METHOD AND APPARATUS FOR AUTOMATIC CONFIGURATION OF
META-HEURISTIC ALGORITHMS IN A PROBLEM SOLVING
VEDIRONMENT RELATED APPLICATIONS The present applscaiiofoim403
related to another international patent application entitled "Method and
Apparatus for an algorithm development environment for solving a class of
real-life combinatorial optimization problems”, PCT/SG2006/000382.
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optimization wit of an application domain. More specifically,
the invention relates to a prdBIBARSBIMEY Environment that incorporates
an evolutionary learning methodology for optimizing the design and

coafigvEsiapfimetapgsristics for solving various complex
combinatorialoptimization problems. BACKGROUND OF THE

INVENTION Many real-life scenarios of problem-solving involve searching
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computational cost. refore, a class of stochastic aigortthms, in
‘particular, meta-heuristics, is useful for such combinatorial optimization
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application domain. More specifically, the iﬁ.vention relates to a problem
solving environment that incorporates an evolutionary learning methodoldgy
- for optimizing the de'sign and configuration of meta-heuristics for sotving
various complex combinatorial optimization problems.

BACKGROUND OF THE INVENTION

Many real-life scenarios of problem-solving involve searching for an optimum
combination.or permutation of entities. The number of combinations although
fini‘ge is usually very large to the exient that trying out all possibie
combinations is not an option. in the field of computer science,- such
problems are said to be computationally intractable and the process of
searching is generally referred to as combinatorial optimization. Exact
enumerative approaqhes tend to yield solutions of poor quality not
withstanding the fact that the search process may incur high computational
cost. Therefore, a class of stochastic algorithms, in particular, meta-
heuristics, is useful for such combinatorial optimization problems. These are

approximate methods with capacity to guarantee good quality solutions in
reasonable time.
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2 However, in order to fully capitalize on the potential capacity of
meta-heuristics to solve real-life problems, one is required to have
profound knowledge of algorithm design and coding, as well as

domappespeeific knowledge of the problems being addressededMmennernoo4os3
users may have different requirements and expectations on the

performance of the algorithm accordir?g to different real-life ..scenarios.
These may lead to significant differences in algorithm design and
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Though various algorithms can be configured and executed efficiently in these
environments, the execution depends on the entire system.” For many
applications which require an embedded real-time solver, this class of
environments does not offer the flexibility to configure an efficient stand-alone

~ program, albeit a turnkey problém-sqlving algorithm.

In U.S. Pat. No. 6,286,017, a graphical environment is presented which
assists users in generating a stand-alone application rapidly. It contains a
modular library, which is managed by spreadsheet, and adopts other software -
re-use technology. Users are able to,!retrieve procedures from the library with
the friendly GUI it provides. Based on the procedures selected, a stand-alone
application is generated ,automatidally. " However, this -invention only

- addresses the programming issue. It does not involve any algorithm design |



TOMLAB (available at http://tomlab blz/) is a general optimization
environment in MATLAB. It is essentially a MATLAB toolbox, which
encapsulates various optimization procedures, including complex
melh2\4p8TRe8ike genetic algorithms. It supposedly makes iPeasier0fero00403
users to retrieve the integrated procedu:‘res and routines to build up an
application In the form of source codes: However, it cannot generate

source codes automatically and the user has to deal with a functional
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Furthermore, it requires the support of an expensive third party software
environment, i.e. MATLAB. Easy Specification of Evolutionary Algorithm
(EA@M&HW@@G&:MQ /Homlab.biz/) is a general optimization environment
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solutlon method or system (codes of a computer program) into a tree
based artificial chromosome and then adopts the operations In genetic
algorithm to evolve the chromosomes (i.e. the solution methods program).
Genetic programming not only optimizes the parameter settings, but also
the structures of the solution method for a given problem. Genetic

programming has successfully produced many human-competitive results
iNn 2 varyv wide ranne of real.life annlicatinne Howoevar en



far, it has only proven applicable to relatively simple systems, like
curve-function approximation, RLC circuits design or even a programming
problem as issued in U.S, Pat. No. 6,327,582. It-does not address the
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optimization purposes in real-life applications. SUMMARY OF THE
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configurations of complex algorithms for solving various classes of real-life
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structure representing options for configuring the procedural component.
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represented as permutation string structures. The present invention
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leading to a respective candidate search algorithm. An evaluation criterion

is used to produce, for each of the resultant candidate search algorithms,

a respective numerical quality index representing the quality of the
reste0#aRAtdate search algorithm. Preferably, the quality irRf&xSig2006/000403
obtained using a training data set congisting of instances of the target
optimization problem. During the configuration process, a candidate
algorithm is evaluated based on its simulated performance level on the
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solution(s) the candidate algorithm produces is evaluated. The evaluated

quality of the solution(s) may optionally take into account other desiderata,
suSYVARY SietiiBdYRENSIGdr. 7 Preferably, each probabilistic
selection function is defined by a set of one or more numerical trace

values. Typically, at least one set of trace values defines a,pr. listic_.
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opdmij’almamigtgiigma@wa@@aﬂgitm@_ dominant role in designing meta-
heuristics within a certain level of optimality in performance.

With these considerations in mind, there is a need to develop an artificial
intelligence driven methodology to automatically optimize the configurations of
complex algorithms for solving various classes of real-life brobie_ms.

In our corresponding application PCT/SG2006/000382 (which is unpublished

at the presenf priority date) we propose an environment for configuring one or
more procedural components of a search algorithm for solving at least one
combinatorial-optimization problem. For each procedural component, the
environment employs a corresponding data structure representing options for
configuring the procedural component. The data structure is a tree structure of ’
nddés representing respective choices which are to be made to configure the




Thus, the invention in one aspect makes possible a novel evolutionary
learning methodology for automatically optimizing the configurations of the
meta-heuristics for the class of combinatorial optimization problems being
aderesEsd740sers or system integrators with no profound backgrosezbos/000403
knowledge and experience on meta-heuristic algorithms design may use
preferred embodiments of the presenginvention to automatically search

for the optimal configuration of a meta-heuristic algorithm (including in
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byespertive dimesricH theajinebelexinpetenting the quality of the-resultant
candidate search algorithm.

Preferably, the quality index is obtained using a training data set consisting of
instances of the target optimization problem. During the configuration process,
a candidate algorithm is evaluated based on its simulated performance level
on the training set. The evaluated quality of the solution(s) may optionally
take into account other desired performance considerations. Such ”
considerations may include parameters that dictate the efﬁciéncy,
effectiveness, robustness or stability of the desired search algorithm. The
search algorithm including the corresponding configuration is used in a search -
algorithm for solving the set of test pr'oblems, and the quality of the solution(s)
the candidate algorithm proddces is evaluated. The evaluated quality of the
solution(s) may optionally take into account other desiderata, such as ones
specified by the user.




FIG. 3 shows the tree structure for the component .Individual Operation,

as used by an embodiment of the present invention. FIG. 4 shows the tree
structure for the component Population Initializationias used by an
emBEiPAEAPBYthe present invention. FIG, 5 shows the tree sBGEH§IEH000403
the component Population Update, as used by an embodiment of the

present invention. FIG. 6 shows the treg structure of the component
Population Evaluation, as used by an embodiment of the present
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of trace values defines a probabilistic function for selecting a numerical
parameter, e.g. from one of a set of pre-defined options (as described below,
this too may be considered as a routing option, if each of the possible

numerical parameter values is considered as a node).

The steps des.cribed above are preferably performed multiple times, trying out
different respective choices for the set of trace valuss. For each set of trace
values, the respective quality indices of one or more of the candidate search
algorithms it produces are evaluated to produce a trace value quality index,
representing the quality of the set of trace values.

The trace value quality index may be used as the quality function of an
optimization algorithm. Successive sets of trace values are selected by this
optimization algorithm, based on previously generated sets of trace-values
and their corresponding trace value quality indices. The optimization algorithm
may, for example, be a genetic algorithm, but other well-known optimization
algorithms may also be suitable.

Thus, the invention in one aspect makes possible a novel evolutionary
learning methodology for éutomaﬁcaliy optimizing the cdnﬁguraﬁons of the
meta-heuristics for the class of combinatorial optimization problems being
addressed. '

Users or system integrators with no profound background knowledge and
experience on meta-heuristic algorithms design may use preferred
embodiments of the present invention to automatically search for the optimal
configuration of a meta-heuristic algorithm (including in certain embodiments
optimized program structure, parameter tuning, procedure selection and so
on), for solving a class of combinatorial optimization problems.



FIG. 10 shows an initialization of the traces in the Offspring Producer,
employed by the embodiment of FIG. 9. FIG. 11 shows the update of the
traces in the Offspring Producer, produced by the embodiment of FIG. 9.
FIGO 22080 fR3wchart of the embodiment of FIG. 9. DETAILEBCT/SG2006/000403
DESCRIPTION OF PREFERRED EMBODIMENTS The following
description is in terms of the class of meta-heuristic algorithms which are
applied tg solve combinatorial pptimization problems with permutation
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BRIEF DESCRIPTION OF THE DRAWINGS

Embodiments of the invention will iow be described for the sake of example
only with reference to the following-drawings, ir which:

FIG. 1, which is composed of Figs. 1A to 1E, shows the respective flowcharts
of various . forms of genetic optimiiation algorithms (or hybrid genetic
algorithms) including procedural components which may :be configured by
embodiments of the present invention. |

FIG. 2 shows the hierarchical tree structure for the component Offspring
Producer, as used by-an embodiment qf the present iﬁvention.

FIG. 3 shows the tree structure for the component ‘Individual Operation, as
used by an embodiment of the pre.se_nt invention. ,

FIG. 4 shows the tree structure for the component Population Initialization, as
used by an embodiment of the present invention.

FIG. 5 shows the tree structure of the component Population Update, as used
by an embodiment of the present invention.

FIG. 6 shows the tree structure of the component Population Evaluation, as
used by an embodiment of the present invention.

FIG. 7 shows the tree structure of the component Termination Condition, as
used by an embodiment of the present invention.




10 are usually problem-independent, though different operations may lead

to performance that varies with problems. All of the flowcharts of Figs. IA

to 1 E employ procedural components selected from among six basic
proted e ponents. Referring firstly to Fig. 1A, the first SRETGTGPECIN403
algorithm illustrated is a Population Initialization procedural component,
which produces an initial population of chromosomes. They follow a
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as the parent generation. USing the sprﬂ‘\g Producer procedural
;ﬁem (@%Wérc?ékd%ﬁm @ity irewepanertite repifduicg tBroducer,

cre@mplmﬂ)mm‘ éhﬁ,@aiﬁmm@m@rgtlon Finally, following the

Po ti femec a the resulting offspring generation together
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par Httbéﬁ&ﬁ@i@imwtmﬁ%ﬂeproductlon This process is. repeated until

the FeaminEaIEARALIOD ihaShHIamIdh S ysimilar GA, except that i

includes an additional procedural component: Individual Operations (e.g.
mutation and/or local search) which are applied to alter or improve the
gerfetid ARPIARGRIPTHON OFtIRREREMRED CVIBOOHEITggeneration.

Flg 1C shows a variation in which the Individual Operations procedural

componge t is performed- N times. Fig. 1D shows a variation in which
there are ﬂ%’l g1d5564RtinR & inveins obbralass pfotetarhewistipefamtiims

andWwsteh desperpofiendtdepeivds upaibinkishad! ByarAUBHY BXSHISING with

consdHAnRa AW IRih Bflici e, This refers to domain problems whereby the
possible solution can be coded as a permutatton string. It is worth noting that,
though . we focus on the permutation . representation * problems, the
methodology in the present invention is representation-independent and-thus
can be extended and applied to other solution representations, such as a
binary string or real numbers etc.

(i) Meta-heuristic algorithrms

The meta-heuristic algorithms presently described may be represented by
flowcharts, which consist of various procedure modules. FIG. 1, which is
composed of th 1A to 1E, shows flowcharts for some five genetic algorithms
(GA) or hybrid- GA to which the invention can be applied. Any genetic
algorithm can be divided into three components from a structural viewpoint:
genetic representatnon genetic operations and fitness function. The present
invention focuses on the permutation-based optimization problems. The
artificial chromosomes coded as permutation strings are generated
automatically. All the genetic operations, like crossover and mutation, are
speclﬁca!ly designed for handling permutation strings. These operations tend
to be standard features common to most GA-based problem-solving. They .




Fig. 1E shows a variation of the procedure of Fig. 1D in which there are

also two options for the Offspring Producer procedural component, and
which is performed depends upon which of two mutually exclusive
con@itendBoehd D is met. (ii) Data structure for configuring tRET/SG2006/000403
procedural components. In the flowcharts of FIG. 1, each procedural
component is defined by a set of prop@rties and attributes, such that

tuning and testing the properties and attributes corresponds to configuring
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The methodology employs a tree structure arranged according to the left
vafiatiop-right prop. erty.principle cribed as follows, For example, FIG.
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subsequent reproduction operations. The left childNariations of the
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procedures or ideas for embellishment. The new procedures can be
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FIG. 4 shows the tree structure for the Population Initialization component

of GA module. A genetic algorithm starts with an initial population to be
designated as the parents. The Population Initialization procedure is
resPpohEHE%Generate such initial population. In this comporREHS62006/000403
population size, an important GA parameter, is specified. There are three
initialization mechanisms available: Random Initialization, Greedy

[ daptive, d
OptiAreR HC0 R BRI AL R AN o aleo

welldRHaRaderotheoRfindte BIaseei RIpsAdHab e M@elignd which is

QuadiadiendasdapairRl BEPIgRh(GARD hoeisligrexdhsiRABRtBICENAE D
(item 300) implemented is the one 13 described In Li et. at, 1994 for ‘

solving OAP, while item 200 represents an independent instance of ACO
procedure. This way, the tree structure provides users the option to

_hyb(i'@l E&t@@tﬁﬂ&ﬁr@@@d&wﬁ@dﬁ%@{@ Wv@ﬁ&ﬁp@%ﬁ&@“ty of the
initial samples of individuals can have significant impact on the
performance of the entire genetic algorithm (or hybrid-GA), it is common

to dpp#yg;ﬂm&lwﬁscﬁftfé@r.iﬁ;tieadtasmtmﬁaiseanummrrhisrdam bpaliggt of
of thepiiabgranp afindiddualinTheeavingment @é%%%@ssr ies and

option to apply Individual Operation on the initial population of individuals.
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into the selection pool for further reproduction of the next generation. The

three schemes are shown as subtrees and a brief explanation of each-
- schERieSBRIe, FIG. 2 denotes the tree structure for the Offspring Producer

component. It is used to generate the offspring individuals from the parent
population for subsequent reproduction operations. The-left child-variations of
the Offspring Producer in the form of a dashed line elliptical node serves as
the root of the left subtree to denote the variations of its parent, i.e. Offspring
Producer, (e.g. Crossovgr and Cloning etc.) while the dashed line rectangular
block “properties” serves as the right child is the root of the right subtrée to
indicate the common properties of all the variations of Offspring Producer,
“such as Parent(s) Selection. Similarly, the subsequent subtrees are
ménaged and organized by the same structure. For example, as one of the
variation of Offspring Producer, Crossover contains variations like Uniform
Crossover, Order-1 Crossover, One:Point Crossover and so on, which are
organized in its left subtree. Meanwhile, all these variations have one
common featﬁlre, i.e., Crossover Rate, a real number parameter represented
as a hexagonal block. Therefore, it is denoted as a node in the right subtree of
Crossover. It is worth to note that the dashed line blocks “variation” and
“property”, also define the rule for configuring left and right subtrees in
different ways. For “variation” subtree, user only needs to select one child
node (i.e. one variation) and traverse the corresbonding subtree of the child.



PU 1: Overlapping population replacement with a certain number of elites
(# of elites). PU 2: Once a certain number (update interval) of offspring

are produced, only the best chromosomes from both parents and offspring
arevacoepiedand added into the selection pool. It is also oftercaliechos/000403
truncation selection. PU 3: Only the child that is better than the worst
existing parent and different from merhbers in the existing population is
accepted. 14 FIG. 6 shows the tree structure of the block Population
EvaduiatiofoofiBdpentyd sidttees: a&mtdﬁda&nmeaﬂémbﬁenﬂfﬁwm This tule
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fitness of an individual, is encapsulate in this component as Its property.
Be%’%‘éfg 8bme preprocessing, like Fitness Scaling and Sorting, are often
applied to the population of parent before reproduction starts. We
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NUENRAISIbPHGERSSMEHISIaERBA UAtheHbBNyciYRvement in solution
quality. Once the number exceeds a user-defined value, the evolution

process is deemed to have converged and thus, is terminated. With the
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app ying t at| n-right property rule described above. In this

environment, the depth-first mode of traversing is applied,

FIG. 4 shows the tree structure for the Population Initialization component of
GA module. A genetic algorithm starts with an initial population to be
designated as the parents. ' The Popqlation Initializdtion procedure is
responsible to generate such initial populatibn. In this component, population

- size, an important GA parameter, is specified. There are three initialization
mechanisms available: Random Initialization, Greedy Randomized Adaptive
Search Procedure (GRASP) and Ant Colony Optimization (ACO).

We have tested the tree-structure environment on a well-known class of
combinatorial optimization problems, namely Quadratic Assignment Problem
- (QAP). Therefore, the GRASP procedure (item 300) implemented is the one



15 FIG. 8 lllustrates the flow of a sample configuration of the component
Offspring Producer. Starting from the root, it first traverses the variation

(left) subtree of Offspring Producer. According to the left variation-right
propBAPHIFRYGnly one variation; for instance Crossover, Is cREIETEAGER403
continues to traverse the corresponding subtree (Crossover). Due to the
depth-first rule (inorder traversal, LVRLBhode), it traverses the variation

(left) subtree of Crossover first. Assuming that the user chooses the
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the Parent(s) Selection feature remains to be configured. To do this, we
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of the m can be similarly carried out to achieve a complete genetic
algBiRIsPHRG M RS A nbidtBaskear i@"ﬁﬁﬁ@?ﬂé‘ﬁrﬁ’@tﬁi@m}ﬁh% novel
hierarchical tree structure, system developers are involved only in high
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above. The copfiguration of each component can be carngpl I?oumt; gylth the
treé@%ﬁﬁ@“ﬂggﬁﬁfé}%ﬁ / aﬁ%ﬂ%ﬁ t}?%ﬁ’é?gg eSS users

with limited algorithm design expertise are able to configure and 16

design v&rjous i ri i g
aranc B e oo o
enhancéliteaf cE6HIRRing the desired genetic algorithm, a user is able

to use the codes generator of the present invention to generate the C++
source es filas based on.the configurati s ified. :
presentﬁ‘\g/e%tioannggopefs %%ﬂgg}e&%ﬁé%te@ﬁﬁ%v?@i&%ﬁagﬁta;{ﬁggg' sére
generationdugrdiopalitthe fssheremoaaspesHeordrifiopataids pepsftypring
nodes, which-captbe 868 HeGASIRECARSQERIIBAGSIAN theidrefsstisidHredied
regarded as an obje%even for the real number parameter since it may :
have pr(%@ﬁ?é‘é’rﬁﬁ(?l '88; precision, etc.) and is implemented as a .class.
For any object in the trees, its properties subtree members can be

represensed 2s B memRenyafables,aliiatlAsHel Re RGN GHIdER and

can be realized as Yhe su%ﬁcr,as:ses of the parent (base class). The children
may furtiéerealdremmemRgenatnibe astingegRationidrprepdes,

which can be similarly set as their super classes and/or member variables.

From the descriptions @above, the user-configuration information is stared.
i 1 B LR S et O YL BSC b SRoraie o e S reel
invewtioreisprrdoiRiarse Falhd anited cerpectéadinodes, defined by
user-configuration, and then retrieve and generate the corresponding
objects/classes in terms of .17 files and .cpp files. All the generated files
constitute a stand-alone program. It can be viewed as a genetic algorithm
module for solving various real-life problems. In summary, by means of

the tree-structure methodology presented above, the generation of the
generic operations, which is usually the most time-consuming part of the
coding effort, is carried out automatically following the users' high-level

specifications. Only the fitness function involves the problem's
Aomain-cneacific informatinn and thiice ic nrohlem-denendent Eithacc




17 generated C++ object class.In principle, one only needs to manually
implement the fitness function in the generated genetic algorithm module

to customize it for solving a particular domain of problems. It is noted that,
thexlglands mrogule of the fitness function is also generated as ®&oMt806/000403
codes placeholder. The user only needs to overwrite the function body of

it to customize the algorithm for differeht problems. This way, the most
time-consuming codes generation job in algorithm development is

avdrii@éd 6T sieveffottdotram dibsichodifichtion blodiciputiatios re/alsion of GA
minimized: Togetaes Wb e Rtk vsheAntiduationRIaeess ofeggiinne

design described above, it enhances the efficiency of the algorithm | .
develgpATefitariaticaRiRD MowrsrbiandtrjtaiRettefitarriont drdudiidyal, is
abarecipsilittes thethiznfiguipbasranadgdterptupeyoceBuoititns adgoréhpre-
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welPpEfsieing Wiy iim . (@) Autbrapsities rrpaciatad obtHbscaersponding
algeisHBdayesealpygng the tree structure: an embodiment of the present
invention It is worth noting that in principle one way of uncovering the

optimal configuration of an algorithm is to enumerate all the possible :
confibihatisheves the restskeustp ey the gk Temenasimpiesnyitivgudhiatsed
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or close to it. 18 The embodiment makes use of the concept of a .
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Once the number exceeds a user-defined value, the evolution process is

deemed to have converged and thus, is terminated.

With the module-based procedural library, which is managed by the
hierarchical tree structures .introduc;ed above, users are free to explore
various aspects of algorithm‘design. From FIG. 2 to FIG. 7, it is shown that,
possible "featureg:” associated to an algorithm that is being configured are
located as the leaf nodes in the corresponding trees. This implies that the
task of a user in determining an appropriate “feature” of an algorithm is
essentially the process of finding a path from the root node to a particular leaf
node in the corresponding tree. Therefore, the task of configuring a complete
- algorithm becomes a process of traversing the trees 1o find a set of paths
starting from the root nodes to the leaf nodes, recursively applying the feft

variation-right property rule described above. In this environment, the depth-
first mode of traversing is applied.



Furthermore, the real number parameter nodes (such as "cross-over rate"

in FIG. 2) also belong to the "traversal split nodes", since a decision on

the specific value assigned to the parameter Is required here. This can be
ma¥® eXSIii9BY re-drawing the tree such that the various nunR€miE&l2006/000403
options for setting the real number are get as nodes (leaf nodes)

stemming from the parameter node. Thus, choosing one of the real

number values for the parameter corresponds in the re-drawn tree to a
selection of a corresponding one of the nodes stemming from the

pardfigtes nbastrafés phe aftvacet alue=prpracohigocition aottriversahg@ient

nodg5g,aHiA P:Bb‘i:ﬁ%‘%% 0% L0GILRGER SRR ?é?%l’rﬁa% ?aﬂé%on (left)

trace values of each ranch iven there are n num
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proB &K Hiavnetrah ahl'ﬁt aafiehvis #@W&ﬁ@nﬁiﬂs veriadignstaie m&bﬁee of

can D&Jhﬁﬁ@ frsisinmsurag iRV el BeleeHensedt e (Bniform crossover, it
reaches the first leaf node, and continues to travetse the property (right)
subtree of Crossover. Associated to it is a real number parameter Crossover
Rafe. Atfter specifying the real value parameter for Crossover Rate, the flow
proceeds to the second leaf node and goes on to traverse the property (right)
subtree of Offspring Producer. Hereon, only the Parent(s) Selection feature
remains to be configured. To do this, we start by traversing the variation (left)
subtree of the Parent(s) Selection. Assuming that the user chooses
Tournament out of the three variations of Parent(s) Selection available, it
reaches the third leaf node. Since the property (right) subtree of Parent(s)
Selection is empty, the traversal for this tree and-the configuration. of. this
component is accomplished. The traversal process described above covers
three paths from the root node to three leaf nodes: Uniform, Crossover Rate °
and Tournament. This way, the user configures a feasible Offspring Producer
instance, which is"a form of uniform crossover with tournament parent
selection methodology and a real number crossover rate. The configuration
of other components of the algorithm can be similarly carried out to achieve a
comple?e genetic algorithm driven search procedure.

ft is worth noting that with this novel hierarchical tree structure, system
developers are involved only in high level user-system interactions via a
graphical user interface in the process of canfiguring élgorithms to address a
specific problem area. Thga variations of any genetic algorithm can be
represented by a flowchart, which is derived based on the blocks from the six
components described above. The configuration of each component can be
carried out with the tree structure visualization. With such an approacty, even
novice users with limited algorithm design expertise are able to configure and




Ete(7) inn4 where /361) indicates the probability of j-th branch being

chosen at iteration I. 19 This way, the system is able to configure an
algorithm by traversing the tree guided by the strength of the traces laid
eawlienofsliisdshows schematic code for the training processpofithe€2006/000403
automatic configuration. The corresponding flow diagram is shown in FIG.
12. The flow starts at step 1 ("START")."In step 2 of FIG. 12, the traces in
the tree are initialized. Each branch of a "traversal split node" is assigned
witiflesigice/ernus. Depietidlyalghrithengivimatghsarery imighl thees vaihge, iMuive

initighzaddae et rieiare farsthiega o ffapsings ey, ©F RIIgGRAHHEISSIEND Hleatly
FIG. 10. Note that in FIG. 10, in contrast to FIG. 2, three pre-defined -

optl% AR5 étting the real value parameter "crossover rate" are shown as
respective leaf nodes (the options are to set the parameter as 0.4, 0,7 and

L O ARG Sne tReRRMIdALGS SUAH IR, I B8LPAIHIO 5/6edul8 codes
V|S|tp)el%§ traver%al split node In'FIG. 10. Then in the evolutionary loop

corfEd SRR GHIMRLLRAK Keprtion Wngengiienicofotin oyt srilaaréles
seabe;la@gmiﬂlmsm(jréigu@[tﬁgwnalm@;ﬁ@fdﬁdofThe presgdundention adopts an
congpReRisa XA ALSISInsHNG ?5&1&%‘18998! ?eeng?a%%r\’ L Haity, Each
described above. That is, a respective configurdtion IS produced for eac

of tHeYSBKRRRrhIN o st ererRaidtedagontreh wanchasdeemed as
evadoatadothu reiyel)iming aaastidaiesalgesiiied as an object (even for the

real numbe}j parameter since it may have properties like range, precision, etc.)
and is implemented as a class. For any object in the trees, its proped}‘es
subtree members can be represented as the member variables of the class.
The variation children can be realized as the subclasses of the parent (base
_ciass).' The children may further have their own features, i.e. variations and/or
properties, which can be similarly set as their super classes and/or member
variables. Frjom the descriptions above, the user-configuration information is
'stored. in the tree structure.- The rationale -of the codes ‘generator in this
present invention is to follow the paths from the root to leaf nodes, defined by
' user-configuration, and then retrieve and generate the corresponding
objects/classes in terms of .h files and .cpp files. All the generated files
constitute a stand-alone program. It can be viewed as a genetic algoiithm
quule for solving various real-life probléms.

ln'summary, by means of the tree-structure methodology presented above,
the generation of the generic operations, which is usually the most time-
consuming part of the coding effort, is carried out automatically following the
users’ high-level specifications. Only the fitness function involves the.
problem’s démain-specific information, and thus is problem-dependent.
Fitness function is used to evaluate individuals based on the domain-specific -
knowledge of the problem being addressed. It plays a crucial role in guiding
the GA to explore the entire solution landscape. It is also crucial in guiding
the algorithm towards convergence to the optimum. The domain-specific
information of a given problem can be exciu‘sive!y stored in a special




This process is repeated until it is determined in step 8 that the number of
candidate algorithms produced is equal to #PopSize. These algorithms

are in turn evaluated in steps 9 and 10 by carrying out test runs on the
traifNe@8)®sith consists of a number of sample instances cfame Gapgee00403
class of problems being addressed. The trace values in the tree are

updated based on the best-performing few algorithms in the current

iteration (step 11). Itis then decided whether a termination condition IS

LS toth teps ( the trace initialization)
FopSeUBIE U] TRl Cond ok LR 1P28 B albertr el
terririesss(stépel tnesadunetivedwity wefRiadrseaalis @&oamm& to

the st dhe ARG R R ¢RP Rl EHmakl diusbiataadhet psaesed @hat, the
trace update Le, std%giof FIG. 12 takn% as an e% Ie the procedural

conitie HSs: EHe0s P s R preVib S HEralsn
i th@ilaeehpldéormTrh@ algarithly cursding dvervaitéigthentioncteOfophingf it to

Pf%&%&ﬁ@gvmebxlgaﬁthm%P%k%?éraaa?éu@r%@ FhisNeal) RdNRHBSSEme-

the weight of the relative trace values along the paths that the

confRILFPHIIACCERERS. EhREiFBNaM I At %”FBTBt%V%HB@?%tf maYPé%%% The
tharemmmfwemnodﬁmﬁm st esustayh bretied s edsd himivigegodibgether

conf i go;;,é%aﬁ 8?%‘59?:%@&%8 Ia(aegﬁ;f?&]b@éegﬁb%{s&ﬁeéa HRve,

IOI‘I IS re rence Is accumu In a proba istic and
staﬂkﬁaaamﬁére@éfmwv&ww@m%&%/@wméyﬁiﬁaﬂﬁythe

evolutionary process converges with a few root-leaf paths dominating the

treeégl%%rge %Ig%%%eutjr%ce Val%ﬁ ?a ﬁﬁ thg rgc;@e e%%@é '% h?ates the

conn ons e a goo erlve rom tralnlng ased on

the m@m@m@rﬂ@ﬂem@b&@%s@éé@a dogeithay sevelaneepy it does
CZEHM&!%‘E{%@%&W{%QH%‘%&?E??? ﬂéh@é@ﬁtﬁ@'é@%&ﬂmﬁwmc class
aadresse IS wWorth noting tha a ave erent reguir

o (PR erlB PR St e T TSR TS Cg St st
Thesepmylsresng machnehdiféeexpedsrzaneane enﬂmttbedafrﬂ"teelway @ree without
SYs ﬂﬁé“ﬁﬁ%&%% IR 84d- hQéﬁQﬁ’cQ’Hgg e Héﬁf@%ﬂbwledge

metrics). It Is necess ry. to emphasize that the em odlmen as the
capaeﬁytt@rr@amépmﬂww ﬁﬁ@ BrafifiRdirD slapieiRemsmh trfiguring 2

addygsispdribrhlgalfeidifferent user requirements on the algorithm. The
domain-specific nature of the problem, together 'with the user

requirements, guides the search in converging toward configurations
suitable for the problem scenarios. PRACTICAL APPLICABILITY The

pres@t MBRIAR hanNdeTanainaH asdisehopelisabilits, ToRoegTREYtres

problems in real-life scenarios which can be transformed to combinatorial
optifHEHR RBRELY e a PE NG RIRS BRIV ERIIRN of the present invention

as a problem-solving environment and algorithm optimizer In an
applEglon, Wi INAHSY I\ SE1GY NGB SREOHIEY: Ol 6 WiERS the opttmal
configuration of an algorithm is o enumerate all the possible combinations of
the root-leaf paths. Howevér, time compléxity of such an approach is not
-manageable. The embodiment of the invention is based on an evolutionary
leaming methodology to address the need for automatic configuration of the
meta-heuristics for the class of problems being addressed. |t is a desirable
prereduisite that the algorithms configured through the process of evolutionary
" learning should be optimal or close to it.



WO 2003/079097PCT/5G2006/000403 21 invention was used to generate
and optimize a hybrid genetic algorithm. The algorithm was subsequently
integrated into a supply chain management workflow. The hybrid GA
sewedmsdhagplanning and scheduling engine to manage the gistidbytigmoodos
of fuels by a fleet of trucks to retail outlets (refueling stations for

motorists), Each retail outlet submits aggorder or request for the type and
quantity of fuels for replenishing. We termed the overall planner a fuel

truck dISp tch system (FTDS). Each truck has a limited capacity. It carries.
only % ab RS eRsraf dispatenantnb YaiiBHR SR gERoRGE » Which

givén aweatstantmrg drotorelesig naielﬁied&mteomjlsmmgﬂm@ gentstgdFiiem. As

maHbQ@J@%@’Qb%fvgp%E Z%Wﬁxqs[\fravel{xﬂmé%iég B%%?hkg 1%\% g%lr'ssal split

usually measured Dy the overa |stance or

hurRaresanpieh t%e@%rﬁématé épgt%fﬂameg fseﬂﬁ@er@@wwﬁseweéméstmeroot
Ilmltatﬂ@rt@’étg;@ﬁqa@xacny, there usually are more constraints, such as

time factor (delivery within a specified time window) and priority of service,
which need to be taken into account. We configured a hybrid genetic
algbHtHAraMdey dhe read dhiitebesrpespoetitn nedesciseohies Withshesysteta in

degqubes) in BEHERSAGABGPO03EIALAr BRORUBLENGIHELPORIZRRN on the

domaln §1e0|flc features, such as the truck and station information,

disR GRS toh B ParaRRLRS isoeidrechiefifier HisCaR ha SR de
in a@kuiibitshyrtaidrewivitheonmeentoch! tpprivcivaicystamrdeicelopptient for

codipg;y iR %H?enﬁfﬁ] QLT NARY Ef'ﬁ‘%@é’ge K5ORSV NBHSnd Grom the

improve on that al m, we used resent nventior to generate and

optﬂﬂfi@ﬁtﬁyﬁ?ﬂﬂj@eﬂ@ﬂé’a@ﬂ‘ﬂﬁﬁgaﬁﬂ%gfeﬁ‘ﬂ (k| é?é{"&l??feﬁémﬁﬁrlf@r the
of pavethisraved cespbiraiaritho pipizatiotdy ableneRaiel vilccanadmiinling
as%ggbrpp@‘teoﬁ%gé% emr%: gggrlm (_?rodu e%ry trg]e present invention

t

was able to ac |eve umanscomp e & and even better results compared
with most recently reported methods in literature. WO

200865808 Hh{ed Ar{rd006/08B%Adn of a “traversal split node” to guide the

. decision-making. The traces can be viewed as the trace values of each
branch. Given there are n number of branches ‘stemming -from ‘4 “traversal
split node” and 1{0 (i=1,2,...; f=1,2,...,n) indicates the trace value of the j-th
branch (choice) of the node at the iteration i The decision of choosing a
branch at iteration /s based on the trace values.

Choice(i) = Desicz'onlt/{czlcef(z'(lQ ,'L'é) roees Tity) (1)

The function DecisionMake is normally a probabilistic function and it can have

many variants. One possible form can be based on simple roulette wheel
selection:

Pté = ' (@)

where P/ indicates the probability of jth branch being chosen at iteration i.



well as instances of the optimization problem to be used in the training
process. The parameters used were: Algorithm Pool Size This refers to

the size of the population pool; each individual in the pool represents a
canaicRate/aryétithm structure. In the implementation, 10 algo@Frss0e¢800403
configured and evaluated for each jtergtjon of the learning process.
Archive Size The Archive Size value specifies the number of algorithms

to be maintained. They correspond to the best algorithms uncovered
duriﬁa'ﬁhvé%%}ﬁﬁg%%&ééé%@ AL FoAGRITATO P HGYREBaNRdree
algaritiatktiy bristrafdtheif ertorneariak lexdis., In the implementation a
value of 10 was used. Max Iteration This specifies the maximum number

of itg\lgtions to run the learning process. In the Implementation a value of

100" Was UsHPeusRErmBter 2ada-6Elin isgiurehprocess of the automatic

configuration. The corresponding flow diagram is shown in FIG. 12. The flow
starts at step 1 ("START").

In stgp 2 of FIG. 12, the traces in the tree are initialized. Each branch of a
“traversal split node” is assigned with a trace value. Typically, all are given the
same initial trace value. The initialized tree-structure for the offspting producer
procedure is shown in FIG. 10. Note that in FIG. 10; in contrast to FIG. 2,
three pre-defined options for setting the real value parameter "crossover ra;te“
are shown as respective leaf nodes (the options are to set the parameter as
0.4, 40.7 and 1.0). Thus, the node “crossover rate", which is a leaf node 'in FIG.
2, Is visibly a traversal split node in FIG. 10.

Then in‘ the evolutionary loop corresponding to the set of steps 3-7, the
algorithm produces a candidate search algorithm (i.e. canfiguration-of each.of
the procedural components) by traversihg the tree, guided by the trace values
as described above. That is, a respective configuration is produced for each
of the procedural .components of the candidate algorithm which is to be
evaluated, thereby forming a candidate algorithm. | |

This process is repeated untﬂ it is determined in step 8 that the number of
candidate algorithms produced is equal to #PopSize.

These algorithms are in turn evaluated in steps 9 and 10 by carrying out test
runs on the training set, which consists of é number of sample instances of
the target class of problems being addressed. The trace values in the tree are
updated based on the best-performing few algorithms in the current iteration
(step 11). It is then decided whether a {ermination condition is met (step 12). If
not, the above steps (except the trace initialization) are repeated until the
termination condition is met. If so, the algorithm terminates (step 13), and the
tree with modified trace values are output as the result of the training procesé.




This parameter specifies the number of trials to run each algorithm during
the evaluation process. Since the algorithms are stochastic in nature,
multiple trial runs are carried out to derive an indicative average
pevformancesevel. In the implementation a value of 10 was ugeaJdows/000403
Many Top /Algorithm To Update Trace, This specifies the number of best
performing algorithms in the archive aI?OQNed to update the trace values in
the tree. This value of this parameter shall not exceed Archive Size. In the
implementation a value of 3 was used. Each_Instance Train For How

Marrydteratinrsrfils parprossas Hheeitie s thaBUmbegl 34SEPRY S 2), taking
iter%téoglr% durin@ trt%igin‘%égr ea(fh instance of;&e train et. The

SRR TIRiRGSRHU GREBORSTAt, ¢ Egﬁgc}?é%‘?yﬁ‘?‘fhét Is assumed

instances in . o |
implBatdntiiropeevighis itfrativasivbe chdaitizd amoingt @¥iditve Thigained the

spegtiigiRaith i OMMIRLIbAREBFAINGRE BYGRS SEIE HAYSER A B,
the iq‘.p-'ﬁi‘é?ﬁé%“%'%‘a‘é%' ﬁeo\];v%%kc\)t %Vﬁ%g Srglds{tive trace values along the paths
that the configuration covers. Correépondingly, the relative values of the
traces that the configuration does not cover may be reduced. This way, good
configuration features are rewarded more chance of being selected in the next
iteration and this preference is accumulated in a probabilistic and statistical
manner as the evolutionary process progresses. Finally, the evolutionary '
process converges with a few root-leaf paths dominating the trees by large
relative trace values along them. These paths, i.e. the configurations,
constitute a good algorithm derived from training based on the target class of
problems being addressed. lts quality is verified by carrying out test runs on
instances of the optimization problem being addressed.

It is worth noting that users may .have different requirements - on -the
performance of the algorithm due to different real-life scenarios. These
requirements and differences can be embodied in the way the system
evaluates an algorithm (e.g., based on different measurement metrics).- It is
necessary to emphasize that the embodiment has the capacity fo learn not
only from the specific nature of the problem being. addressed, but also the
different user requirements on the algorithm. The domain-specific nature of -
the problem, together ‘with the user réquirements, guides the search in
converging toward configurations suitable for the problem écenarios. |

PRACTICAL APPLICABILITY

. The present invention has wide-ranging practical applicability. There are
many problems in real-life scenarios which can be transformed to
combinatorial optimization problems. As an example of the utility of the

- present invention as a problem-solving environment and algorithm optimizer
in an application with industrial relevance, an’ embodiment of the present |




23 The training set consisted of four instances (referred to as kra30b.dat,
nug3adat, tai40a.dat and chr25a.dat)of the widely known benchmark

dataset for quadratic assignment problem (QAP). Although only a single
emBoUMI@ATvP the invention has been described in detail mafg Vadz1i61060403
are possible within the scope of the inve&tion, as will be clear to a skilled
reader. MCGLLP 24 Claims

invention was used to generate and optimize a hybrid genstic algorithm. The
algorithm was subsequently integ.rated into -’ supply chain management
workflow. The hybrid GA served as the planning .and scheduling engine to
manage the distribution of fuels by a fleet of trucks to retail outlets (refueling
stations for motorists). Each retail outlet submits an order or request for the
type and quantity of fuels for replenishing.

We termed the overall planner a fuel 'truck dispatch system (FTDS). Each
truck has a limited capacity. It carfies only a limited amount of fuels for
dispatch to the varioué stations in a given zone, starting from a designated
depot or distribution centre. The main abjective of optimization is to minimize
the dispatch cost, which is usually measured by the overall traveling distance
ortime. FTDS helps a human planner to generate a set of routes for the fuel
trucks. Besides the limitation of truck capacity, there usually are more
constraints, such as time factor (delivery within a specified time window) and
priority of service, which need to be taken into account.

We configured a hybrid genetic algorithm and generated thecorresponding
source codes with the system described in PCT/SG2006/000383 After
incorporating the problem’s domain specific features, such as the truck and
station information, distance information etc., an alpha, vetsion of the
scheduler was achieved in a fairly5sh,ort time. -With conventional approach of
system development, coding cycle for the algorithm may require weeks or
" even months. '

To improve on that algorithm, we used the present invention to generate and

optimize a hybrid genetic algorithm and tested it on a set of benchmarks of a

well known combinatorial optimizétion problem, namely the quadratic
assignment problem. The algorithm produced by the present invention was

.able to achieve human competitive and even better results compared with-
most recently reported methods in fiterature.

One learning process carried out using the invention employed a _configuration
setting file which consisted of parameters to control the learning process as-



1.A method of obtaining a set of probabilistic functions for configuring a

search algorithm for solving a combinatorial-optimization problem, the

search algorithm including one or more procedural components, the
metitozb@mplying for each procedural component a correspardirsgziasa o403
structure representing options for configuringgthe procedural component,

each data structure comprising a plurality of nodes associated together in

a tree stiyfusg, ity of said ing.traversal split nodes .
represer{ﬁﬁt fgsgi%{\{/@eé%g}icﬁw ic gﬁgﬁh %}é’o%\{gg};% gﬁ]ﬁfﬁﬁ% {Rethe training
correspc%?r?ﬁsprocedural component, the traversal split nodes being
associated with respective ones of the probabilistic functions, said method
comprisittee Paramgteesiestdovenerent probabilistic functions; (b)

producing one or more candidate algorithms, each candidate algorithm

being p(g{ﬂ%w ﬁ%é@ﬁg the tree structures by performing a traversal
algorithm in whituls eefalts dlitfiebzeidMnAdeRBIRIRRERAISLSEAIANEIMAS A the pool
current node, &Rfespun theaodidaty aigdetheingractiayeralePihpPRHfentation, 10
performing the2§iestittasaueor enfigishiniistcaiuntiip fore EkRRE sHBkAe
represented bﬂﬁﬁﬁ@%ﬁ@?ﬁﬁ%de; (c) an evaluation step of evaluating

the cang‘igc%eeal Prithms; and (d) obtaining modified probabilistic

functioris and re u‘?ﬁing to step (b) until a termination criterion is met. 2.A
method accorditgyAechiaanSizinwahichspsdifst thernarabspist HRyeeaSRibe
nodes are varfBatiaisdesTaew hinhesoadsodiated srakltiss fwrelered during
selects one oft dﬁﬂﬁliw @F?@ﬁ%fg'ﬂtﬁiéh@mﬂmrﬁgngm engine sorts the

correspondin g?al 88@;??1?8%?«5‘?'6" of their performance levels. In the implementation a

ue of 10 was used.

Max_Iteration

This specifies the maximum number of iterations to ruh the learning
process. In the implementation a value of 100 was used.

Number_ Of_Trials_For_Each_Algorithm

Thig parameter specifies the number of trials to run each algorithm

during the evaluation process. Since the algorithms ate stochastic in

nature, multiple trial runs are carried out to derive an indicative average
. performance level. In the implementation a value of 10 was used., ’

How_Many_Top_Algorithm_To_Update_Trace

This specifies the number of best performing algorithms in the archive
allowed to update the trace values in the tree. This value of this
parameter shall not exceed Archive_Size, In the implementation a
value of 3 was used. |

Each_Instance_Train_For_How_Many_lterations

Th?s_parameter specifies the number of successive iterations during
training for each instance of the training set. The instances in the

training set are chosen in a random order. In the implementation a
value of 2 was used.

Initial_Amount_Of_Trace
This specifies the initial énﬁount of trace value at every “éplit traversal
node”. In the implementation a value of 20.0 was used.



3.A method according to claim 1 in which at least some of said traversal
split nodes are nodes at which the associated probabilistic function selects
one of a plurality of options for setting a numerical parameter. MC8LLP
25WA MO§HEMSA according to claim 1, claim 2 or claim 3 in whisH $1é2006/000403
probabilistic function associated with each traversal split node is defined

by a respective set of one or more nurzerical trace values. 5. A method
according to any preceding claim in which said evaluation step (c)

includes running the candidate algorithms to solve a set of one or more
teSther tralieing, sandeisalteatiradheiAsRIYCRS Pne AL MOTE SQiians the
caﬁ@ﬁlﬁl@’@lgembmﬁ!paﬁdmzﬁa&aw@ih@% SR B@IH%&% SUAELcr
théCh gamRyraticaibionmentmarssnl(Tor.is evaluated using a user-ge ined
quality function. 7. A method of configuring a search algorithm, the

medtrasLigRnoRS A G iREIEosM t rding to.any,of claims 1 to 6.
(?Qﬁriate a svset %1; ?Obgﬁ%ﬁ%ﬁc%gﬁg aqrr?(\j/gtﬂ%e%nnsg e%ﬁﬁ&%#é%@f%m

to C tlo
of the evaluatSH RARAR AR PASRIRIR R Hae raspa otk ireerdityorith wildbe
solrRaafe gcaldlledptadeation problem. :



8. A method according to claim 7 in which said evaluation step employs a
test set of problems of which the actual optimization problem is statistically

typical. 9. A method of configuring a search algorithm for solving a MCSLLP

combinatorial-optimization problem, thg search algorithm including one or
more procedural components, the method employing for each procedural
grameonent a corresponding data structure representing options for
configuring the procedural component, each data structure comprising a
plurality of nodes associated together in a tree structure, a plurality of said

1nodtesasjoai@gwtsa\t/ambf@mﬁgt)fe%empmgm|raweﬁﬁwﬁwiﬁﬁswhﬁ\ﬁring a
are 1o made contigure the correspondi rocedural co onent, the
B R4 BB G A OB U R GRIedh. the Search
alyohighiisticl fdneiore MEBIPRE6saldaiatbaponanIEsihg: meth@) employing
selecting current probabilistic functions; roducing, one or more )
1 SR e cometelloa STaserd Bl CHAle S0 B8 MebFesenting
oplt'cm_s:etb_by¢m@sm@gthﬂ_1t§eqasﬂwuralbwpmﬂmmm aetm\er_s@lta structure
cAdorinm in whicha Rluraiily of, said.nodes arc,labgled successively as & ity
U DL A M SO PR g el A GEs UM

~an pon the current no INg a
opeda motethbeisgdcaters aLs@ittpyoes béistes &mirig netepretikes thiaibeicahich
re ;[es%ntedga(/? the currefnt nodﬁ1e coﬁc eV"’"H%‘b”%FQ% ecglndl ate search

égo(r)lthr%sr,nan o “configure respon ural”componeént, the
traversal split nodes being associated with respective ones of the probabilistic
functions,

said method comprising:

(a) selecting current probabilistic functions;

(b) producing one or more candidate algorithms, each candidate
algorithm being produced by traversing the tree structures by performing a
traversal algorithm in which a plurality of said nodes are labeled successively as
a current node, and, upon the current node being a traversal split node,
performing the associated current probabilistic function to make the choice
represented by the current node;

(c) an evaluation step of evaluating the candidate algorithms; and

(d) obtaining modified probabilistic functions and returning to step (b)

until a termination criterion is met.

2. A method according to claim 1 in which at least some of said traversal
split nodes are variation nodes at which the associated probabilistic function
selects one of a plurality of routing options for traversing the corresponding tree

structure.

3. A method according to claim 1 in which at least some of said traversal
split nodes are nodes at which the associated probabilistic function selects one

of a plurality of options for setting a numerical parameter.




(d) obtaining modified probabilistic functions and returning to step (t_)) until

a termination criterion is met. 10. A method according to any of claims 7

to 9 further comprising generating source code implementing the MCSLLP
configured search algorithm. 11. A computer system arranged to perform

the method defined by any of the prece%l?ng claims. 12. A computer

program product containing computer program instructions operative,

upon being read by a computer system, to cause the computer system to

derformha methed assssenegtor@nyghelamebitd 19- or claim 3 in which the
probabilistic function associated with each traversal split node is defined by a

respective set of one or more numerical trace values.

5. A method according to any preceding claim in which said evaluation step
() includes running the candidate algorithms to solve a set of one or more test

problems, and evaluating the quality of one or more solutions the candidate
algorithms produce.

6. A method according to claim 5 in which the quality of said one or more

solutions is evaluated using a user-defined quality function.

7. A method of configuring a search algorithm, the method comprising
performing a method according to any of claims 1 to 6 to generate a set of
probabilistic functions, and then selecting at least one of the evaluated
candidate algorithms to be used as a search algorithm to solve an actual

optimization problem.

8. A method according to claim 7 in which said evaluation step employs a
test set of problems of which the actual optimization problem is statistically
typical.

9. A method of configuring a search algorithm for solving a combinatorial-
optimization problem, the search algorithm including one or more procedural
components, the method employing for each procedural component a
corresponding data structure representing options for configuring the procedural
component, each data structure comprising a plurality of nodes associated
together in a tree structure, a plurality of said nodes being traversal split nodes
representing respective choices which are to be made to configure the
corresponding procedural component, the traversal split nodes being

associated with respective ones of the probabilistic functions,



MCSLLP
26

said method comprising:

(a) selecting current probabilistic functions;

(b) producing one or more candidate search algorithms, each candidate
search algorithm being produced by traversing the tree structure by performing
a traversal algorithm in which a plurality of said nodes are labeled successively
as a current node, and, upon the current node being a traversal split node,
performing the associated current probabilistic function to make the choice
represented by the current node,

(c) evaluating the candidate search algorithms, and

(d) obtaining modified probabilistic functions and returning to step (b)

until a termination criterion is met.

10. A method according to any of claims 7 to 9 further comprising generating

source code implementing the configured search algorithm.

11. A computer system arranged to perform the method defined by any of

the preceding claims.

12. A computer program product containing computer program instructions
operative, upon being read by a computer system, to cause the computer

system to perform a method according to any of claims 1 to 10.



