / /
er = sign(w—s (Xt — X;) (¥t — ¥¥)
ifer < 0 then
we = oWt + (Ve — ¥ (X — X{),

else wy = w;_1
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Online Learning

Lemma (Mistake Bound)

Given a set {(xi, yt), (X{, ¥{)}{_1. Let Ry be such that |w|2 = 1, ||xi|| < Rx and
y = h(wx) with h L-Lipschitz. Then

> =P < (@RuL)?

teMr

K. Pelckmans (IT/UU - KULeuven)

Proof: Observe that

W =30, (Vi — ¥1) (% — x{) € R?. The proof follows
from Cauchy-Schwarz’ inequality:

Iy < Y -y (- X))

ie My ie My

< w'we < || wllz|wil2

<lwll2, [ > I =y x = x)li3

ie My

< \wll22Rx [ > (vi— ¥i)2
ieM;

MLA 2009 77180
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Regression: RANKTRON

@ Extensions for Agnostic case:

—¥)? < 8inf — ¥+ (REvI3
[E%T(yt vy < ng(y' yi? + (RIvIB)
Hence competitive!
@ Extension to drifting target
@ No gradient of the loss £(y: — w;" 1 x)
@ No updates when steady state

K. Pelckmans (IT/UU - KULeuven) Learning and Prediction MLA 2009 78/80



Discussion

And
o Visualization, Clustering and EDA
o knowledge Representation
o Learning Logical statements
o Partial Feedback (Active Learning, ...)
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Discussion

I. What has ML to offer?

I. Learning from mistakes

I. Learning with Experts

I. Opportunities for AeroSpace
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