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Sunduastik† Beltistopo–hsh

Na breje– h kal‘terh (m–a;) l‘sh anàmesa se Ëna s‘nolo l‘sewn

Pwc na tupopoihje–;
– fusik† gl∏ssa
– logikËc sunepagwgËc
– gràfoi
– majhmatikÏc programmatismÏc

AkËraia l‘sh



Parade–gmata problhmàtwn

Peri†ghsh Oqhmàtwn

Egkatàstashc

EpËndushc

Anàjeshc

QronoprogrammatismÏc

Kop†-TemaqismÏc

Probl†mata genikà NP-Hard



Probl†ma Beltistopo–hshc

OrismÏc

I =< S, f >: StigmiÏtupo probl†matoc
S: PeperasmËno s‘nolo l‘sewn
f : S æ R: Sunàrthsh kÏstouc (prËpei na megistopoihje– † na
elaqistopoihje–)

Zhto‘meno

L‘sh sú œ S tËtoia ∏ste:

f(sú) Æ f(s), ’s œ S (elaqistopo–hshc)

f(sú) Ø f(s), ’s œ S (megistopo–hshc)
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O plan∏dioc pwlht†c (TSP)

n + 1 pÏleic
'Olec oi metajËseic (n!)
SuntomÏteroc k‘kloc Hamilton



Robot Tour Optimization

Suppose you have a robot arm equipped with a tool, say a
soldering iron. To enable the robot arm to do a soldering job,
we must construct an ordering of the contact points, so the
robot visits (and solders) the points in order.
We seek the order which minimizes the testing time (i.e.
travel distance) it takes to assemble the circuit board.

vassilis zisimopoulos




Find the Shortest Robot Tour

You are given the job to program the robot arm. Give me an
algorithm to find the best tour!



Nearest Neighbor Tour
A popular solution starts at some point p0 and then walks to
its nearest neighbor p1 first, then repeats from p1, etc. until
done.
Pick and visit an initial point p0

p = p0

i = 0
While there are still unvisited points

i = i + 1
Let pi be the closest unvisited point to pi−1

Visit pi

Return to p0 from pi



A Correct Algorithm: Exhaustive Search

We could try all possible orderings of the points, then select
the one which minimizes the total length:

d = ∞
For each of the n! permutations Πi of the n points

If (cost(Πi) ≤ d) then
d = cost(Πi) and Pmin = Πi

Return Pmin

Since all possible orderings are considered, we are guaranteed
to end up with the shortest possible tour.



Exhaustive Search is Slow!

Because it tries all n! permutations, it is much too slow to use
when there are more than 10-20 points.
No efficient, correct algorithm exists for the traveling
salesman problem, as we will see later.





O plan∏dioc pwlht†c (TSP)

GrammikÏ prÏgramma

min
nÿ
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nÿ

j=0
dijxij

nÿ

i=0
xij = 1, j = 0, . . . , n

nÿ

j=0
dij = 1, i = 0, . . . , n

xij

I
1, apÏ i sto j

0, diaforetikà
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S‘ndesh Termatik∏n-Upologist∏n

To prÏblhma

S‘nolo m Termatik∏n pou jËloun na sundejo‘n sto d–ktuo

S‘nolo n Upologist∏n tou dikt‘ou

Kàje TermatikÏ jËlei na sundeje– me ai upologistËc

Kàje Upologist†c mpore– na exuphret†sei to pol‘ bj termatikà

H s‘ndesh Termatiko‘ Ti me upologist† Yj Ëqei kÏstoc cij



S‘ndesh Termatik∏n-Upologist∏n

MetablhtËc apÏfashc

xij =
I

1, An sundeje– to termatikÏ ti me ton upologist† yj

0, diaforetikà

Periorismo–
xi1 + xi2 + · · · + xin Ø ai, ’i = 1, . . . , m

x1j + x2j + · · · + xmj Æ bj , ’j = 1, . . . , n

Antikeimenik† Sunàrthsh
min z =

qm
i=1

qn
j=1 cijxij
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S‘ndesh Termatik∏n-Upologist∏n

Dimer†c gràfoc anàjeshc

T1

T2

...

Ti

...

Tm

Y1

Y2

...

Yj

...

Ym

Ø ai Æ bj

Ep–lush me teqnikËc Jewr–ac Gràfwn



Investment market (algos)

https://www.datadriveninvestor.com/2019/01/31/a-quick-guide-to-investment-algorithms/


TetragwnikÏc ProgrammatismÏc

maximize q(x) = rtx ≠ µxtAx

subject to

nÿ

i=1
xi = 1, i = 1, . . . , n

xi Ø 0, i = 1, . . . , n

x =

S

WU
x1
...

xn

T

XV, µ Ënac suntelest†c bar‘thtac kai A Ënac tetragwnikÏc

p–nakac n ◊ n, r diànusma kolÏna n ◊ 1
(bËltisth diaqe–rish qartofulak–wn Markowitz, brabe–o NÏmplel
oikonom–ac 1990)



H klàsh NP

Ta probl†mata

Jewr–a Gràfwn (beltistopo–hsh)

Paràllhlh Arqitektonik† (task placement)

Quadratic Assignment

Interconnection Networks



Oi mËjodoi

Specific General

Exact
algorithms

Local Search

       NP-complete

P

Heuristics

Incremental

Approximation
algorithms Extensions

meta-heuristics



H topik† anaz†thsh kai oi epektàseic thc

  hcraes lacol
   annealing
   simulated

Boltzmann
  machine

Hopfield
  neural
network

? ?

?

?

massively parallel
implementation

generalization

+ tabu search
+ genetic algorithms

meta-heuristics

Problems
clasification

    theory
Landscapes

Theory Practice



Oi mËjodoi

Exact Algorithms

– moderate size
– execution time?
– parallelization?

Heuristics

– large sizes
– reasonable execution time
– approximation
– problem specific
– parallelization?



Oi mËjodoi

Exact Algorithms

– moderate size
– execution time?
– parallelization?

Heuristics

– large sizes
– reasonable execution time
– approximation
– problem specific
– parallelization?



Oi mËjodoi

Approximation Algorithms

– solution quality quarantee
– fully polynomial approximation schemes (FPTAS)

Local Search Methods

– general methods
– approximation?
– local optimal!
– feasible initial solution?
– neighborhood structure?
– neighborhood’s search?
– initial-solution-local optimum quality!
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Oi mËjodoi

Simulated Annealing

– general technique
– escape from local optimal
– asymptoticaly optimal
– good solution quality
– execution time!
– approximation in finite time?

Neural Network Methods

– general methods
– escape from local optimal
– massively parallel methods
– flexible methods: add constraints code
– initial solution feasible not necessary
– good solutions
– approximation?
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