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Overview

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

1 Stochastic
2 Function Approximation
3 Online Learning
4 Optimization

PART II. - Algorithms
1 Pattern Recognition
2 Regression

PART III. - Applications
1 Reliability Analysis
2 System Identification
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PART I

I. - A Birdseye View on Machine Learning
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Making Models

Observations

→

Model

Why?
1 Insight
2 Parameters
3 Predictions
4 Causal

(control)
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Making Models
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Making Models

Relations
1 Compression and Information

Theory
2 Algorithms (CS)
3 Signal Processing
4 Optimization theory/modelling
5 Inverse problems and Operators
6 Game theory
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Making Models

Theorems:
1 Mistake Bound for Perceptron
2 Representer Theorem
3 Concentration Bound

Theorems as a sanity check & give a
controlled R&D environment.
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A Simple Example: The Expected Location

Given: An unordered set {zi}n
i=1 ⊂ R,

Task: Where will zn+1 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.

In the context of closed-form (parametric)
stochastic models

K. Pelckmans (IT/UU - KULeuven) Learning and Prediction MLA 2009 9 / 80



Main Theme: Stochastic versus Deterministic Inference

Stochastic: Associate to each set A ⊂ R a function
P(· ∈ A) : R→ [0, 1]

Meaning: Frequency, Rational Believe, Bet, ...

IID: Independent and Identically Distributed

P(Z1 ∈ A, . . . ,Zn ∈ A) = P(Z1 ∈ A). . . . .P(Zn ∈ A)

Exchangeable: for each permutation π : {1, . . . , n} → {1, . . . , n}:

P(Z1 ∈ A, . . . ,Zn ∈ A) = P(Zπ(1) ∈ A, . . . ,Zπ(n) ∈ A)

Expectation: or ’the expected number of occurences when
sampling IID’

P(Z ∈ A) = E [I(Z ∈ A)]

with I(z) = 1 if z holds true, 0 otherwise.

Deterministic: No assumption
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Different Views to the Same

Stochastic

Online

Function Approximation

Optimization

Statistical
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Parametric Statistical Inference
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Given stochastic sample

{Zi}n
i=1

Probability constraint:Z
pθ(z)dz = 1

Maximum Likelihood:

θ̂ = arg max
θ

Y
i

pθ(Zi )

..it explains the data best.
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Distribution-Free Statistical Inference
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Sample {Zi}i ∈ R2 of size n
1 For all A ∈ A, is 1

n

Pn
i=1 I(Zi ∈ A)→ P(A)?

2 A: Set of Rectangles
3 A: Set of Polygons

Aim:

Stat. What happens if n→∞ (limit distribution)

SLT How fast (for n)
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Distribution-free Inference

Useful for
1 Multiple testing: ’Area A contains more than half

the probability mass’.
2 Find the smallest set containing the largest mass
3 Test equality of P underlying {Zi}i and {Yi}i

4 How good is A to predict Z?
5 ’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 Fn : R→ [0, 1]:

Fn(z) =
1
n

nX
i=1

I(Zi ≤ z)

Sufficient:

Sample Histogram of sample ECDF of sample.
{Zi}i ≈ p(Zi ) ≈ P(Zi ≤ z).
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Different Views to the Same: ERM

Stochastic

Online

Function Approximation

Optimization

Statistical
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Empirical Risk Minimization

Prediction: Assume (X ,Y )
i.i.d∼ FXY , (FXY fixed but unknown):

Task: Mapping f : Rd → R

f (X ) ≈ Y

- loss `, design H, structural constraints?

Generalization: risk minimization:

f ∗ = arg min
f∈H

E [`(f (X ),Y )]

Empirical Risk Minimization: Given a sample {(Xi ,Yi )}n
i=1,

f̂ = arg min
f∈H

1
n

nX
i=1

`(f (Xi ),Yi )

Algorithm: Searching in H for empirical minimum.
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Empirical Risk Minimization (Ct’d)
ex. Classification

What: Y ∈ {−1, 1}, and X ∈ Rd

Assumption: (X ,Y )
i.i.d∼ FXY ,

Realizable: Assume ∃w ∈ Rd , ρ ∈ R such that

Y (wT X ) ≥ ρ

for all (X ,Y ) ∼ FXY

Risk: R(w) = P(Y (wT X ) < 0)

Emp. Risk: Rn(w) = 1
n

P
I(Yi (wT Xi ) < 0)

ERM: Find

ŵ = arg min
w

Rn(w)

Task: ’What is the probability that

Yn+1(ŵT Xn+1) < 0?
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Empirical Risk Minimization (Ct’d)

Fixed hypothesis: Fix w̄ ∈ Rd

Concentration: ’Suppose there is a probability of
mistake ε > 0 for w̄ , what is the
chance that a set of n i.i.d.
samples will contain no such
error?’

P
“
∀i : Yi (wT Xi ) > 0

˛̨
ε
”

= (1− ε)n

≤ exp(−εn)

(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)

Structure: Structure by assumption:

Equivalence Classes: Instead of considering the
infinite set {w : ‖w‖2 = 1},
choose a representative of
each equivalence class

Problem: ’Without the data we do not
know which equivalence class
to study.’

Solution: ’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

d ≤
„

R
ρ

«2

Lemma (Sauer’s Lemma)
Number of different equivalence sets of
n samples with sets of VC dimension d

dX
i=0

 
i
n

!
≤ (en)d

:
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Empirical Risk Minimization (Ct’d)
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Sauer’s lemma - intuition

1 Number of equivalence classes
only polynomial

2 Concentration exponential

Hence universal GC: learning!
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Empirical Risk Minimization (Ct’d)
Realizable case

Lemma (Probabilistic Guarantee)
Given δ > 0 Then with probability exceeding
1− δ, and ŵ ∈ Rd such that

R̂(ŵ) = 0

we have

R(ŵ) ≤ O
„

d log(n)− log(δ)

n

«
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Empirical Risk Minimization (Ct’d)

Fixed hypothesis: Fix w̄ ∈ Rd (and NOT ρ > 0 where
P(Y (w̄T X ) ≥ ρ) = 1)

Concentration: Hoeffding: given IID
{Zi}i ∼ Z ∈ R, and let
P(0 ≤ Z ≤ 1) = 1, then

P

 ˛̨̨̨
˛1n

nX
i=1

Zi − E [Z ]

˛̨̨̨
˛ ≥ ε

!

≤ 2 exp−1
2
εn2

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

Lemma (Probabilistic Guarantee)
Given δ > 0 Then with probability exceeding
1− δ, and ŵ ∈ Rd , we have

R(ŵ) ≤ R(ŵ) + O

 r
d log(n)− log(δ)

n

!
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Empirical Risk Minimization (Ct’d)
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Rademacher variables (where
{σi} ∈ ±n,
P(σi = 1) = P(σi = −1) = 0.5)

Rn(A) = E

"
sup
A∈A

2
n

nX
i=1

σi I(xi ∈ A)

#

1 Technical tool (symmetrisation)
2 Alternative complexity measure to

VC
3 Fitting of noise
4 For finite classes |A| <∞

Rn(A) ≤
r

2 ln |A|
n

5 For finite VC classes VC(A) <∞

Rn(A) ≤
r

2VC(A) ln(n)

n

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

Stochastic

Online

Function Approximation

Optimization

Statistical
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Online Learning

Pattern Recognition as a Game

Algorithm (Perceptron)
1 Nature presents xt ∈ Rd

2 Algorithm predicts

ŷt = sign(wT
t−1xt )

3 Nature returns yt ∈ {−1, 1}
4 Algorithm incurs loss lt = I(yt 6= ŷt ) ∈ {0, 1}

If lt = 1, thenMt =Mt−1 ∪ {t} and

wt = wt−1 + ytxt ,

elseMt =Mt−1 and wt = wt−1.
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Online Learning

R(w1, . . . ,wT ) ≤ 1
T

„
Rx

ρ

«2

= O
„

1
T

«
MIIMAX

R(w1, . . . ,wT ) ≥ Ω

„
1
T

«
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Different Views to the Same: Function Approximation

Stochastic

Online

Function Approximation

Optimization

Statistical
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Function Approximation

Interpolate points:
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Function Approximation (Ct’d)

Interpolate points:
1 Linear Model

w : ∀i = 1, . . . , n : xiw = yi

2 Smoothing Spline

min
f :f (xi )=yi

Z
z

f ′′(z)
2dz

3 Kernels
min

f :f (xi )=yi
‖f‖H
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Function Approximation (Ct’d)

Theorem (Representer Theorem)
Let f ∈ H (Hibert space), and {f (xi )}i linearly
independent. Then

f̂ = arg min
f :f (xi )=yi

‖f‖H,

then ∃α ∈ Rn such that

f (·) =
nX

i=1

αiK (xi , ·)

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

(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 = f̂ + g with f ∈ H and
f (xi ) = yi , then

‖f‖2
H = ‖f̂‖2

H + 2 < f̂ , g > +‖g‖2
H

but since
g(xi ) = 0

and hence

< f̂ , g >=
nX

i=1

< Kiα, g >=
nX

i=1

< αi ,Kig >

=
nX

i=1

αig(xi ) = 0

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

Kernel:
1 Interpretation as inner product in feature

space:

K (x , x ′) = ϕ(x)Tϕ(x ′)

with a (implicitly defined) mapping
ϕ : Rd → Rdφ .

2 As a similarity measure

x ≈ x ′ → K (x , x ′) Large

3 as an ’alignment’ measure

(x , y), (x ′, y ′) : y ≈ y ′ → K (x , x ′) Large
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Function Approximation (Ct’d)

f (x) = f1(x)+· · ·+ fd (x)
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Empirical Risk Minimization (Ct’d)

Functonal ANOVA model f =
P

d fd
1 Multile Kernel Learning
2 COSSO→ f̂d = 0
3 LASSO
4 Concurvity (RIP)

[Wahba, Gu, ...], [Signoretto, Pelckmans, 2007-...]
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Different Views to the Same: Commodities

Stochastic

Online

Function Approximation

Optimization

Statistical
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Complexity Control

Common denominator
1 Maximum Likelihood |θ| = O(1), and AIC
2 Functional Classes {f}:

1 Cardinality
2 VC and growth function
3 Covering numbers, Baracketting and Metric Entropy
4 Rademacher complexity
5 Stability
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Bias-Variance Decomposition

Let R∗ the Bayes risk, and let

f̂ = inf
f∈H
R̂(f )

Decompose error

R∗ −R(f̂ )

in

Bias: Let f∗ = inff∈HR(f ), then

R∗ −R(f∗)

Variance: based on sample of size n

R(f∗)−R(f̂ )

Adding bias for reducing variance: ’less
wrong’
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Model Selection
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Variance
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More Complex 1 How does the model perform for its purpose?
2 Mathematically: independent test data
3 Is P(test) ≈ P(train)?
4 Cross-validation, Generalized Cross-validation,

Goodness-of-fit, Information Criterion
5 Theoretical (sanity check) or heuristic?
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Optimization Modeling

Maximum Likelihood (ML):
ŵ = arg max

w
pw
`
{(Xt ,Yt )}t

´
.

Maximum A Posteriori (MAP):
Ŵ = arg max

W
p({(Xt ,Yt )}t ,W

´
.

Empirical Risk min. (ERM):
ŵ = arg min

w

X
t

R({(Xt ,Yt )}t ; w).

Function Approximation (FA):
ŵ = arg min

w

X
t

R({(xt , yt )}t ; w).

Online Learning (OL):

wt = wt−1 − µ
∂R((xt , yt ); w)

∂w
.
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Optimization Modeling (Ct’d)

Mean:

θ̂ = arg max
θ

Y
i

exp(−(Zi − θ)2) = arg min
θ

TX
t=1

(Zt − θ)2 =
1
T

TX
t=1

Zt

Median:

θ̂ = arg max
θ

Y
i

exp(−|Zi−θ|) = arg min
θ

TX
t=1

|Zt−θ| =
1
2

(Z(bT/2c) +Z(dT/2e))
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Machine Learning
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PART II

II. - Algorithms
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Pattern recognition: Support Vector Machines

1 Maximize Yi (wT Xi ) such that wT w = 1
2 Include a bias term b
3 Optimization problem

max
Yi (wT Xi + b)

wT w

4 Reformulate as

min
w,b

wT w s.t. Yi (wT Xi + b) ≥ 1, ∀i = 1, . . . , n
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Pattern recognition: Support Vector Machines (Ct’d)

1 Convex Quadratic Program
2 Lagrange dual:

min
α
αT YKY− 1Tα s.t. α ≥ 0, ∀i = 1, . . . , n.

with K = XXT ∈ Rn×n and Y = diag(y1, . . . , yn).
3 Prediction rule for new x ∈ Rd

ŵT x + b̂ =
nX

i=1

K (Xi , x)αi + b̂

4 Add slack variables {ei}i and trde-off with C > 0:

min
w,b,e

1
2

wT w + C
X

i

ei

s.t. Yi (wT Xi + b) ≥ 1− ei , ei ≥ 0,∀i = 1, . . . , n.

5 ∼ Ridge Regression, Regularization networks,
Gaussian Processes, Smoothing Splines, ...
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Least squares Support Vector Machines

Objective function:

min
1
2

wT w +
γ

2

nX
i=1

(Yi (wT Xi − 1))2

Dual system (K = XXT ∈ Rn×n)„
K +

1
γ

In
«
α = 1n

Evaluate estimate ŵ in new point x ∈ Rd as

ŵT xi =
nX

i=1

K (Xi , x)Yiαi

Solve with Conjugate Gradients
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Support Vector Machines: Variations on the Theme

1 Other loss functions
2 Multi-class and Structured Outputs
3 Regression and Unsupervised

Learning
4 Semi-Supervised Learning
5 Active Learning and Selective

Sampling
6 Missing values (inputs)
7 Time-dependence
8 Other Loss functions
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Support Vector Machines: Success stories

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

1 Text Classifications and
Information Retrieval

2 Computational Biology and
Micro-array studies

3 Medical diagnosis
4 Intrusion detection
5 Software: LIBSVM, WEGA, ...
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Support Vector Machines: Large

1 Memory
2 Offline - Online
3 Convergence versus

approximation
4 Back to the perceptron
5 Ensemble methods and Learning

with Experts
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Pattern recognition: MINCUT

1 Nodes V = {vi}i and positively
weighted edges {aij ≥ 0}ij

2 Organization of entries in a graph
3 Rather than explicit

representations
4 Interactomics, web, social graphs,

kernels, ...
5 Learn a mapping f : V → {−1, 1},

or q ∈ {−1, 1}n
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Pattern recognition: MINCUT

−2 −1.5 −1 −0.5 0 0.5 1 1.5 2 2.5
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0
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1

1.5

2

1 ’true’ labeling y ∈ {±1}n

2 Hypothesis q ∈ {±1}n

3 graph cutX
i,j

I(qi 6= qj )aij =
1
4

qT Lq

4 Class of hypothesis for given B ≥ 0

HB =
n

q : qT Lq ≤ B
o

5 Given sampleM⊂ {1, . . . , n},
then ERM

q̂ = arg min
q

X
i∈M

qiyi + γqT Lq.

6 VC dim. of HB finite
[Pelckmans,2007]

7 Algorithm! [Blum et al.,2002]
8 Graphtron [Pelckmans et al., 2008]
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Regression: Least Mean Squares
or Gradient Descent

Algorithm (LMS)
Given learning rate ν > 0.

1 Nature presents xt ∈ Rd

2 Algorithm predicts

ŷt = wT
t−1xt

3 Nature returns yt ∈ R
4 Algorithm computes loss et = (yt − ŷt )

wt = wt−1 − νetxt ,
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Regression: Least Mean Squares (Ct’d)

Lemma (Shuffling)

For all z > 0, vectors v ,wt , x ∈ Rd

2z(wT
t x − vT x) = ‖v − wt‖2

2 − ‖v − wt+1‖2
2 + z2‖x‖2

2

where wt+1 = wt − zx.

Lemma (Competitive Learning Bound)
Let the LMS algorithm run for T iterations, with
ν = U/(Rx Z

√
T ). (Rx ≥ maxt ‖xt‖2 and Z ≥ maxt |et |)

nX
t=1

(wT
t−1xt − yt )

2 ≤ min
v

nX
t=1

(vT xt − yt )
2 + Rx Z‖v‖2

√
T
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Regression: Least Mean Squares (Ct’d)
Example: Acoustic Echo Cancellation

Acoustic Echo Cancellation
1 u: Signal of Speaker
2 x : Signal coming out of speaker
3 h(x): x bouncing back in room
4 y = h(x) + u: Signal picked up by mic.
5 e = y − ĥ(x): Echo-cancelled
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Regression: Least Mean Squares (Ct’d)
Example: Acoustic Echo Cancellation
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Regression: Least Mean Squares (Ct’d)
Example: Acoustic Echo Cancellation

[LMS]

Aim to filter off noise:
1 ’Residual Signal’ = information
2 Long filters
3 Properties of speech signal
4
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PART III

III. - 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]
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Reliability Analysis (Ct’d)

Events or failure-times:

’... when patient relapse after
surgery’

’... when mother gives birth’

’... when next lot with structural
deficiencies’

’... when optimal time for
maintenance’

’... when alert of structural change’
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Reliability Analysis (Ct’d)

0 1 2 3 4 5
0
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t

S
(t

)

Survival distributions of {Ti}i :

EV: Extreme Value Distribution

Sµ,σ(t) = 1− exp
„
− exp

„
−(t − µ)

σ

««
Conditional (given covariates) {(Xi ,Ti )}i

PH: Cox’ Proportional Hazard

Sw (t |x) = S0(t)exp(−wT x)

with S0 : R+ → [0, 1] the baseline
survival function

AFT: Accelerated Failure Time model:

ln
„

1− S(t |x)

S(t |x)

«
= wT x

and w fitted with maximum likelihood
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Reliability Analysis (Ct’d)

Censoring:

’... no observations of events
happening in future.’

’... only possible to make
observations on regular
timestamps’

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

’... uncertain if all (even short
time-to-events) are included in
study.’
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Reliability Analysis (Ct’d)

Censored variables
{Zi = (Xi ,Ti , δi )}n

i=1. When are two
Zi ,Zj samples comparable?

∆(Zi ,Zj ) =

(
1 if comparable
0 if not
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Reliability Analysis (Ct’d)

Risk for suvival data
1 No censoring (AUC):

An(w) =
2

n(n − 1)

X
i<j

I
“

(Ti − Tj )(wT Xi − wT Xj ) > 0
”

2 With censoring (Harrell’s c):

Cn(w) =

P
i<j I

`
(Ti − Tj )(wT Xi − wT Xj ) > 0

´
∆(Zi ,Zj )P

i<j ∆(Zi ,Zj )

3 Empirical Risk Minimization

ŵ = arg min
w

−Cn(w)
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Reliability Analysis (Ct’d)

−3 −2 −1 0 1 2 3
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1

u(x)

h−
(u

(x
))

Problem with ERM

Combinatorial - algorithm?

Non-unique solution

Model - predictions?

Nonstable

Interpretation

Realization: if Cn(w) = 1, then
monotone (transformation) function
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Reliability Analysis
Transformation Model

X ∈ Rd → u : Rd → R →

−4 −3 −2 −1 0 1 2 3 4

−1

−0.5

0

0.5

1

1.5

u(x)

h−
(u

(x
))

 

 
samples
prediction zones

h−

= Y
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Reliability Analysis (Ct’d)
Transformation Model

Examples

Toy:
y = tanh(wT x)

Pattern Recognition

y = sign(wT x + b)

Ordinal Regression (monotonically
increasing h)

y = bh(wT x)c

Conditional Probability with g : R→ [0, 1]

P(T > t |wT X ) = g(wT X + b)
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Reliability Analysis (Ct’d)
Transformation Model

Complexity control
1 Equivalent to ’the margin’ ?
2 Smoothness of transformation function
3 f h(x) = x , easiest; if h(x) = sign(x) hard
4 Formally for all x , x ′ where wT x ≥ wT x ′,

h(wT x)− h(wT x ′) ≤ L(wT x − wT x ′)

then L is the Lipschitz constant.
5 Necessary condition

h(wT X(i))− h(wT X(j)) ≤ L(wT X(i) − wT X(j))

where Y(i) ≥ Y(j) and h(wT X(i)) = Y(i).
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Reliability Analysis (Ct’d)
Transformation Model

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

min
w,L

L s.t. h(wT X(i))− h(wT X(j)) ≤ L(wT X(i) − wT X(j)),w
T w = 1

3 equivalently (since Yi = h(wT Xi ))

min
w

wT w s.t. Y(i) − Y(j) ≤ wT (X(i) − X(j)), ∀Y(i) ≥ Y(j)

4 By transitivity:

min
w

wT w s.t. Y(i+1) − Y(i) ≤ wT (X(i+1) − X(i)),∀ = 1, . . . , n − 1.
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Reliability Analysis (Ct’d)
Transformation Model

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

min
w

1
2

wT w s.t. DXw ≥ DY

with D ∈ {−1, 0, 1}n−1×n and (DY )i = y(i+1) − y(i) for all i = 1, . . . , n − 1.
3 Add slack variables e = (e1, . . . , en)T ∈ Rn with tradeoff C > 0:

min
w

1
2

wT w +
C
2

eT e s.t. DXw + De ≥ DY

4 Dual problem:

min
α

1
2
αT (DKDT )α− αT DY s.t. αi ≥ 0

5 and evaluate in x ∈ Rd as

ŵT x =
n−1X
i=1

(αi+1 − αi )K (Xi , x)
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Reliability Analysis (Ct’d)
Transformation Model

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

Av (ŵ) ∝
X
i<j

I
“

(T v
i − T v

j )ŵT (X v
i − X v

j ) > 0
”
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System Identification

Flavor: Many samples, low dimensions

Purpose: Design Control Strategies

Use: Open- and close loop

Regime: Stochastic (IID?) and Deterministic

Important: Robustness
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System Identification

Aim: Model capturing behavior between (ut )t and (yt )t

Models: Backshift operator q−1ut = ut−1, or

yt =
A(q−1)

B(q−1)
ut

with A(·) and B(·) polynomials.

Model Structure: State-Space model for MIMO(
xt = Aut + Bet

yt = Cxt−1 + Dνt

Parameters: Linear (FIR,ARX), nonlinear (Box-Jenkins)

Least Squares: Minimal prediction error

(Â, B̂) = arg min
X

t

„
yt −

A(q−1)

B(q−1)
ut

«2
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System Identification
Air Pollution Control

Prediction:
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Regression: RANKTRON

Algorithm (RANKTRON)
Given learning rate ν > 0.

1 Nature presents xt , x ′t ∈ Rd

2 Algorithm predicts

sign(wT
t−1(xt − x ′t ))

3 Nature returns sign(yt − y ′t )

4 Algorithm computes loss
et = sign(wT

t−1(xt − x ′t )(yt − y ′t )

if et < 0 then

wt = νwt−1 + (yt − y ′t )(xt − x ′t ),

else wt = wt−1
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Online Learning

Lemma (Mistake Bound)

Given a set {(xt , yt ), (x ′t , y ′t )}T
t=1. Let Rx be such that ‖w‖2 = 1, ‖xi‖ ≤ Rx and

y = h(wT x) with h L-Lipschitz. ThenX
t∈MT

(yt − y ′t )2 ≤ (2Rx L)2

−3 −2 −1 0 1 2 3
−1

−0.8

−0.6

−0.4
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0
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0.4

0.6

0.8

1

u(x)

h−
(u

(x
))

Proof: Observe that
wt =

P
i∈Mt

(yi − y ′i )(xi − x ′i ) ∈ Rd . The proof follows
from Cauchy-Schwarz’ inequality:

1
L

X
i∈Mt

(yi − y ′i )2 ≤
X

i∈Mt

(yi − y ′i )wT (xi − x ′i ))

≤ wT wt ≤ ‖w‖2‖wt‖2

≤‖w‖2

sX
i∈Mt

‖(yi − y ′i )(xi − x ′i )‖2
2

≤ ‖w‖22Rx

sX
i∈Mt

(yi − y ′i )2.
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Regression: RANKTRON

1 Extensions for Agnostic case:X
t∈MT

(yt − y ′t )2 ≤ 8 inf
v

X
t∈Mv

(yt − y ′t )2 +
“

R2
x‖v‖2

2

”
Hence competitive!

2 Extension to drifting target
3 No gradient of the loss `(yt − wT

t−1xt )

4 No updates when steady state
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Discussion

And

Visualization, Clustering and EDA

knowledge Representation

Learning Logical statements

Partial Feedback (Active Learning, ...)
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Discussion

!. What has ML to offer?

!. Learning from mistakes

!. Learning with Experts

!. Opportunities for AeroSpace
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