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Abstract

Humans frequently have to face complex problems. A classical approach to
solve them is to search the solution by means of a trial and error method.
This approach is often used with success by artificial systems. However, when
facing highly complex problems, it becomes necessary to introduce control
knowledge (heuristics) in order to limit the number of trials needed to find the
optimal solution. Unfortunately, acquiring and maintaining such knowledge
can be fastidious. In this paper, we propose an automatic knowledge revision
approach for systems based on a trial and error method. Our approach allows
to revise the knowledge off-line by means of experiments. It is based on the
analysis of solved instances of the considered problem and on the exploration
of the knowledge space. Indeed, we formulate the revision problem as a search
problem: we search the knowledge set that maximises the performances of the
system on a sample of problem instances. Our knowledge revision approach
has been implemented for a real-world industrial application: automated
cartographic generalisation, a complex task of the cartography domain. In
this implementation, we demonstrate that our approach improves the quality
of the knowledge and thus the performance of the gystem.
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presented. Section 5 offers some conclusions and perspectives.

2. Context

2.1. Optimisation problems and solving systems considered
2.1.1. Description of considered optimisation problems

Many real world problems can be expressed as optimisation problems. In
this type of problems, the goal of the system is to find, among all possible
solutions, the one that maximises an evaluation function. In this paper, we
are interested in a family of optimisation problems that consists in finding,
by application of actions, the state of an entity that maximises an evaluation
function. We formalise this kind of optimisation problems as follows. P is
an optimigation problem that is characterised by:

e Ep: A class of entities

e actionp: a set of actions that can be applied to an entity belonging
to Ep. The result of the application of an action is supposed to be
non-predictable,

e (Jp: a function that defines the quality of the state of an entity belong-
ing to Ep

An instance p of P is defined by an entity e, of the class Ep characterised
by its initial state. Solving p consists in finding the state s of e, that optimises
Qp, by applying actions from actionp to the initial state of e,.

Let us consider the following example. Let P, be an optimisation problem
where a robot, considering its initial position in a maze built according to
a specific model, seeks to find the exit. Ep, actionp and @@p are defined as

follows:
o Ep ... akind of robot. A robot of the kind Ep_

its initial position in the maze.

w18 characterised by
obot

e actionp,, . moveforward, turnleft, turnright

e (Jp .. distance separating the robot from the exit of the maze

In this example, an instance popot Of FProper is characterised by e, . ., a
robot of the kind'Epmbat, with an initial position in the maze. Solving proor
consists in allowing e, ., to find the exit or at least to reach the closest
possible position to the exit.
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action to apply
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previous state

Figure 2: Action cycle

“—+Ending

evaluation using the function Jp. Then, the system tests if the current state
is good enough or if it is necessary to continue the exploration of other states.
If the gystem decides to continue the exploration, it tests if the current state
is valid or not. A valid state is a state whose children have to be explored, an
invalid state is a useless state from which it is not necessary to continue the
exploration. If the state is not valid, the system backtracks to its previous
state; otherwise, the system builds a list of actions to apply. If the action list
is empty, the system backtracks to its previous state, otherwise it chooses
the best action, applies it, then goes back to the first step. The action cycle
ends when the stopping criterjon is reached or when all actions have been
applied for all valid states.

This generic system uses three types of control knowledge:

o The action application knowledge builds, for a current state, the action
list, i.e. the list of the actions available in the current state and their
application order. The role of this knowledge is to propose only relevant
actions for each state, i.e. to avoid proposing actions that lead to
uninteresting branches of the tree (ones that contains a priori no better
state than the ones already found) and to order them in order to explore
in priority the most interesting branches.

e The validity criterion determines, with respect to the previously visited

5
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directly use these works, Indeed, we do not have a strong domain theory,
just initial knowledge of uncertain quality. Other speedup learning works
propose to acquire control knowledge without using domain theory. The
most famous is the LEX system [8]. This system learns operator application
condition by analysing previously solved problem instances. The transition
from a particular operator application condition to a more generalised one is
done by exploring the version space. The LEX system has some limitations,
especially concerning the management of noisy data and the learning of dis-
junctive concepts. Other recent works such as [9] deal with the problems of
learning a ranking function for the action application. Our work is in the
continuity of the latter works. Our goal is also to allow the system to revise
itself its own knowledge by means of experience. However, we propose to
take advantage of the analysis of several resolved problem instances at the
same fime and not examine only a resolved instance at a time. Morecver, we
propose to take better account of the interdependence between the different
pieces of knowledge. Indeed, sometimes, it is not possible to determine if a
piece of knowledge is really defective or if it is another piece of knowledge
that is defective and that influences results of the application of the first
piece of knowledge |10, 11].

In this paper, we are interested in the revision of knowledge expressed
by production rules. Whereas many learning algorithms propose to induce
- tules from examples labelled by experts, very few allow to take initial rules
into account. Among them, some are interested in the inductive knowledge
base refinement. The goal of these works is to improve the system expert
~ knowledge base. Most of them make the assumption that the knowledge base
is almost valid and that only small improvements are needed [12]. Thus,
some approaches propose to improve rule bases only by refining or deleting
existing rules without giving the possibility to add new ones [13]. Others
do not aim at refining rule bases directly, but aim at supporting the user
during the refining process [14]. Many of these works are based on logical
operators and thus rarely deal with noisy data [15]. Another drawback of
many of these works is the increase of the number of rules [16] that can lead
to readability problems. One common point of all these works is that they
concern the revision of a unique rule base and do not allow to simultaneously
revise several rule bases that depend on various measure sets. Thus, it is
not possible to directly apply these approaches to our revision problem when
several pieces of knowledge have to be considered at the same time (typically

7



'gomna uoronpord Jo urio] o) ur pessoidxe eZpsimouy 10j 28818
s1y} Jo uorgesiyeads ® yuasald am ‘1oded siy) Ul ‘sA0qQe PAUOIULW Sy "UOTIE)
-uasaide1 o3paymouy Jo od4) gowo Io] pesipeoeds a¢ 04 sel] ‘eords oFpamouy
o3 Jo uorysrordxe oy} U0 Pasrq SI YoIyM 26pgs s18fippun o) ‘AIe1yuod 9y} Uu()
‘posseIdxs s1 a3papmoy Y Lem oY) Jo Juspusdapul ST 25078 u0ynL0)dEa 9T,

“93Pa[MOUY O1[) 9S1ADI 0} UISY) JUISN UL PUR 9FRIS SNOTA
-a1d 81} Sunmp peureiqo s80] oY) SursATeur Ul 8ISISU0D 26078 s18ijpuUy e

‘saouregsul ws[qold jo spdwes v
SaATOS WaYsAs 9] [Ty sse001d oY) SWIBF0] UT $9SISHOD 26198 UOHDLO)ATT e

:505e)s om) Jo pasodurod st yaeoldde uoistAel 8Fpe[mouy In()
‘[8T “07] 03 19391 UeD SIdPRAI JSAINUT ‘BMPOUT
SISOUSRIP SIY) [Iv1op jou [ om ‘1oded siy) uy “Apenb eFpsimouy o1} sul[-uo
a9en[ess 0} 9[qe S[NpoW SIsoUFeIp ' MISAs o) ul ayeidajur 0} asodoid am
Pa1odSII) 9q 09 8pesl §59001d UOISTARI JUI[-[JO Y} USYM SUNUILED 0} ISPIOo
uf "weysss ayy jo seoururiojted syj sacadun 0y (FyStu oy Suunp '3'9) sinoy
[elaads Suump uoNOIXo Wosds oy dojs og o[qissod S 91 dIaYM SUOIIENYIS
ISPISUOD oM ‘PISPU] ‘UIBISAS 81[} Aq POAJOS ST souw)sul we[qoid B aury yoes
oFpamouy [01JU0D JY) JBIASI 0F ''T ‘UOISTASI HFPO[MOUY SUI[-UO I0] Y038 JoU
op apy [21] ut pejuesard are sen[Iqedes UOIILAISSUO UONS SUWIRISAS DAIS 0]
1$9I0YUT 9], 'INOIABYSY UMO S} 9AIISGO 0] samy[Iiqedes UIa)sAs a1f) aA1s 09
asodoid aa ‘sny T, "SSo[ UOIIMOBXS oY1 JO BISATRUR a1 UC paseq sT yoroxdde n()
019 ‘UOI4OUT] UOIJBNBAS S1[} JO $)09Jop oY) ‘SUOIIDR
awos Jo 199dse SUNMINSUOI-ouUIT} 91} S Yons ‘sonbruyoe) Furwres| suiyory Aq
JHIBS[ 9] JOUURD JBI} UOIIRWLIOUT UIRIU0D Ued 9SpajMouy [BIiIul oY) ‘soulr}
-uIng auo mou Furrmbor snl jey) eFpejmouy SUNISIXS B} 9SIAAT 07 SuUI)SO
-I9YUT AI0W 1 ) Jeyy) stsapjodAr o) aje)s om ‘pespu] 'sseoord uorsiaes oy
103 Junodoe ojul oye} 0f asodord em Jey) SFPI[MOTY [RI)IUL PAUYIP ® Apealfe
ST UIS)SAS oY, "A80}RI}S UOIBaS 801 PAULIOJUL UR U0 paseq WeISAS € JO 03po

-[Mouy 8} 98TARI A[[esctyetnojne o} st [eod Ino ‘T Uolj0ag ul peure[dxs sy
yovolddp josausy) 1°g

pesodoad yoroaddy ‘g

"(suonor 1od paugep SI 89[NI JO 9SB( BUO UM



3.2. Exploration stage

The exploration stage is composed of two steps: the selection of a sample
of problem instances that will be used for the revision process (Section 3.2.1)
and the resolution of these problem instances with a specific knowledge set
that will ensure a weak pruning of the state trees (Section 3.2.2).

3.2.1. Problem instance sample selection

~ In order to retrieve pertinent information from their resolution, the in-
"stances belonging to the selected sample have to be versatile enough to be
representative of all available instances of the considered problem. However,
their number has to be restricted in order to limit the computing time of
the revision process: as it is off-line the time is not a hard constraint, but
the resolution of a problem instance with a weak pruning introduces a high
computational complexity and is very time consuming,

In order to select a representative sample, we proceed as follows:

1. Characterisation of all available instances of the considered problem;
2. Clustering of the instances;
3. Selection of a sample of instances in each.cluster.

Characterisation of instances This step consists in building a charac-
terised instance set by characterising all available instances of the constdered
problem by a measure set. A key point of this step is to choose the relevant
measure set in order to pertinently characterise the instances. This choice
has to be made according to the application domain. Feature subset selection
techniques such as the one proposed by [19] can be used to select a pertinent
subset of measures.

Clustering of the instances The goal of this step is to divide the available
instances into groups composed of similar instances. Defining such groups
allow to ensure that all kinds of instances will be represented in the instance
sample. The available instances are divided into groups thanks to clustering
techniques used on the characterised instance set. Clustering algorithms such
as EM [20] can divide a set of objects described by a set of attributes into
digjoint clusters. An important point of this step concerns the parameters
used for the clustering and in particular, the choice of the group number and
of the distance between objects, Concerning the first point, in the literature,
several methods allowing to automatically infer the best number of groups
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exploration. The full-exploration knowledge set has two interests. First, it
ensures to know the best states that can be obtained according to the action
set and to know the action sequences to apply to reach them. Secondly, once
an instance has been resolved with this knowledge set, it becomes possible for
this instance to simulate any possible knowledge set by rearranging the states,
~ without having to build new states i.e. without running again the resolution
process. Thus, once the problem instance sample selected during the first step
has been resclved with the full-exploration knowledge, it becomes possible to
test any knowledge set on this sample with very few computation resources.

3.3. Analysis stage

3.8.1. General revision approach by log analysis

After the exploration stage, we have a sample of problem instances re-
solved with a full-exploration knowledge set and the associated state trees
that compose the log. We are now interested in the use of these state trees
in order to revise the knowledge. We propose to formulate the revision prob-
lem as a search problem: we will search the knowledge set that maximises
the performances of the system. The problem of the system performance
evaluation is discussed in the next section (Section 3.3.2). Concerning the
search problem, the search space corresponds to the set of values that can
take the different pieces of knowledge. In order to reduce the search space,
we do not propose to revise all pieces of knowledge at the same time, but
by kind of knowledge. For example, to revise the pieces of knowledge that
define the constraint priority in a first step, then, in second step, the pieces of
knowledge that define the application domain of the actions are revised, and
so on. The search approach used to revise each piece of knowledge depends
on the nature of the piece. In section 3.3.3, we propose a search approach
dedicated to the rule base revision.

3.8.2. Bvaluation of the system performance

As stated above, our revision approach consists in searching the knowl-
edge set that maximises the performances of the system.

The system performance can be expressed in terms of effectiveness and
efficiency. The effectiveness concerns the quality of the results obtained by
the system, i.e. the quality of the best state found. The efficiency concerns
the computational cost of the problem instances resolution, i.e. the system
speed to carry out the tree search exploration. Good knowledge allows the
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that the ideal behaviour of the system is not chaotic, so that continuous
subspaces of the measure set space exist in which this ideal behaviour is
constant. Thus, our approach consists in trying to determine these areas
that admit a homogenous ideal behaviour of the system (z.e. homogeneous
conclusions of the rules), based on an analysis of the successes and failures
encountered when resolving the instances sample. For example, consider a
system that can propose only the action A that depends on a measure set
composed of only one real measure M. An example of partitioning can be to
decompose the domain of M (and thus the measure set space of A) into two
areas: (M < 0) and (M > 0). The revision problem then consists in assigning
- the best possible conclusion to each area of each piece of knowledge. We call
solution, a complete assignment of conclusions for the considered areas (a
conclusion is assigned to each area). Our approach is composed of four steps
as presented in Figure 3. The first one consists in building, from the logs (i.e.
from the state trees associated with the generalised sample objects), example
sets that translate the ideal behaviour of each rule base. The second step
consists in partitioning the measures set of each rule base in areas that admit
a priori a homogenous decision to apply (conclusion of the rule), The third
gtep consists in searching by the mean of a local search the best conclusion
to assign to each area. The last step consists in simplifving the rule bases by
rule aggregation.

Step 1: construction of the example sets The construction of the
example sets is achieved by analysing the state trees obtained during the
exploration stage. An example set is build per rule base. An example cor-
responds to one state of a state tree. It is composed of n predictors and a
label. The predictors are the measures associated with the rule base, and the
label is the decision assessed as the good one for this experienced state. For
example, in the case of a rule base concerning the application domain of an
action, the decision can be "apply this action” or "do not apply any action”.

The method used for the construction of the example sets has been de-
scribed in [26]. It first consists in extracting the best paths from each state
tree. A best path is a sequence of at least two states, which has the root of
a tree (or of a sub-tree) for initial state and the best state of this tree (or
sub-tree) for final state. Then, from each state of each best path, an example
is built that contains the relevant information, depending on the rule base
under revision.

For example, concerning the action application knowledge, if a state be-
longs to a best path and if the application of an action leads to another state

13
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Mi(slate 1) = 3
Mifstate 1) = 7

Action Az

Action Ay

Mi(state2) =8
Ma(state2)= 7

Action Ay

Mi(state 5} = 3
Ma(state 6y =7

Action A,

Ovalid state

Mi(slate 4) = 8 @invalid state
Ma(state 4) = 10 @Best state

My(state 3) = 8
M:{state 3) = 7

Best path; state 1 — state 2 — state 4
Example set

{
(Mr=3, M: =7, Conclusion = Apply Action Aq),
(M1 =8, M:=T7, Conclusion = Apply Action Az}
}

Figure 4: Example of a built example set

based on the experience (the example set). The areas obtained by it are thus
homogenous according to the experience. At this stage of the partitioning
process, we have two partitionings of the same measure space: one coming
_from the initial knowledge and the other from the experience. We state the
hypothesis that each partitioning contains pertinent pieces of information
that are not contained in the other one, Indeed, as stated in Section 3.1,
we assume that the initial knowledge can contain information that cannot
be learnt by Machine Learning techniques. Thus, we propose to not only
consider the learnt partitioning but to combine the two partitioning together,
We then specialise the partitioning formed by the initial rules by combining it
to this new partitioning (Figure 5). In practice, we propose to independently
partition each initial area (formed by an initial rule) by combining it with
the set of new areas. The method used to partition an initial area and thus
to specialise an initial rule is the following one. First, the initial area is
combined with a first new area. Then, the result of this combination, which
is-a partition of the initial area, is combined with a second new area, and so
on until the result has been combined with all areas of the new partiticning.
It is possible to compute the maximum number of areas that can be
obtained at the end the partitioning process. Let RB be a rule base linked
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set of conclusions Concl, the size of the solution space (size of Sol) is equals
to |Concl|™wmberofareas We remind that the revision can concern several rule
bases, and thus several area sets, at the same time (e.g. the action applica-
tion knowledge). Therefore, the number of areas can be very high. To help
this search, we dispose of an initial solution (the initial rule base) that is of-
ten good. There are numerous methods to solve a problem of this kind. Due
to the size of the solution space, it is impossible to use a complete search ap-
proach. Thus, we use an incomplete approach. Indeed, in order to solve this
problem, we propose to use a local search algorithm. The principle of this
kind of algorithm is to start with an initial solution and to try to improve
it, step by step, by exploring its neighbourhood. Most of the time, these
algorithms are very effective for this kind of exploration problem, There
are numerous local search algorithms such as hillclimbing, tabusearch {29
or sirnulatedannealing [3] that can be used to solve this problem. In the
context of our off-line revigion process, the efficiency of the search method
is not a major issue. Thus, it is preferable to use methods allowing to avoid
to be stuck at local optimum like the tabusearch or the simulatedannealing
rather than a simple hill — climbing. Concerning the choice between these
two methods, the experiments we carried out showed similar results. In this
paper, we propose to use the tabusearch. Local search approaches require
to define the notion of neighbourhood of a solution. For our problem, we
define it as the set of solutions for which only one of the areas has its conclu-
sion value changed. Concerning the parameters specific to the tabusearch,
we have to define an ending criterion and the size of the tabu list. In out
context, we chose a simple criterion: the exploration process stops after 1
. minute. This time was high enough to converse toward a best solution in all
the experiments we carried out. For the size of the tabu list, we propose to
linkit with the number of areas. Thus, the size of the tabu list is computed
with the following formulae:

numberofareas
4

Remark that other types of neighbourhood and parameter values can be
used. The ones we proposed gave good results during the experiments we
carried. out, however a deeper study is needed.

Step 4: rule base simplification The exploring step allows to assign
a good conclusion to each area. The last step of our approach consists in
simplifying the obtained (revised) rules bases by merging the areas. The

Tobulistgize =1 +
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3.4. Theoretical justification of the approach and comparison with existing
ones

The general principle of our approach is to search the knowledge base that
optimises an evaluation function estimated on a sample of problem instances.
Concerning the rule base revision, the knowledge base can only be modified
during two steps: the conclusion assignments step (step 3) and the rule base
simplification step (step 4). During these two steps, each modification of the
knowledge base is assesed by the evaluation function. Indeed, only modifica-
tions that do not deteriorate the value of this function are taken into account.
So, after revision, the value of the evaluation function will inevitably be equal
or higher than before revision. Thus, ensuring that the evaluation function is
in total adequacy with the user needs and that the problem instance sample
used by the revision process is perfectly representative of all instances of the
considered problem allows to guarantee that the knowledge base obtained
after revision is better than the initial one.

QOur approach allows to improve the performance of problem solving sys-
tems with experience. In this context, it is in the continuity of the speedup
learning approaches. However, while most of speedup learning approaches
[5, 6} do not provide the system with the ability to solve new problem in-
stances (just improve the system efficiency), our approach allows it to infer
new knowledge. Moreover, unlike many speed up learning approaches, it
does miot require a domain theory [5-7] and allows to manage noisy data (8]
~which is particularly important in the context of systems that apply actions
which results are non-predictable. In addition, our approach can be applied
to revise different kinds of control knowledge and not only knowledge related
to action application order {9]. At last, our approach allows to revise the
knowledge and not just to add new pieces of knowledge allowing the system
to be more efficient. OQur approach can also be compared to case-based rea-
soning. Systems based on cased-based reasoning solve new problem instances
by using solutions of similar past problem instances. Numerous works such
as [31] dealt with the revision and the reorganisation of the knowledge in this
kind of systems. The main difference between case-based reasoning and our
approach concerns the type of knowledge considered. Indeed, in case-based

_reasoning, the knowledge is represented by a set of solved cases, while it is
represented as sets of rules in our proposal.
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to adapt the knowledge when new elements such as new generalisation algo-
rithms are integrated in the generalisation systems or when the user needs
(the map specifications) change., Nowadays, this knowledge adaptation is
done "manually” by generalisation experts and is often long and fastidious.
Indeed, it requires facing the problem of knowledge collecting and formalising
[33]. Thus, it is interesting to give the system capabilities to revise by itself
its own knowledge base. Several works have already used Machine Learning
to learn relevant control knowledge [33, 35, 36] but only few have proposed
to automatically revise existing knowledge. Among them, Burghardt and
Neun [37] proposes to use previously generalised objects to build a case base.
Concerning the rule base revision, the only work that we are aware of is [38].
It proposes to use experience to learn new rules that are added to the system.
Contrarily to our work, this work does not propose to revise existing rules,
but only to add new ones. Thus, even if an initial rule is not pertinent, this
one cannot be removed or modified.

4.1.2. The generalisation system

The generalisation system that we use for our experiment is based on the
AGENT model. This model, which is well-established in the generalisation
community, originates in [39] and was used during the AGENT European
Project [40]. The AGENT model has been described in details in [34]. In
this model, objects of the vector geographic database to generalise (roads,
buildings, etc) are modelled as agents. The geographic agents manage their
own generalisation, choosing and applying generalisation algorithms (actions)
‘to-themselves. The generalisation of the agents is guided by a set of con-
straints that translate the specifications of the desired cartographic product.
An example of constraint is, for a building agent, to be sufficiently big to
be readable. In addition, constraints have the role of computing for their
associated agent, for each state, a list of actions to try. For example, if the
size constraint of a building assesses that the agent is too small, it will pro-
pose a scaling action to the agent. Each constraint has a level of satisfaction
ranged between 1 (constraint not satisfied at all) to 10 (constraint perfectly
satisfied). For each state, the agent computes its own satisfaction as the
sum of each constraint satisfaction weighted by their importance. To satisfy
its constraints as well as possible, a geographical agent carries out a cycle
of actions during which it tests several actions proposed by its constraints
in order to reach a perfect state (where all of its constraints are perfectly
satisfied) or at least the best possible state. The action cycle results in an in-
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building groups poses efficiency and effectiveness problems. The generalisa-
tion algorithms used to generalise them are often time consuming. Thus, it
is important to find a good state while exploring few states. Now, defining
knowledge allowing this is particularly complex.

4.2.1, Defined generalisation constrainis and available generalisation algo-
rithms
In this section, we present the constraints and the actions used for our
experiments. We defined, with the contribution of generalisation experts, six
constraints and five actions for building group agents:

o Prozimity constraint: this constraint states that the buildings should
‘not be too close to each others, neither to close to the roads. It is
assessed by computing distances between neighbouring buildings and
roads, following [44]. This constraint can propose building removal and
displacement actions:

— Building displacement action: this action displaces buildings that
have proximity problems. It is based on the displacement algo-
rithm proposed by [44].

= Local building removal action: this action removes buildings ac-

~ cording to a local context. It removes in priority the buildings
that have the most serious overlapping problems. The algorithm
of this action is presented in [11].

— Building removel/displacement action: this action selects the build-
ing that has the most serious proximity problems and removes it.
If another building is close to the removed one, it is displaced in
order to be closer to the removed building. Thig action is based
on the displacement algorithm proposed by [39].

Building satisfaction constraint: this constraint states that buildings
composing the building group should individually satisfy their internal
constraints. It is assessed by analysing the individual satisfaction of
the buildings. This constraint can propose a building generalisation
action:

— Building generalisation action: this action triggers the individ-
ual generalisation of the building agents composing the building

group.
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trees. In order to tune the control knowledge, they carried out their experi-
ments with building groups localised inside the town of Orthez (South-west of
France). This town is composed of 280 building groups. The three knowledge
sets are described as follows:

o Most effective knowledge set: knowledge set derived from the full-
exploration knowledge set. For each generalised building group, this
knowledge set ensures to find the best possible state considering the
constraints and the available actions proposed by them. Nevertheless,
it requires to explore many states per generalisation and is thus not
efficient at all. This efliciency problem leads to the impossibility to use
this knowledge set for real application.

e Cartographic expert knowledge set: knowledge set defined by an expert
on cartography but not on the AGENT model. The heuristic used by
the expert while defining this knowledge set was to search in priority
to define an effective knowledge set. Then, he tried to improve the effi-
ciency of its knowledge set by adding knowledge related to the pruning
of the states trees. '

o AGENT model expert knowledge set: knowledge set defined by an ex-
peri on both cartography and the AGENT model. The heuristic used
by the expert while defining this knowledge set is the same as the one
used by the previous expert: the expert searched in priority to define

. an effective knowledge set. Then, he tried to improve the efficiency of
its knowledge set by adding knowledge related to the pruning of the
states trees.

4.2.3. Reuviston parameters and test protocol

The implementation of our approach requires to choose three algorithmns
and to define a performance function. Our general algorithm choice approach
was to choose well-established and well-known algorithms. Thus, for the
instance selection part (Section 3.2.1), which consists in choosing a sample
of building groups, we used the EM algorithm [20] to divide the building
groups into cluster. We used the C'4.5 algorithm [27] to learn rules for our
partitioning method, and the tabusearch [29] for our conclusion assignment
approach. The function Perf(Sk, Obj) was defined empirically by means
of experiments with different knowledge sets and different building groups
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for values of mean number of states ranged between 10 to oc. Actually, for
our application scenario, we have empirically defined that a mean number
of visited states of 10 can be considered as a very good result in terms of
efficiency (Efficiency value higher than 0.64). A number of states ranges
between 10 to 15 can be considered as a good result in terms of efficiency
(Efficiency value ranged between 0.52 and 0.64); a number of states ranged
between 15 to 25, an average result (Efficiency value ranged between 0.38
and 0.52); a number of states higher than 30 is not acceptable in terms of
efficiency for a real application (Efficiency value lower than 0.33).

Concerning the test protocol, we used 50 building groups to revise the three
initial knowledge sets. Thege 50 building groups were selected by our object
sample selection approach in the same area as the one used by the experts
to tune their knowledge sets (the town of Orthez). We then assessed the
initial knowledge sets and their revised versions on the 200 building groups
contained in another town of the South-West of France, namely Salies-de-

Barn.

4.2.4. Results

Figure 9 shows the results, obtained with the initial and revised knowl-
edge sets in terms of effectiveness and efficiency. One point represents a
generalised building group. The y-coordinate corresponds to the generalised
building group satisfaction (the system effectiveness) and the x-coordinate
to the number of states visited to generalise the building group (the system
efficiency). Ideally, all points (i.e. generalised building groups} should be
located in the top-left corner, This figure shows as well diagrams represent-
ing the distribution of the final satisfactions. Figure 10 gives an example of
cartographic results. 4

Firstly, we can notice the difficulties of defining a knowledge set that will
ensure both the effectiveness and the efficiency of the generalisation system.
Indeed, even with a good command of the AGENT model, it is not easy to
define a knowledge set that is both effective and eflicient for all geographic
objects. This is shown by the presence of a high number of light grey squares
on the bottom right parts of the diagram on Figure 9¢ (satisfaction lower
than 8 and number of visited states higher than 30). The AGENT model
expert defined a good knowledge set (better than the one defined by the
cartographic expert in terms of effectiveness) but not a perfect one. Whereas
this knowledge set permits the acquisition of good eartographic results (most
squares above the threshold of 9 on Figure 9¢, few errors in Figure 10c), it is
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when revising bad knowledge sets, it i3 possible to get even better results
when revising good knowledge sets.

4.2.5. Conclusion of the presented experiment

In this section, we have presented an experiment carried out for the gen-
eralisation of building groups with the AGENT model.

This experiment shows that defining a knowledge set that allows the
system to be both effective and efficient is very complex. Our experts suc-
cessfully defined good knowledge in terms of effectiveness. Nevertheless, they
- did not succeed in introducing pruning knowledge in order to improve the
efficiency of the system while ensuring the cartographic quality of the results.
Between our two experts, one chose to ensure the quality of the cartographic
result at the expense of the efficiency of the system (the AGENT expert).
The other one tried to improve the efficiency by introducing strict pruning
knowledge but deteriorated greatly the cartographic quality of the resulis
(the cartographic expert).

~ The results obtained with our revision approach shows that it allows to
answer the problem of the definition of a both effective and efficient knowl-
edge set. Actually, the three knowledge sets obtained after revision allowed
to obtain good generalisation results both in terms of efficiency and in terms
of effectiveness.

This experiment showed as well that our revision approach allows to take
the specificities of the initial knowledge into account. Actually the revision
from the knowledge set defined by the AGENT expert (which is the best
initial knowledge set of the three) allowed to obtain the best knowledge set
after revision. An explanation is that the revision process preserved some
pertinent elements defined by the AGENT expert that could not be acquired
directly by the experience (i.e. from the logs generated during the explo-
ration stage). Thus, it appears particularly interesting to revise existing
knowledge rather than just trying to acquire directly new knowledge. This
result confirms our initial hypothesis (Section 3.1).

5. Conclusion

In this paper, we have underlined the interest of integrating an automatic
module of knowledge revision inside a problem solving system based on an
informed tree search strategy. We have proposed a generic approach for the
revision of the control knowledge based on logs analysis. We developed a
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work will consist in developing methods to help users design this function.
A first approach that could be used to face this problem consists in directly
using machine learning techniques, Thus, a sample of solved instances of the
considered problem would be proposed to an expert. This one would give
an effectiveness mark, an efficiency mark and a global performance mark to
each of the results. These marks would be then used to learn an effectiveness
function, an efficiency function as well as a performance function depending
on the two.previous marks. A second approach, more complex, could consist
in designing the performance function thanks to an active learning. Thus,
it could be interesting to use as a base the approaches presented in [48] and
in [49]. The system would present several samples of results (resolved with
different knowledge sets) to the expert. This one could define which one
contains the best results and add commentaries about them through a dedi-
cated interface, The system would then use these commentaries to refine the
effectiveness function, the efficiency function and the performance function
and to choose new result samples to present to the expert. In that case, the
learning would be the result of a form of participatory design, emerging from
the dialogue between the expert and the system.
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