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Driving forces in business creation
and Innovation

Automation
Google,facebook,twitter....
A Huge productivity increases
1/10 people per revenue

A Fast adaptation/response, mass
customization

Data-driven models + Optimization




Automation needs meta-optimization
and machine learning

Self-tuning: Method and parameters
selection, adaptation, configuration,
from building blocks

Learning the problem definition from data



Optimizing event locations...

- - - -
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Optimization is fine but ... What is the function?
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Online learning!



A new revolution
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Opti mi zati on éi

- Basic optimization heuristics are
becoming a commodity

More and more difficult to discover radically
new technigues. Often many techniques.
Subtle differences evaporate in real-world

noise.

NOTE: using new names for old building
blocks (local search, greedy constructions,
diversification vs. intensification) does not

count as novelty!




Metaheuristics the Metaphor Exposed

Kenneth Sorensen, Sep 2012, prev. Fred Glover

jumps of frogs, SA and GA
. - h []
refraction of light started it all !

flowing of water to the sea,
orchestra playing,
sperm cells moving to fertilize an egg,

spiraling movements of galaxies,

colonizing behavior of empires,

behavior of bats, birds, ants, bees, flies, and virtually
every other species of insects

It seems that there Is not a single natural or man-made
process that cannot be used as a metaphor for yet ;
anot her nnoveln optimizati on me



Real word is dirty (black?)

Some posivite objectives (MOOP)
Combination not clear

Hidden objectives L@@[ﬁm Q

Dynamic aspirations

No math formula

Maybe some

high-level L@@Wm Q
knowledge

and intuition

Many inputs, L@@[ﬁm Q

noisy,
some irrelevant

Machine Learning




Optimization: a tremendous power

Tapping and musik

- Still largely unexploited in most real-world contexts:
standard optimization assumes affunction f(x)| to be
mi ni mi z e dhath kha@vledbe.

.~ function f(x) helps people to concentrate on
goals/objectives, not on algorithms (on policies not on

processes) o
«Aortic radius minimizes dissipated power» -Pardalos

Try asking a manager

BUT static f(x) does not exist in explicit form or Is
extremely difficult and costly to build by hand, and math
knowledge Is scarce.



Optimization: a tremendous power

- Machine learning: learn f(x) from data (including from
user feedback) |

| Learning and Intelligent Optimization (LION):
machine learning from data for optimization which can|
be applied to complex, noisy, dynamic contexts.

| ML to approximate f(x) but also to guide opt. process
via self-tuning, both offline and online

- Autonomy: more power directly in the hands of
businesses
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Optlmlzatlon A for Machine Learning

e of power

Flexible model (with parameters w) How to pick w?

ErrorFunction E(w)

Learn by minimizing E(w) on training examples

...generalization

complicates a bit

MLP and Backpropagation

SET SET



Machine Learning A for Optimization

Practical optimization is coslty ...f(x)

Kriging s: A

Danie Gerhardus Krige
(26 August 19197 3 March 2013)

Gaussian processes, Bayesian inference, splines, local models in

continous optimization....
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Angela Kunoth: «adaptive multi-scale»



Machine Learning A for Optimization

Guide optimization process A
by learning from previous search history

Reactive Search Optimization (RSO)

é suitable 1 f single

Build objectives A
by learning from decision maker

Brain-Computer Multi-Objective Optimization

€ suitable 1 f objectivess g
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The role of the user

it choices and free parameters

Algorithm(T)

it the user as a crucial learning component
(Atrd-al and error o)

where experiments are designed, with
the support of statistical estimation (parameter
identification) tools.
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i

Automated tuning through
machine learning

. The time-consuming tuning

phase Is now substituted by an automated
Process.

. The algorithm becomes
self-contained: Its guality can be judged
iIndependently from the designer.

Complexity is shifted
Final user A algorithm developer

Reactive search optimization needs proactive
researcers




Different from Markov pProcess

Y — NEIGHBOR( N(X"))
Y+ {} it f(Y) < f(X g )

Y with probabhility e

Simulated Annealing

—AfT X1 otherwise

lim P XM esy=1
v 0

it Asymptotic convergence Is Irrelevant

it Sl ow--nspeed of:- conver
stationary distribution... Complete
enumeration can be faster!
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Reactive Search Optimization

Integration of online machine learning
technigues for local search heuristics.

The word reactive hints at a ready
response to events during the search
through an internal online feedback loop for
the self-tuning of critical parameters.

Biological systems are highly adaptive; they use signals
coming in from receptors and sensors to fine-tune their functioning.
Adaptivity is a facet of the reactivity of such systems.

240)



On-line tuning

i Take into account:

1. Problem-dependent
2. Task-dependent

3. Local properties in configuration space
(see local search), parameters are
dynamically tuned based on optimization
state and previeus history.
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RSO applied: intensification or diversification?

It iIs @a good morning exercise for

Diversification requires effort 5 research scientist to discard a.
pet hypothesis every day before
breakfast. It keeps him young.
Konrad Lorenz



A counter-example
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An example: reactive
prohipition-based local search

it X IS the search space 0010110001000

it Neighborhood
N(X") ={X e X suchthat X =0 X i=0, ..M

i Search trajectory BE{UNEIR{EEY

Y +— BEST-NEIGHBOR( N(X'))

'E:I I+ 1::I [ } lf Jl. I }' | < l ;IF | :{- IE'I |
| 1 Xt otherwise (search stops)
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Prohibition-based local search

i Local search leads to local minima

i What next?

_ (random) restart

~try to during the
previous searches

€ escape firom previously
attraction around a local minimizer

simple

)



Pronhibition-based local search (2)

i Prohibition-based:
history

Steiglitz Weiner- denial strategy for TSP ﬂonce common
features are detected in many suboptimal solutions, they
are forbidden) (opposite to reduction strategy: all edges
that are common to a set of local optima are fixed)

Lin-Kernighan for graph partitioning
Tabu Search (Fred Glover)

Steepest Ascent Mildest Descent (Hansen 1 Jaumard)



Prohibition-based local search (3)

0010110001000

0010010001000
0010010011000 H=2

H=1
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Fundamental relationship between
prohibIition and diversification
(Battiti, 1999)

¢ The Hamming distance H between a starting point and successive point along the tra-
jectory is strictly increasing for T' + 1 steps.

H(XWa0 x(t) = At for At<T+1

e The minimum repetition interval i along the trajectory is 2(T" + 1).

xR — xU) = R=>9T+1)
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Some forms of Tabu Search

i Allowed neighbors

Na(X () ) C N(X (t] )

ii Discrete dynamical system

BEsT-NEICHBOR { N (X _::I)

J"l]'_-]'_.[:] W ( ‘:'IHT |' _.'_‘f '::t+ 1::' 'I _.',‘.: '. 1 .| o _.'5;' l::f=+ 1::| }

A°)



Tabu Search: Prohibition Mechanisms

i Strict-T

Ny X5y = (x e NXUY) st X g (X0 X

i Fixed-TS

Na(XD)y={X=poX® s t. LASTUSED(p ') < (t - T)}

i Reactive-TS

? Are the dynamical systems comparable ?
? Or gualitative differences ?
Distinguish pelicies frem mechanisms
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Issues In prohibition-based search

( (offline vs. reactive/online)

it Appropriate for storing and
accessing search history

( for a variety of applications
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Reactive Prohibition-based search

&)
Minimal diversi@
sufficient to escape \
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Reactive prohibitions

Figure 4.3: Applying the minimum diversification needed to escape the local attractor. Top: if
too little diversification is applied, the trajectory falls back to the same minimum; if diversifi-
cation 1s excessive, nearby minima may not be visited. Bottom: the same concept applied to
space travel: the right amount of diversification (plus ballistic calculations) allows the capsule
to reach a suitable moon orbit; too little and the capsule falls back, too much and the target

is missed.




Motivations for a dynamic T

Need large T!

T(x)

Need small T!
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