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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’;e is usually very large to the extent that trying out all possible
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 yieid 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
reasonabie time.
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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. [t contains a
modular library, which is managed by spreadsheet, and adopts other software
re-use technology. Users are able to,zretrieve 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 |
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both EASEA and another similar language, Evolutionary Algorithm Modeling
Language (EAML), are still forms of text-based language, although they are
higher level than any functional programming language. These two script

languages both require a specifically designed compiler to translate the script

language to a functional programming language. Furthermore, it is necessary
for general users to be familiar with the syntax of the language.

An important point to .be made is that none the prior arts introduced above
address the issue of automatically configuring an algorithm that is optimal for
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In US. Pat No. 5,867,397, U.S. Pat No. 6,360,191 and U.S. Pat No.
6,532,453, J. Koza proposed a novel problem-solving technology, namely
genetic programming. It encodes a solution method or system (codes of a
computer proéram) 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 in a very wide range of real-life applications. However so
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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
cbmplex algorithms for solving various classes of real-life problems.

In our correspondmg application PCT/SG2006/000382 (which is unpublished

at the present 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 |
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instdriced Sthak&heh 8pliRiZEidRg b, 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 problems, and the quality of the solution(s)
the candidate algorithm produbes is evaluated. The evaluated quality of the
solution(s) may optionally take into account other desiderata, such as ones
specified by the user.
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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
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.
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embodiments of the present invention.

FIG. 2 shows the hierarchical tree structure for the component Offspring
Producer, as used by.an embodiment of the present ihvention.

FIG. 3 shows the tree structure for the component ‘Individual Operation, as
used by an embodiment of the prese_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.
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camfbesextended and applied to other solution representations, such as a
binary string or real numbers etc.

(i) Meta-heuristic algorithms

The meta-heuristic algorithms presently described may be represented by
flowcharts, which consist of various procedure modules. FIG. 1, which is
composed of Fig. 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 representation, 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
speclflcally designed for handling permutation strings. These operations tend
to be standard features common to most GA-based problem-solving. T hey
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Fig. 1B shows a similar GA, except that it includes an additional procedural
component:; Individual Operations (e.g. mutation and/or local search) which
are applied to alter or improve the genetic composition of the existing

members of the offspring generation.

Fig. 1C shows a variation in which the Individual Operations probedural
component is performed N times.

Fig. 1D shows a variation in which there are multiple possible Individual
Operations procedural components, and which is performed depends upon
which of two mutually exclusive conditions A and B is met.
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Producer, (e.g. Crossover and Cloning etc.) while the dashed line rectangular
block “properties” serves as the right child is the root of the right subtree to
indicate the common properties of all the variations of Offspring Producer,
"such as Parent(s) Selection. Similarly, the subsequent subtrees are
managed 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 feature, 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
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FIG. 4 shows the tree structure for the Population Initiélization component of
GA module. A genetic algorithm starts with an initial population to be
designated as the parents. The Population Initialization 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
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Popul at i on Up te of GA nodule. It is used to
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sel ection

PU 2. Once a certain number (update interval) of offspring are
produced, only the best chromosomes from both parents and offspring
are accepted and added into the selection pool. It is also often called
truncation selection. |

PU_3: Only the child that is better than the worst existing parent and
different from members in the existing population is accepted.

The # of elites and the update interval are the properties and are set as real
number parameters of PU_7 and PU_2 respectively.



pool for further reproduction of the next generation.

The three schenmes are shown as subtrees and a brief
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criterron detects if the evol ut on conver ges
Oag@rihen@umh@r exceeds a user-defined value, the evolutlon process is

deemed to have converged and thus, is terminated.

With the module-based procedural library, which is managed by the
hierarchical tree structures 'introduced above, users are free to explbre
various aspects of algorithm‘design. From FIG. 2 to FIG. 7, it is shown that,
possible “feature§” 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 to find a set of paths
starting from the root nodes to the leaf nodes, recursively applying the /left
variation-right property rule described above. In this environment, the depth-
first mode of traversing is applied. |
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complete genetic algorithm driven search procedure.

It is worth noting that with this novel hierarchical tree structure, éystem
developers are involved only in high level user-system interactions via a
graphical user interface in the process of configuring algorithms to address a
specific problem area. The 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 approach, even
novice users with limited algorithm design expertise are able to configure and
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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 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 exclu.sively stored in a special



subtree nenbers can be represented as the nenber
vari ables of the class. The variation children can be

WO e@Bioz®e7 as t he subcl asses of the parent (baseCTBG@E®§/000403
The children may further have their own features, i.e.
vari ations and/or properti ﬁz whi ch can be simlarly -
set as their super classes and/ or nenber vari abl es.
From t he descriptions above, the user-configuration
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probl em dependent. Fitness function is used to

eval uate individual s based on the domai n-specific
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ti meconsum ng codes generation job in algorithm
devel opnent is avoided. The effort for codes
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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 combinations of
the root-leaf paths. However, time compléxity of such an approach is not
manageable. The embodiment of the invention is based on an evolutionary
learning methodology to address the need for automatic configuration of the
meta-heuristics for the class of problems being addressed. It is a desirable
prerecjuisite that the algorithms configured through the process of evolutionary
" learning should be optimal or close to it.



with the high-level configuration process of algorithm
desi gn descri bed above, it enhances the efficiency of
wo b@sarmoer i t hm devel opnent significantly. HoweREFr/SG2006/000403
t hough the net hodol ogy descri bed above facilitates the
configuration and generatiop, process of the algorithm
devel opnent, it does nothing’to inprove the quality of
the resulting algorithmfor the specific cl ass of
[ " .
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tree structure: an enbodi ment of the present invention
It is worth noting that in principle one way of
Funlcervesrenthe real opimbaal paranfetgunades (suzh an '@bgsovehmte" in
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branch at iteration iis based on the trace values.
Choice(i) = DesicionMake(tly, 7oy Tay) (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:
T
P(l!) = e (2)
%)
m=1
where P/ indicates the probability of j-th branch being chosen at iteration i.



setting the real nunber are set as nodes (l|eaf nodes)
stemm ng fromthe paraneter node. Thus, choosing one
wotoshwosral number val ues for the parameter PCT/SG2006/000403
corresponds in the re-drawn tree to a selection of a
correspondi ng one of the nolfds stemni ng fromthe
paraneter node. W put a trace value on each branch of
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,N) indicates the trace value of the y'-th
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thmmgr@cdefusect bphms fmr@eﬁinglﬂle rBhevélb@Vpérhmekér RbogHoRer fate”
the traces in the

aip, IOW) ab; rREPeavEDIea! Pedes, (beaoptionsrarg 1ot s@hdhpRarameter as
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all are given the same init trace va
24'%"@*?1)’?%@%)’%%@@!’5%@@ iy ElG.ot0.t he offspr! ng producer

procedure is shown in FIG 10. Note that in FIG 10,

in contrast to FIG 2, three pre-defined options for

Thast tin ngetamlumxiarydbup q:mrr@apﬂrﬂing &6 AhBOYEY of Jtdps P, the
alﬁﬁgﬂ’ﬁh{i‘m&?ec“ icatEFenrdhg nggft T (P eoniaveRster o
thé procsdursr caripénent$f by fravérsing ﬁ@c tr@é’,dﬁulagd Bkl@ne trace values
as described above. That is, a respeciive 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 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 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 termination 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.



2, is visibly a traversal split node in FIG 10. Then

in the evolutionary |oop corresponding to the set of
wWGeL@pe7®97, the al gorithm produces a candi dat ePCGE&GLIN6/000403

al gorithm (i.e. configuratign-of each of the _

procedural conponents) by t ver si ng the tree, guided

by the trace val ues as descri bed above. That is, a

respective configuration is produced for each of the

procedural conponents of the candidate al gorithm which
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the paths that t
Correspondl ngly, the rel atlve val ues of the traces
uratl on_does

be reduced
R St B, Bl dbRinhRva isterl Eoqdiammenta on -the
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and this preference is accunulated in a SticC
regHieenls and differenses ean thee ambodied onmartlye pway ethe system
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netqeeaarybtp eanphasizel tiait \the tenasadiment asahengagdtfy to TBERE not
orﬁ?tﬁ%m tﬁe specrﬁ% ﬁgtr&fré %lf t telporgbfem being addressed, but also the
different 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 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 |



constitute a good algorithmderived fromtraining

based on the target class of problens being addressed.
wo®squabity is verified by carrying out test PCURSGZNG/000403
I nstances of the optim zati opy probl em bei ng addr essed.

It is worth noting that users may have different

requi renents on the performance of the al gorithm due
ihvertidrf waenisedlasl gdridratesamu aptimize g Ihgbrd rgemetic edgorittm. The
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al rlthm was sub secluen integrated into a sup
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pridrity bk sénvide, evhicly needﬂo bestalkem imoaocowits) . Each
retail outlet submts an .order or request for the type
and quantity of fuels for replenishing. W terned the
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scheduler was achieved in & fairly- short 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
,éble to achieve human competitive and even better results compared with -

most recently reported methods in literature.

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



or time. FTDS hel ps a human planner to generate a set
of routes for the fuel trucks. Besides the limtation
wW@bRooBH0TOR7 capacity, there usually are nore conBCT/8GI06/000403

such as tine factor (delivery wdhin a specified tine

wi ndow) and priority of service, which need to be

taken into account. W configured a hybrid genetic

-al guell 1asminatenepsn of ahedoptimization epropleih NG BEULSE] AR training

Wi Eﬁ}ogggs system descri bed in PCT/ S&006/ 000383 After

i ncorporating the problem s donmain specific features,

such as the truck and station information, distance

i nfthenpaiaometetcusediwepd:pha versi on of -t he schedul er

was achieved in a fairly short tine. Wth conventi onal
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by Arbkiver 8gent invention was able to achieve human
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the training process. The paraneters used were: ,
Al ri?hm Pool Size This refers to the size of the
poff@a{PER'Wool ; each individual in the pool

represe [ ‘ ' strycture. In the )
ol emony B PSR A8 MGt bLHEeE ot 5ot o up e teaming
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Archive_Size The Archive_Si ze val ue specifies t
~nunber of. al.gorithnms to be

Number_Ot_ Trials_For_Each_Algorithm

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
. performance level. In the implementation a value of 10 was used. '

How_Many_Top_A Igorithhv_ 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_Iterations

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 érhount of trace value at every “éplit traversal
node”. In the implementation a value of 20.0 was used.



mai nt ai ned. They correspond to the best algorithns

uncovered during the [ earning process. The automatic
w@enBiogeat i on engi ne sorts the al gorithns i n PCT8G2006/000403

their performance levels. In the inplenentation a

val ue of 10 was used. Max_lt,eration This specifies the

maxi mum nunber of iteratio to run the | earning

process. In the inplenmentation a value of 100 was

used. Number O Trials_For_Each_Al gorithm This
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runs are carried ‘out to Yve an indicative average
performance level. In the inplenmentation a value of 10
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ANy karadions Aedessible pithincthengcapearfdhe itversionnas bl be
clehf ffa skilbd r¥ahate of this parameter shall not exceed
Archive _Size. In the inplenentation a value of 3 was
used. EachJnstance_Tral n_For How Many |terations This
par anet er specifies the nunber of successive
iterations during training for each instance of the
training set. The instances in the training set are
chosen in a randomorder. In the inplenentation a
val ue of 2 was used. Initial_ Amount O _Trace This
specifies the initial amount of trace value at every
"split traversal node". In the inplenentation a val ue
of 20.0 was used. The trai ning set consisted of four
instances (referred to as kra30b. dat, nug30. dat,
tai 40a. dat and chr25a.dat) of the w dely known
benchmar k dat aset for quadratic assi gnment probl em
(QAP). Although only a single enbodi nent of the
i nvention has been described in



detail many variations are possible within the scope
of the invention, as will be clear to a skilled

w0 e@dereet ains 1. A nethod of obtaining a set PET/SG2006/000403
probabilistic functions for configuring a search
algorithmfor solving a coppinatorial-optimzation
probl em the search al gori4hm i ncludi ng one or nore
procedural conponents, the nethod enpl oying for each

Claphgcedural conponent a corresponding data structure
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claim1 |g whi ch at | east sone of said traversa
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.
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according to claim1, claim2 or claim3 in which the

probabilistic function assggi ated wth each traversal
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of numerical trace values;

(b) an evaluation step of evaluating the quality of the one or more
candidate search algorithms to form a quality index representing the
corresponding sets of trace values;

(c) determining whether a termination criterion is met; and

(d) if said determination is negative, based on quality index generating
one or more new sets of trace values to replace some or all of the current sets
of trace values, and returning to step (a).

8. 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.
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Laid method comprising:

(a) selecting current probabiliustic functions;

(b) producing one or more candidate search algorithms, each
candidate search algorithm being prdduced 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.

12. A method of configuring a search algorithm for solving at least one
combinatorial-optimization problem,
said method comprising:



12. A nmethod of configuring a search algorithmfor

solving at | east one conbinatorial-optimzation
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13. ‘A method according to any of claims 8 to 12 further comprising
generating source code implementing the configured search algorithm.

14. A computer system arranged to perform the method defined by -any of
the preceding claims.

15. A computer program product containing computer program mstructlons
operative, upon being read by a computer system, to cause the computer
system to perform a method accordmg to any of claims 1 to 13.



