Did | forget to hit

record? Please
remind me!

Algorithm Configuration and friends

MIE1666: Machine Learning for Mathematical Optimization

Largely based on Hoos, Holger H. "Automated algorithm configuration and parameter tuning." Autonomous
search. Springer, Berlin, Heidelberg, 2011. 37-71.

Some examples from Chapter 13 of Integer Programming by Wolsey
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Machine Learning:

Study of algorithms that ol " I

* improve their performance P
e at some task T

* with experience E

well-defined learning task: <P, T,E>

Tom Mitchell, CMU 10-601 slides
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Why should this work at all?

The main theoretical basis of supervised learning:

With a sufficient amount of
“similar”’ data

+
dl

Minimizing the loss function on the
training data yields a highly
accurate model on unseen test
data, with high probability

1. Data: S ={(x; y)}i=1..n
« X;. data example with d attributes

« y;: label of example (what you care
about)

2. Classification model: a function

f(a,b,c,...)
 Maps from XtoY
* (a,b,c,...) are the parameters

3. Loss function: L(y, f(x))
 Penalizes the model’'s mistakes



Graph Optimization

D=0 OO
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Travelling Salesperson Problem (TSP)



I TSP F'!KEXTEN7{(O %"\

8y,
d@,: ~ 2
A ;
°°dls &Y

’(.D}T-R-E.MONT
véity

ni
&
Jlontreal 4

¢

/)
oseph's Or@torwx@;
W,

/6 Mount Royal 2~

N

ESDEFGRACE

é,{éd. Typical traffic ~ Fast i . S/ow

~ 70
1

s @r i s 8

est// !

S

m

Westmot

DA 7}
Y /i N y / S
4 ~//\~ S
g A )
/ W 32 'oﬁ(

0INTESS A

AN
7,

l Monday, 7:35 AM 800AM 12:00PM 4:00PM 8:00 PM

Py - ot
f Ay &

N
ii ¥  Terrain
LE // View topography and elevation

BIERREZZ

gy ——

\PA&KEXTENSI% 5}7‘% P
i Baa@'ﬁaia/e/é fo

%

/., ‘OUTREMONT

jiversity

ontreal

¢
oo

« ‘NSNOWDON 2

s@T w1 F s

' Monday, 10:00 AM
o>

L £
LE'PLATEAU-MONT:RO);

int/Joseph's Orato
\\ of Mount Roy

\Q'na Bil | 2 A
X
/ Saint/Joseph's Or@i&
/ /7

o
.
e

/
//szTWTFS S, CESe—

8:.00AM 12:00PM 4.00PM 8:00 PM

Monday, 11:50 AM

7T YWRIGA

&0
Terrain

LE
PIERRE < View topography and elevation

P ———

. ) b
LE'PLATEAU-MONT:=

S 'b‘ )
s ou-T;HWE/ST_
‘—“

7
A. 1

A\

2

Fast 1 . S/ow

BIERRE < View topography and elevation

Google Maps, Montréal, Quebéc, Canada

¥ TSPARK EXTENSION// %
\Bﬁ' / AQ//
A3

de\la,\‘ Z c
adle &
&
Y &
g Dy 4 & A '

Saint

/.

MONK/
VILIZA

/>
W

fGRACE

A
oseph's Or@tory’l{ 0 S
Mount RoyalsZ—=—"

nB.' C

Fast 1 .. S/ow

o
'Eui&'
/4 DU
‘ / O w1 s 8 2
‘qlb ! Monday, 4115 PM 8:00AM 12:00PM 400PM 800PM | ./
° ®) S——— T | : mw
LLé’ // Terrain ® >

PIYERRE <" View topography and elevation

..............



8 am

4 TSPARK EXTENSON "\
TN

adhde*/a»
o\ o

A

0seph's Or@o ‘

« NsNOWDON

ead
/i
N
> /Q
TRE-DA\\’E-\D GRACE
//%;2 .
2 ;
;}’9& i Typical traffic ~

\,'
N/ ]s@TWTFs

; ~ ' Monday, 7:35 AM
AL %b ‘l
‘Q Ay &

v/ Yo,
ount Roygl/' = "’4“, L
s Y, "-,‘\’. NS s

.‘ Z ‘
0 -TW/ST
Fast i . S/ow

I_.I'I'I

‘Ti>4§§*§
Ln 3
E'PLATEAU-MONT:RO,

==

D

&
Verdu

A

\G

YAL

0INTESS A

AN

7N

/'9
e

?/g

s I

8:.00AM 12:00PM 4:00PM 8:00 PM

g —

ii & Terrain

L View topography and elevation
BYERREZZ

gy ——

venue

' RDU
I

—Jf
y. /&

10 am

/i 1y e NN Y o~ 5 g
\P@EXTENSMJW% X4 R
. =
g Bdae\,;q\\ /Z & / /S’ /
Cade g" /
4 5

L £
LE'PLATEAU-MONT:RO);

ANY

%

/., ‘OUTREMONT

J) ersity
ontreal

¢
A /|D

\Q'na Bil | 2
X
: / Sain oseph'sOr@*
/ /7

« ‘NSNOWDON 2

s@T w1 F s

' Monday, 10:00 AM
o>

7T YWRIGA

o

&
LE Terrain
PIERRE < View topography and elevation

P ———

e/l RS
P-ARK EXTENS/ION

&

. ) b
LE'PLATEAU-MONT:=

A

.Ul)}versity

Mo

4

ntreal

Saint/Joseph's Or@tory'd RE
/\ of Mount Roygrll',< UK
S e S

/'
ONKIAN

V

Q Moy
7
A

GRACE

1
'%SwTWTFS '|_'.|'|'|"_

Monday, 11:50 AM

- 136 N\ =———= ||l Verdi)
_ggf/i’//.1¢éé;€; :ﬂhﬁl%;j

,/‘é

Sy
NROINTESS A

\

A. 1

Q

ou‘-ﬂqws‘/ﬂ / ..

Fast 1 . S/ow

8:.00AM 12:00PM 4.00PM 8:00 PM

$

ZTTTYINRIGA

Terrain

BIERRE < View topography and elevation

P ———

Google Maps, Montréal, Quebéc, Canada

5

'\\. 7~y '/ T
PARK\EXTEN?l(OW e

@

&

8q, 4

adles.

Saint

4

MONK/
VILIZA

/>
W

fGRACE

A
oseph's Or@tory’l{ 0 S
Mount RoyalsZ—=—"

nB.' C

Fast 1 .. S/ow

enue

——

/a =
'/S@TWTFsllllll.lllf
e ! Monday, 4:15 PM 800AM 12:00PM 4:00PM 800PM |/
< > T
I
E

o
X
I temi
LL // Terrain

PIYERRE <" View topography and elevation

o
.

..............



7 SRR RK EXTENS ffoy

%

5 /
S N
c%\l”‘li,: \/\~

VAR

OTRE-

~ 70
1

s@ 7w

est//

5

3
Y%

DA -E\D GRACE
é’{édi Typical traffic ~

Il Monday, 7:35 AM

Sam
NS

335

5 @"‘
E'PLA 'EAU MONT’ RO A

N

/ BAnQ Gra

/|

Biblio

Verdu

No

"(/

thelfue

S

\

L.

del@

N
il
.Me'

A

4=

Fast e —— S/ow @

LR S

8:.00AM 12:00PM 4:00PM 8:00 PM

Galt stl

venue

' RDY

£

X v‘\\‘{
L4él //

RRE 2%

Terrain

View topography and elevation

gy ——

—Jf
y. /&

10 am

'\\AKEXTEN siioNy/ =& s
Kt Z / by
\ & 2 ~

LE'PLAT VIC

OUTF EMONT

Uni jiversi ity
ontreal

A
| A

INLS

Le,Nouvel Ht

GRd/FFI

MONKI/ANDN

VIL‘LAGI\
SN

INT{IER \(
)P\Q«!'\NTE

s@T w1 F s

Monday, 10:00 AM

7T YWRIGA

o

Terrain
PIERRE o View topography and elevation

P ———

A
oL ~/\~
VAR

BIERRE o View topography and elevation

§ \PARK EXTENS |by e
Kl dee/ /
"dQ 40

} ersity
Montreal

~
E ~

NGO INTESA
S MONI§¢LA~ . ~ 7 RO
S VIL/AGE Y/
/] / A.15 \ :

';s
/ ou-THv‘{ST / .

-j /\ - __Verdu

OTRE-DAMECDEFGRACE nB.' Y

T s

Fast 1 . S/ow

% S e i e eee—
3 \  Monday, 11:50 AM 800AM 12:00PM 4:00PM 8:00PM
A &c’\ VIV RIGA - Y W TSN

ﬁ/{S@TWTFS,IIlll.lllgT'

S V¥ Monday, 4:15 PM 8:00AM 12:00PM 4:00PM 8:00 PM :=

o> 7 vnRIGA

1/

BUERRE 22

Terrain
View topography and elevation

Terrain

P ———

..............

Google Maps, Montréal, Quebéc, Canada



§ SPaRK EXTEN/f/oy \ A
8q,
Nt gy ol /sZ : ?, I
E'PLATEAU- M/}NT’ <ROYAL
¥ % N
' /4

/L/ 2
Not M(?"

A

ead

D
&f“ //

220N
)//aﬂ;]( l’ii,d‘.‘

Fast e —— S/ow @

é&‘i Typical traffic ~

,' venue
]s@TWTFs —® |

I | I | I | I | I 'RmrJf
& Il Monday, 7:35 AM 800AM 12:00PM 4:00PM 8:00 PM :Q “

5
Py s o

S — ry-— ==
g N

ii ¥ Terrain

,,E // View topography and elevation

Ls
PIERRE 2%

gy ——

10 am

'\\AKEXTEN |6 %}% ‘ = < 3
Klape, dee,4 /Z @
\q’% & “,

LE'PLAT

l[ 4
UT' EMONT

Uni jiversi ity
ontreal

A
| A

MONKI/ANDN

VIL‘LAGI\
SN

INLS

Le,Nouvel Ht
G Rd/F Fl

INT{IENR)m}\E/

/ Al

s@T w1 F s

Monday, 10:00 AM

Terrain
PIERRE o View topography and elevation

P ———

} ersity
Montreal

P
% 7~

MONK¢LA\N b
VIL4LAGE

[ / 0,

-l =X
ME\DE fGRACE f °U'THWEST

- Verd
e gV =1

Fast mm m——— S/ow @

o°
|

~ r;‘; . Typlcal traffic +

Nd 8:.00AM 12:00PM 4.00PM 8:00 PM

' Monday, 11:50 AM

& 7 VARIGA

Terrain
BIERRE o View topography and elevation

P ———

Google Maps, Montréal, Quebéc, Canada

-ést"/IAS@TWTFS T, Same—

§ \PARK EXTENS |by e
Kl dee/ /
"d’?d

: / S m T.w 1 kS 1 | I | | |. 1 | (I -
"'\‘glb \ Monday, 4:15 PM 8:00AM 12:00PM 4:00PM 8:00 PM

“\ 7 YR RK.A = ¥ FEE = anns N — =

<5 ’ S R |
LL”// Terrain '

PIYERRE <" View topography and elevation

..............



Sam
§ SPaRK EXTEN/Zfoy \

8q,
a"d’?d %, 145,

ead

R\EXTEN |6%"’e

a
/6? Q@ M/ontreal ¢
EN
I\
. 7 |

N O\WADON p

Fast i . S/ow

| Typlcal traffic ~

N ,']

N/ S@TWTFSI_'lllll

]l Monday, 7:35 AM :

8:.00AM 12:00PM 4:00PM 8:00 PM

AR PODNTTT S — IR - ETEEYS v

e
Y%
L

N
i »>  Terrain
LE // View topography and elevation

BIERREZZ

gy ——

10am

cr»

(S OUTREMONT

UnM{ sity

A ) A
Atriumsle” 1?0
N4

| e Nouvel'H

1 N : / ,
INT HENR) th\/

MONK‘/ / R

V|L4LAGE \
S
Fast I N . S/ow

—0
1 | I | I I I
8:.00AM 12:00PM 4:00PM 8:00PM

Monday, 10:00 AM

FTTTVIYRIGA

Terrain

= View topography and elevation

P ———

|verS|ty
Y Montreal

¢ 4

D\
5 E 3
e

o
~ 3" } Typical traffic +

' Monday, 11:50 AM

N {Il__Verdun B eae\I?
/ ‘l “—Gan St \2

Fast - S/ow @

22X
ou-THWEST B

Q\QL@EQ

f/\i

)

8:.00AM 12:00PM 4.00PM 8:00 PM

P ———

‘-\,oc V\)‘q\ ZTOTTVNREA B
LE // Terrain
BIERRE o View topography and elevation

Google Maps, Montréal, Quebéc, Canada

5

§ \PARK EXTENS |by e
deel4c /

kla}d’?&

Le,Nouvel
S

.
Saint/Joseph's Oratory GRIFF
~/0f Mount Roy/ /%
ITTLE
URGUNDY,

N \§N0\

tead
1
3 MONKtLAND

SN VIL¢LAGE
B

/ °
s/{‘,s@TWTFS,IIlII,II.

Monday, 4:15 PM 8:00AM 12:00PM 4:00 PM  8:00 PM

7 YRRICA 5 . WY L]

; ~=y
Terrain ®
= View topography and elevation



Nearest Neighbour heuristic for the TSP:

e always choose at the current city the closest unvisited city
— choose an arbitrary initial city 7 (1)

— at the ¢th step choose city (7 + 1) to be the city j that
minimises {d(7(¢),7)}; 7 # m(k),1 <k <1

Iterative Improvement for the TSP

e 1nitial solution 1s a complete tour

e k-opt neighbourhood: solutions which differ by at most £

edges
® 2-opt .
/ .\‘/ \\\ / .\./
K \\\//O\‘ K .\.
AV /
\ 0//// \\\. \ o - ®
c/ 0/ N

e neighbourhood size O(n*) :



Nearest Neighbour heuristic for the TSP:

e always choose at the current city the closest unvisited city
— choose an arbitrary initial city 7 (1)

— at the ¢th step choose city (7 + 1) to be the city j that
minimises {d(7(¢),7)}; 7 # m(k),1 <k <1

Iterative Improvement for the TSP

e 1nitial solution 1s a complete tour

e k-opt neighbourhood: solutions which differ by at most £

edges
® 2-opt .
/ .\‘/ \\\ / .\./
K \\\//C\‘ K .\‘
AV /
\ O//// \\\. \ o - ®
0/ o/ N

e neighbourhood size O(n*) :

Problems with local search?



Stochastic Local Search:

e randomise 1nitialisation step
— random 1nitial solutions

— randomised construction heuristics

e randomise search steps
such that suboptimal/worsening steps are allowed

~» 1mproved performance & robustness

e typically, degree of randomisation controlled by noise

parameter

e allows to 1nvest arbitrary computation times

Hoos / Stiitzle Stochastic Search Algorithms

objective function value

local optima

7

\

global optimum

solution space

Iterative Improvement for the TSP
e 1nitial solution 1s a complete tour

e k-opt neighbourhood: solutions which differ by at most &
edges

2-opt

. i . . P

~ -
- <
-

AT 7
NS / N /

I



0-1 Knapsack Problem

There is a budget b available for investment in projects during the coming year
and n projects are under consideration, where q; is the outlay for projectjand c; is
its expected return. The goal is to choose a set of projects so that the budget is not

exceeded and the expected return is maximized.

Definition of the variables. Definition of the objective function.

x; = 1 it projectj is selected, and x; = 0 otherwise. The expected return is maximized:

Definition of the constraints.
The budget cannot be exceeded:

n
D, aX <b.
i

The variables are 0-1:

n
max Z CiX;.
J=1

X; € {0,1} forj=1,...,n.




Definition of the objective function. The budget cannot be exceeded:
Knapsack - Peinition oftheobjective functior :
The expected return is maximized:

Greedy algorithm Z ax; < b.
j=1

n
max ¥ ¢,
Jj=1 The variables are 0-1:

X; € {0,1} forj=1,...,n.

C-
. . . ]
Sort items in increasing order of —
a.

J

While budget < b and there is an item that fits:

Insert next best item from sorted list into knapsack; update budget



Knapsack
Greedy algorithm

Sort items in increasing order of —

While budget < b and there is an item that fits:

X; € {0,1} tforj=1,...,n.

Insert next best item from sorted list into knapsack; update budget

b =3

] C; a cila;
1 6 1 6
2 | 10 2 5
3 | 12 3 4




KnapsaCk masz1 CiX;. s.t. Zl aX; < b. Xx; € 10,1} forj=1,...,n.
- =
Greedy algorithm
C-
Sort items in increasing order of -
a

While budget < b and there is an item that fits:

Insert next best item from sorted list into knapsack; update budget

' : : la. c.]a’>
b — 5 ] ¢ a; cla ¢jla;
1 6 ] 6 6

2 10 2 5 7.07




Branch & Bound for Integer Optimization
- LP—baSGd minc’x s.t. Ax < b,x € {0,1}" -and & Doig, 1960

X

Repeat:
Select Node
Solve LP Relaxation

Add Cuts
Run Heuristics
Branch

12



Branch & Bound for Integer Optimization
- LP—baSGd minc’x s.t. Ax < b,x € {0,1}" -and & Doig, 1960

X

Repeat:

1 Select Node

Solve LP Relaxation

Add Cuts
Run Heuristics
Branch
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Branch & Bound for Integer Optimization
~- LP— based minc’x s.t. Ax < b, x € Land & Doig, 1960

Repeat: 0,117

Solve LP Relaxation
Select Node — |_ower Bound on OPT

?” Solve LP Relaxation

Add Cuts
Run Heuristics
Branch

12



Branch & Bound for Integer Optimization

Land & Doig, 1960

|
- P-based minclx st Ax < b,x € (p)"
Repeat: [0,1]
Solve LP Relaxation
Select Node — | ower Bound on OPT
Solve LP Relaxation /

worse than best solution?

3

Add Cuts
Run Heuristics
Branch

12



Branch & Bound for Integer Optimization
- LP—baSGd minc’x s.t. Ax < b,x € {0,1}" -and & Doig, 1960

X

Repeat:

Add Cuts:
Select Node Tightening Constraints

Solve LP Relaxation

4 Add Cuts
Run Heuristics
Branch

12



Branch & Bound for Integer Optimization
- LP—based minc’x s.t. Ax < b,x € {0,1}" -and & Doig, 1960

X

Repeat:

Heuristic A
Select Node Heuristic B
Heuristic C \

Solve LP Relaxation

Feasible solution?

Update Best Solution
Add Cuts

5 Run Heuristics
Branch

12



Branch & Bound for Integer Optimization
- LP—baSGd minc’x s.t. Ax < b,x € {0,1}" -and & Doig, 1960

X

Repeat:

Select Node X17?
?
Solve LP Relaxation *x =0, \ X2
»
l, A | Xp?
Add Cuts \ /’ \

Run Heuristics
O Branch

12



Branch & Bound for Integer Optimization
- LP—based minc’x s.t. Ax < b,x € {0,1}" -and & Doig, 1960

X

Repeat:
Select Node
Solve LP Relaxation

Add Cuts
Run Heuristics
O Branch

12



Branch & Bound for Integer Optimization
- LP—baSGd minc’x s.t. Ax < b,x € {0,1}" -and & Doig, 1960

X

Repeat:

1 Select Node
Solve LP Relaxation *2=0 x; =1

Add Cuts
Run Heuristics
Branch

12



Branch & Bound for Integer Optimization
~<| P-based minc’xs.t Ax < b.x € (0.1} -and & Doig, 1960

X

Repeat:
Select Node
Solve LP Relaxation

x, =0 x, =1

O &

X4=1

Add Cuts
Run Heuristics

X4=O

Branch ‘ ‘

12




Towards Tailored Algorithms

IBM Knowledge Center

Managing sets of parameters Here are links to parameters controlling MIP strategies.

Parameter names
algorithm for initial MIP relaxation

Correspondence of parameters
between APIs
Benders strategy

Saving parameter settings to a file

in the C API _
MIP subproblem algorithm

- Topical list of parameters

Barrier MIP variable selection strategy

Benders algorithm

Distributed MIP

MIP strategy best bound interval

~ MIP MIP branching direction
_rgenena backtracking tolerance
........... MIP strategies
MIP cuts MIP dive strategy _
CPLEX Documentation
MIP tolerances MIP heuristic effort

MTE limitc



Towards Tailored Algorithms

_...MIP variable selection strategy Value Symbol Meanlng
-1 CPX VARSEL MININFEAS Branch on variable with minimum infeasibility
0 CPX VARSEL DEFAULT Automatic: let CPLEX choose variable to branch on;
default
1 CPX VARSEL MAXINFEAS Branch on variable with maximum infeasibility
2 CPX VARSEL PSEUDO Branch based on pseudo costs
3 CPX_VARSEL_STRONG Strong branching
4 CPX VARSEL PSEUDOREDUCED Branch based on pseudo reduced costs
MIP heuristic frequency Value Meaning

-1 None

0 Automatic: let CPLEX choose; default

Any positive integer Apply the periodic heuristic at this frequency

CPLEX Documentation

14



Hoos, Holger H. "Automated algorithm configuration and parameter
tuning." Autonomous search. Springer, Berlin, Heidelberg, 2011. 37-71.

an algorithm A with parameters p, ..., p, that affect its behaviour,

a space C of parameter settings (configurations), where ¢ € C specifies
values for py, ..., P,

a set of problem instances /,

a performance metric m that measures the performance of A on instance
set [ for a given configuration c,

find a configuration ¢* € C such that running
algorithm A on instance set / maximizes metric m

15



Hoos, Holger H. "Automated algorithm configuration and parameter
tuning." Autonomous search. Springer, Berlin, Heidelberg, 2011. 37-71.

Greedy 0-1 knapsack Exponent p; such that items are sorted w.r.t. cj/ aj’ :
an algorithm A with parameters p,, ..., p, that affect its behaviour,
pl = (Oal]

a space C of parameter settings (configurations), where ¢ € C specifies
values for py, ..., P,

n
a set of problem instances /, 2 Z CiX.

icl j=1
a performance metric m that measures the performance of A on instance
set [ for a given configuration c,

find a configuration ¢* € C such that running
algorithm A on instance set I maximizes metric m

16



Issues to consider

e (Generalization
e Time-outs!

e Optimization!
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Racing Procedures

5
» Assumptions: small, finite configuration space C /i iidiii III\\\\

123rf.com

» Basic idea:
 sample instance,
* test remaining configs.,
* eliminate really bad ones relative to current best config.,

* repeat.

18



procedure F-Race 5ﬂ
input rarget algorithm A, set of configurations C, set of problem instances I, |

/)) 333323>>>>) ))))))))))))))))) 33333333))}

///II S IIIIIIIIIIIIIIIII/ l\} L} EEEELRELRRRLRLNRLRNNNNNN

performance metric m;
parameters integer ni,;,;
output set of configurations C*;

C*:=C; ni.=0;
repeat

SIS TS .lll’unﬂlllllgh’l"‘”llllllIHIIIIII|HI‘\\\JUI\\\\NHUN\\

- | U
II;I'!a = ot

~*4
s o)
‘\1 3

5_
y
randomly choose instance i from set /; III y A I Ve | ’ TR l RREN

run all configurations of A in C* on i;
ni:=ni—+1;
if ni > ni,,;, then
perform rank-based Friedman test on results for configurations in C* on all instances
in [ evaluated so far;
if test indicates significant performance differences then
* := best configuration in C* (according to m over instances evaluated so far);
for all c € C*\ {c*} do
perform pairwise Friedman post hoc test on ¢ and ¢*;
if test indicates significant performance differences then
eliminate ¢ from C*;
end if;
end for;
end if;
end if;
until termination condition met; Birattari, Mauro, et al. "A Racing Algorithm
return C*; for Configuring Metaheuristics." GECCO.
end F-Race 19 Vol. 2. No. 2002.

123rf.com




procedure F-Race 5ﬂ
input rarget algorithm A, set of configurations C, set of problem instances I, |

/)) 333323>>>>) ))))))))))))))))) 33333333))}

////I S IIIIIIIIIIIIIIIII’ } L} FTELRLRERRRRRRRRRRRRNRNNN

performance metric m;
parameters integer ni,;,;
output set of configurations C*;

C*:=C; ni.=0;
repeat

SIS TS IIIIIIIIIIQIII"" (FERERERERREERRARNGRNR0NNNLNNNNAN

20 N
II;I' o\

— ¢ X o~
1\ K

5
randomly choose instance i from set /; IIII I Ve | ’ TR l RREN

run all configurations of A in C* on i;
ni:=ni+ 1;
if ni > ni,,;, then
perform rank-based Friedman test on results for configurations in C* on all instances
in [ evaluated so far;
if test indicates significant performance differences then
* := best configuration in C* (according to m over instances evaluated so far);
for all c € C*\ {c*} do
perform pairwise Friedman post hoc test on ¢ and ¢*;
if test indicates significant performance differences then
eliminate ¢ from C*;
end if;
end for;
end if;
end if;
until termination condition met; Birattari, Mauro, et al. "A Racing Algorithm
return C*; for Configuring Metaheuristics." GECCO.
end F-Race 20 Vol. 2. No. 2002.

123rf.com




procedure F-Race

input rarget algorithm A, set of configurations C, set of problem instances I, Config | Config | Config
performance metric m;
parameters integer ni,; Inst$nce
output set of configurations C*;
e Are these results Instance
:=C; ni:=0; PE I
repeat statistically “similar”? ‘

) . Instance
randomly choose 1nstance i from set /; :
run all configurations of A in C* on i;

. . Instance
ni:=ni+1; 4

if ni > ni,,;, then

perform rank-based Friedman test on results for configurations in C* on all instances Sum of
1n I evaluated so far; ranks 4

if test indicates significant performance differences then
¢ := best configuration in C* (according to m over instances evaluated so far);

for all c € C*\ {c*} do n k(n+1)\>
perform pairwise Friedman post hoc test on ¢ and ¢*; (n —1) Z (Rg 5 )
if test indicates significant performance differences then g j=1
eliminate ¢ from C*; AL 2
end if; L L Rlzj kn(n4+ d
end for; =1 j3=1
end if;
end if;
until termination condition met; Birattari, Mauro, et al. "A Racing Algorithm
return C*; for Configuring Metaheuristics." GECCO.

end F-Race 01 Vol. 2. No. 2002.
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procedure I/I-Race
input rarget algorithm A, set of configurations C, set of problem instances I,
performance metric m;
output set of configurations C*;
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initialise probabilistic model M;
C':=0; //later, C' is the set of survivors from the previous F-Race
repeat

based on model M, sample set of configurations CCC ;

perform F-Race on configurations in CUC' to obtain set of configurations C*;
update probabilistic model M based on configurations in C*;
C/ . — C* .

until termination condition met;

return ¢ € C* with best performance (according to m) over all instances evaluated;

end I/F-Race

Balaprakash, Prasanna, Mauro Birattari, and Thomas
Stutzle. "Improvement strategies for the F-Race
algorithm: Sampling design and iterative
refinement.” International workshop on hybrid

22 metaheuristics. Springer, Berlin, Heidelberg, 2007.



ParamiLS ILS: Iterated Local Search =~

procedure ParamlILS

input target algorithm A, set of configurations C, set of problem instances I,
performance metric m;

parameters configuration co € C, integer r, integer s, probability pr;

objective function

global optimum

output configuration c*; -

solution space
ES

Cc .= (o,
fori:=1tordo
draw ¢ from C uniformly at random;

assess ¢ against ¢* based on performance of A on instances from I according to metric m; I N |'|:|a| Saml pl | ng phase

if ¢ found to perform better than ¢* then
c*=c;
end if;

end for;

c:=c";

perform subsidiary local search on c;
while termination condition not met do

¢ =c;
perform s random perturbation steps on ¢’ :
e form subsidia lacal seate on o Random perturbation + local search
assess ¢’ against ¢ based on performance of A on instances from I according to metric m; EV al U at|0n
if ¢’ found to perform better than ¢ then // acceptance criterion
update overall incumbent c¢*; ' '
update Update incumbent config.
end if;
with probability pr do
draw ¢ from C uniformly at random; Ran d Oom reStart'
end with probability;
end while; Hutter, Frank, et al. "ParamILS: an automatic
return c; ” algorithm configuration framework." Journal of
end ParamlILS

Artificial Intelligence Research 36 (2009): 267-306.



ParamiLS ILS: Iterated Local Search =~

procedure ParamlILS

input target algorithm A, set of configurations C, set of problem instances I,
performance metric m;

parameters configuration co € C, integer r, integer s, probability pr;

objective function

global optimum

output configuration c*; -

solution space
ES

Cc .= (o,
fori:=1tordo
draw ¢ from C uniformly at random;

assess ¢ against ¢* based on performance of A on instances from I according to metric m; I N |'|:|a| Saml pl | ng phase

if ¢ found to perform better than ¢* then
c*=c;
end if;

end for;

c:=c";

perform subsidiary local search on c;
while termination condition not met do

¢ =c;
perform s random perturbation steps on ¢’ '
e rform subsidiary local search on ¢’ Random perturbation + local search
assess ¢’ against ¢ based on performance of A on instances from I according to metric m; EV al U at|0n
if ¢’ found to perform better than ¢ then // acceptance criterion
update overall incumbent c¢*; I '
update Update incumbent config.
end if;
with probability pr do
draw ¢ from C uniformly at random; Ran d Oom reStart'
end with probability;
end while; Hutter, Frank, et al. "ParamILS: an automatic
return c”; o4 algorithm configuration framework." Journal of
end ParamILS

Artificial Intelligence Research 36 (2009): 267-306.



Sequential Model-Based Optimization

procedure SMBO
input rarget algorithm A, set of configurations C, set of problem instances I,
performance metric m;
output configuration c*;

determine 1nitial set of configurations Cy C C;
for all ¢ € Cy, measure pertormance of A on I according to metric m;
build 1nitial model M based on performance measurements for Cp;
determine incumbent ¢* € Cy for which best performance was observed or predicted;
repeat
based on model M, determine set of configurations C' C C;
for all ¢ € C’, measure performance of A on I according to metric m;
update model M based on performance measurements for C’;
update incumbent c*;
until termination condition met;
return c*;

end SMBO

25



Hutter, Frank, Holger H. Hoos, and Kevin
Leyton-Brown. "Sequential model-based
optimization for general algorithm
configuration."” International conference
on learning and intelligent optimization.
Springer, Berlin, Heidelberg, 2011.

Sequential Model-Based Optimization
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Fig. 1. Two steps of SMBO for the optimization of a 1D function. The true function is shown as a
solid line, and the circles denote our observations. The dotted line denotes the mean prediction
of a noise-free Gaussian process model (the “DACE” model), with the grey area denoting its
uncertainty. Expected improvement (scaled for visualization) 1s shown as a dashed line.
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Sequential Model-Based Optimization

procedure SMBO
input rarget algorithm A, set of configurations C, set of problem instances I,
performance metric m;
output configuration c*;

determine 1nitial set of configurations Cy C C;

for all ¢ € Cy, measure pertormance of A on I according to metric m;

build 1initial model M based on performance measurements for Cp;

determine incumbent ¢* € Cy for which best performance was observed or predicted;
repeat

based on model M, determine set of configurations C' C C; El(x) := E[max{ fiin — F (x),0}]

for all ¢ € C’, measure performance of A on I according to metric m;
update model M based on performance measurements for C’;
update incumbent c*;

until termination condition met;

return c*;

end SMBO
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Hoos, Holger H. "Automated algorithm configuration and parameter
tuning." Autonomous search. Springer, Berlin, Heidelberg, 2011. 37-71.

Other flavours of algo. config.

* per-instance algorithm selection methods choose one of several target
algorithms to be applied to a given problem instance based on properties
of that instance determined just before attempting to solve it

 Reactive search procedures, on-line algorithm control methods and
adaptive operator selection techniques switch between different
algorithms, heuristic mechanisms and parameter configurations while
running on a given problem instance

 dynamic algorithm portfolio approaches repeatedly adjust the allocation
of CPU shares between algorithms that are running concurrently on a
given problem instance yy
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