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Abstract: Constraint Satisfaction Problems (CSP) are hard problems that require a lot
of effort on both the development and the execution time. To improve CSP solving
efficiency, some systems have started to incorporate Machine Learning techniques.
Among them, Case-Based Reasoning (CBR) is a sub-field of Machine Learning, in
which problems are solved based on past experiences. One of the weakest point of CBR
methodology is the adaptation process in which past solutions are used to solve new
problems. In this paper we introduce an approach to Case-based Reasoning (CBR) and
Congtraint Satisfaction (CSP) techniques integration to improve both, CBR adaptation
trough CSP and CSP efficiency trough the use of past experiences.

1. Introduction

Constraint Satisfaction Problems (CSP) are hard problems that are being studying in Artificia
Intelligence from several years. The problem of assigning a set of values to a set of variables in such a
way that no constraints are violated, has been tackled from different approaches, from general solutions to
domain specific ones [1]. Although there are several successful results on CSP, the effort required to
solve a CSP problem is usually huge in both the implementation and the execution time. To improve CSP
solving efficiency, some systems have started to incorporate Machine L earning techniques [2,3,4].

Case-based Reasoning is a particular case of Machine Learning techniques in which past experiences

(problem solutions) are used to solve new problems [5]. CBR follows afour steps process:

- Retrieval of past experiences similar to the new situation

- Reuse of past solutions to elaborate a solution for the current problem

- Revision of the current solution, and

- Retain the new experience (problem-solution) in memory.

Maybe, the weakest point of this methodology is the reuse phase, also known as adaptation. The goal of
this phase is to adapt previous experiences to new ones, in order to solve new problems. Current
approaches follow a quite simplistic or null technique, transferring the solution as it is in the past
experience.

The integration of CBR and CSP can provide then, moreover than an improvement of CSP problem
solving, an improvement on the adaptation phase of CBR. That is, on one hand, CBR can contribute to
make CSP solving efficient by providing solutions at one shot based on past experiences. And on the
other hand, CSP can be used in the adaptation phase of CBR, providing a solid methodology for case
reuse. Particularly, several authors have argued about the synergy of combining Case-based Reasoning
(CBR) and CSP techniquesin order to improve both [6].

Several developments on CBR and CS integration have been performed in the middle’'s of 90
[7,8,9,10,11,12,13,14,15,16]. However, few researchers continue this integration work. We think that the
main reason is due to the fact that CSP research concentrate on theoretical proves of CSP models,
meanwhile the use of CBR in solving CSP problems give practical results hardly to prove by
mathematical methods [9].

In this paper we recover the idea of combining CBR and CSP because we thing that benefits of
integration are particularly useful in scheduling, real life problems. We provide a model for integration in
a particular scenario: holiday scheduling. Our aim is to develop a citizen service available 24 hours
through Internet (information desks at airports, train stations, etc.) in such away that a tourist arriving to
acity at anytime can schedule his’/her stay. The user selects from alist the set of activities he/she wants to
enjoy. Then, our model provides the user with a scheduling of the activities based on the experiences of
past users. In the scheduling, activities regarding temporal events in the city as well as other ones no
selected by the user are proposed in order to fill time gaps.

1 The research was supported by the CICY T project TAP1999-1086-C03-02.



The paper is organised as follows: In section 2 we provide the formulation of the holiday scheduling
problem in terms of CSP. Then, we continue in section 3 providing the CBR methodology to solve
problems, and in section 4 the particular CSP techniques used in the adaptation process. We give some
examplesin section 5, and we end by describing some related work on section 6 and some conclusionsin
section 7.

2. Problem for mulation

Holiday scheduling consists on organising in a period of time a set of activities a tourist wishes to enjoy
in a given destination. Holiday scheduling can be seen at different levels of detail. There are some works
that concentrate on the elaboration of packages in which the main issue is to allocate different tourist
attractions and spots in a set of days[17,18,10]. Other researchers have concentrate on the selection of a
given hotel for a destination (AICBR). And some others on particular tourist services in a given region
[19]. Our work isin line with the later approach.

Our aim is to provide to the user with atool to schedule the different activities he can enjoy at the city
of Girona. Activities can be of severa kinds: visiting museums, monuments, art exhibitions, temporal
cultural events (as festivals, markets, performances), sightseeing, parks, and sportive installations among
others. Some of the activities are constrained to timetables, as museums do. Moreover, some ones also
reguire entrance, so the user should have some budged for them. Every visiting spot requires a minimal
period of stay estimated for the different holders of the activities. For example, the visit to the City
Museum is estimated on 2 hours.

Then, we clearly identify some activities (what the user wants to do), duration of the activities,
consgtraints (timetables), and resources (budged), in such a way that we can formulate a single stay to the
city of Girona as constraint satisfaction problem.

Activities

Every activity has a duration d, that express the minimal staying period. For the sske of simplicity
transport time required to go to the activity place isincluded in the minimal staying period.

Every activity has an associated cost ¢ in Euros (resource). Cost could be O for free entrance activities
(for example in sightseeing activity).

No precedence relations between activities exist. However, some of the activities are only alowed in a
given set of times (timetables) that depend on the day of the week and on the day of the year, and aso on
the season. For example, regarding the day of the weak, the Cathedral Museum is closed on Monday, and
is open from Tuesday to Saturday from 10:00 to 14:00, ad from 16:00 to 19:00; and on Sunday: 10:00-
14:00. But on Monday June 24", 2002, being holiday, the Cathedral Museum opens from 10:00 to 14:00.
Inversely, on Tuesday January 1°, being holiday, the Cathedral Museum does not open in the afternoon
(from 10:00 to 14:00). In addition, the Museum has three different timetables: one from October to
February, second from March to June, and third from July to September.

Each activity follows different weak and season parameters. Then, to handle all these temporal
variables, we associated to each activity with atimetable matrix, T,, of month x day dimension:

L./an,l LJan,Z Ljan,31

_ LFeb,l LFeb,Z LFeb,3l
;=

LDec,l LDec,2 LDec,31

Each L, is a list of available timetables for the corresponding month (j) and day (i) of the activity.
L;, = ((init,, end,),...(init,,end)) . Some L ; can be empty, as for example the ones corresponding
to closing days as wells as non existing days (i.e. February 30"). Then, for the Cathedral Museum, we
havel,,, , =((10,14))and L,, , =((10,14),(16,19)), being both, January 1* and April 9", Tuesday.

Constraints

In addition to the activities, the user also specifies the duration of higher stay and the budged. Duration
and budged establish the following constrains:



- Thesum of the minimal staying period of all activities must not exceed the holiday period of the user
z d, < duration (CD)

- Thesum of the cost of all activities must not exceed the user's budged.
z ¢, <budged (C2)

Depending on duration, restaurant and hotel activities are automatically added. If the duration exceeds
half day, then a lunch activity is allocated. It is not mandatory to have budged for lunch, although it isto
have some period to have lunch. In this sense the lunch price is a soft constraint: it can be removed in
order to find a solution for the scheduling problem. If the duration exceeds one day, a dinner and a hotel
activity are allocated. The automatic selection of these activities has effects on the budged constraint;
then, at the beginning of the problem formulation restaurants (lunch and dinner) and hotel activities are
added to the problem and then treated as any other activity. Cost of the activities is initialised according
to user preferences expressed in the user profile or asked explicitly to the user, and taking into account
user budged. The selection is done with the help of recommender systems as[20,21,22].

Lunch and dinner have some time constraints. For the sake of ssimplicity, we assume that the tourist is
aware of the country habitudes, and then, in the case of Girona:

- Lunchisscheduled at 13h, with aminimal staying period of 1h
- Dinner is scheduled at 20h, with a minimal staying period of 20h.

However, it iswell known that some European tourists, particularly German, enforce their timetable to
tourist places. So, the time constraint related to lunch and dinner should be made more flexible, adapted
to user profiles. The relaxation of that constraint will be tackled in future work.

Lunch, dinner and hotel are defined as minimal set of components following [17]. Every city has
several “mandatory” spots that also belong to that set: places that every tourist should visit. However, it
could be the case that the user comes to the city as a second, third, or tenth time. So in our approach no
other minimal set of spots are required.

Finally, the final scheduling is completed with filling activities in order to deal with time gaps. Such
activities can also contribute to the budged, but they are no matter of constraint. If no budged is l€eft, no
cost extra activities will be planned.

To solve the holiday scheduling problem we propose the use of a combination of CBR techniques and
CSP heuristics. We keep in a case base a collection of solved CSP. When a user asks for a new
scheduling, previous cases are retrieved upon similarity on activities, constraints, and budgets on past
experiences following a CBR methodology. CSP techniques are used to adapt past solutions to new
Situations.

3. The CBR component

When a new problem is formulated, it is solved by using past experiences stored in a case base following
CBR methodology in which it is distinguished four main phases: retrieval, reuse, revise, retain. In the
retrieval phase, old solutions from the case base are recovered to solve the new problem. In the reuse
phase, the solution of the past problem is used to solve the new problem. It is precisely in this phase when
we use CSP techniques in order to adapt the old solution to the new problem. Then in the revise phase,
the solution of the case is checked, and then learned in the retain phase.

3.1 CaseBase

We keep in a case base a collection of solved CSP. A case is then a CSP in which we distinguish the
following parts:
- ldentification: a numerical value

- Constraints:
e Duration of the stay
e Budged

e Temporal constraints:
o  Season: seasons mark eventual events.
o Starting day of the year
o Starting weekly day
- Selected activities: activities the user wants to do
- User profile: age, sex, civil state, profession, and hobbies.



- Solution of the case: the final price, the starting time, the final time, and the scheduling. The later
consists of an ordered list of tuples representing the sequence of activities. Each tuple (A, S, D, C)
contains information of the activity name (A), the starting time (S), the duration (D), and the cost (C).

A case exampleis shown in figure 1.

I dentification 1
Duration: 1
Budged: 20
Temporal: ((Season Februrary), (Year_day 3-Feb-2002), (Weekly_day Sunday)
Selected Activities (Archaeological Museum, Art Museum, Cathedral Museum)
User profile ((Age 23), (Sex Femade), (Civil state Single), (Professon Computer
Science), (Hobbies Travel, Sports, Photography))
Solution ((Price 18.05 ), (Initial time 10h), (Final time 19h)
(Archaeological Museum, 10h, 3h,1.80 )
(Lunch,13h,1h,9.00 )

(Art Museum, 14h, 3h,3)
(Cathedral Museum, 17h, 2h,4.25 ))

Fig. 1. Case example

3.2 Case Retrieval

When solving anew case, two kind of information is required from the user:

- Constrains. This information is used by to filter temporal activities and presenting to the user the
available activities for the corresponding days.

- Second, the user selects the activities he plans to enjoy: museums, cultural events, etc.

Then, afirst consistency checking is performed to guarantee constraints C1 and C2, that is to say, the
duration and budged of the trip are enough. Until these constraints are not satisfied, no further steps are
performed. The last information gathered constitutes a new case or probe.

Case retrieva is based mainly on a three-step process. Activity matching, constraint matching and
selection (see figure 2). First of all, past cases containing the same activities are recovered, {r,}. Then, a
constraint matching process is applied in which a similarity degree for each case r, is computed based on
congtrains. No case is rejected. Constraints must be accomplished in the final scheduling, but previous
approximations to these constraints can be useful for producing the new one. Finally, the one that best
matches the probe (highest similarity degree) is selected for adaptation in the reuse phase.

Activity matching is based on the number of activities of the probe P present in the past experience C:

| Act(P) " Act(Ci)) @
[ Act(P)

Sim, (P,C,) =

where Act(X) are the activities of a case.
Congtraint matching is based on a similarity function that follows an Ordered Weighted Average
(OWA) [23]:
@

Sim,(P,C,) = ij *sim

J=1

() (cons ,(P),cons ;(C,))
where:
e nisthe number of constraints (thereare 5 in total)
e cons(X) isthej-congtraint of case X.
e simg,(X,y) isthe similarity between the two j-constraints (see below)
e o(j) is a permutation of the values 1...n so that smg_,(cons,(P), cons (C ) * sims,(cons(P),
cons(C) Vi=2,...,n.
e W, istherelevance of each constraint in the similarity.

The OWA s suitable to compute similarity since we can order the different constraint similarities
based on their degree. Thus the key of the similarity function is the weight definition. In our model we
use the following function
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For the number of constrains we have, n=5, and it does hold that w_, > w, and z; w=1. More
precisely, w,=0.35, w,=0.25, w,=0.17, w,=0.13 and w_=0.1.

Probe
4\ Casern Casetm
Activity Constrain Selection Selected
Matchi Matchi case
ching Caser? ching Case 12
- Caserl Casetl
Case
base

Fig. 2. Retrieval phase

The remaining definitions are related to the constraint similarity functions, one for each constraint:
budged, duration, season and starting days (year and week).

1 (4)
budged(P) # budged(C,
sim(budged(P), budged(C,)) = ||budged(P)— budged(C,) udged(P) # budged(C;)

1 otherwise
duration(C,) — duration(P) . . ®)
sim(duration(P),duration(C,)) =4~ 7 duration(P) < duration(C,)
0 otherwise
) |season(P) — season(C, )| (6)
sim(season(P),season(C;))=1- 5

sim(day _ year(P),day _ year(C,)) = {l day _ year(P) = d?y_year(C‘) @

0 otherwise
sim(day _ week(P),day _ week(C,)) = {1 day _ week(P) =day _ week(C,) ®)

0 otherwise

Finally, the selection method is simple: we choose the case with the higher similarity degree.

3.3 Case Reuse, Revise and Retain

In the reuse phase, we adapt the past case solution to the new problem. In few occasions we will have an
identical case, so the solutions are careful elaborated to guarantee that constraints are satisfied. The
procedure to adapt the past solution is based on CSP techniques and is explained in next section.

Once the solution has been produced, it is given to the user. All solutions are valid ones from the point
of view of a CSP, that is, al constraints are satisfied. However, the solution could not be the optimal.
Moreover, the user can not agree with the filling activities proposed, or the solution in general. Then,
he/she can accept it or modify it. That isto say, the user is who eval uates the outcomes.

The new solution is not always retained in memory. The storage of new solutions depends on the
adaptation effort. If the solution comes from an adaptation process in which more than one access to
memory has been performed (i.e. most than one case has been used to solve the case), then the new case
is stored. It will probably be useful in other situations, avoiding wasting time in accessing to the case
base. Otherwise, the case will not be stored, since the adaptation process is simply and not time
consuming. Avoiding the storage of all cases, we are trying to tackle on of the main drawbacks of CBR,
case base maintenance [24], keeping the case base in areasonable size.



4. The CSP component

To adapt the retrieved solution to the current problem, we propose the following procedure:
1. Copy the past solution to the new case
2. Remove activities not selected by the user and that does not hold in the corresponding
Season
3. Check inconsistencies
3.a Duration exceeded
3.b. Budged exceeded
3.c. Timetable violation according to calendar holidays and day of the week.
3.d. Overlapping activities
4. Solve oneinconsistency and go to 3 until no more inconsistencies hold.
5. Complete the set of selected activities
6. Add filling activities according to user profile
The remaining of this section is devoted to explain each of these steps.

Solving duration inconsistencies. This situation can occur when, for example, the user has specified 1
day duration and the retrieved case is 2 day duration. In such a situation, the only activities copied to the
solution are the ones required by the user, together with the minimal set of components (lunch, dinner,
hotel).

Solving budged inconsistencies. Budged violation can happens as a consequence of the constraint
matching process (see equations 2 and 4). However, it does not mean that the case has no solution.
Constraint C2 has been checked at the beginning, so the case should be solved within the current budged.
Imagine, for example, than the retrieved case corresponds to a visit of two days duration long, and the
current user is interested in a scheduling for a scheduling of single day duration. Obvioudly, since in the
retrieved case the user has to spend money on a hotel, the budged is higher. In such a situation, a duration
inconsistency has been previoudly detected, then, the solution of the case has been not completely
transferred. As a consequence, what it is necessary to check is if the final cost of the activities remains
under the budged (C2).

Solving timetables inconsistencies. Timetable violation happens when we recover a scheduling that does
not exactly match either the day of the year or the weekly day. Then, some activities planned for one day
cannot be performed. To solve this inconsistency we propose to recover past cases that provide an
alternative scheduling for the inconsistent activities.

Solving overlapping activities. This situation can happens when either the duration of the retrieved case
is not the same, and the activities scheduled for different days have been transferred to the new case as a
single day; or when the current scheduling contains parts of solutions coming from different cases (as a
consequence, for example, of solving timetable inconsistencies). Then, the solution we propose is to use
the Dynamic Minimum Conflicts Algorithm developed by Lisa Purvis [9] to tackle inconsistencies due to
overlapping activities (see figure 3).

When adead-end is reached (i.e. no valid value can be found)
Until encountering a choice point with an unexplored alternative

1. Withdraw the most recently made choice

2. Undo all consequences of the withdrawn choice by adding or
deleting all appropriate variables and updating problem
constraints accordingly
Move forward again making choices that conflict the
least with choices made so far

FTY. O. DyYTIATIC IVITTIITTIUTTT CUTTTTTOLS ATYUTTU T
In our approach:
1) We choose among the conflicting activities the one that is less constrained.
2) We search in the case-base for alternative schedulings for that activity
3) If some oneisfound, we suggest the new scheduling.
4) Otherwise, we search for available time gaps in current scheduled compatible with the activity. If
some oneis found, then we re-schedule it.



5) Otherwise, we leave unchanged the conflicting activity chosen in step 1 and we proceed by
selecting the next less conflicting activity for re-scheduling. Then, we continue on step 2 until all
overlapping activities are solved.

Complete the set of selected activities. Once have been solved the main inconsistencies, the problem is
completed when al activities proposed by the user are present in the solution. Adding activities can be
done by swapping etiher removing filling activities or scheduled activities not proposed by the user or by
placing in the slot the pending activities.

Adding filling activities. The addition of filling activities is performed according to the user profile,
following recommender system approaches as the onesin [20,25].

5. Examples

This section is devoted to illustrate our methodology by means of several examples. For this purpose,
consider than in the case base are the cases shown in figure 4.

5.1 Example 1

Assume that we have a new case (let's call it P,) with the following selected activities: Art Museum,
Cinema Museum, City Museum. At the first step of the retrieval phase, activity matching for every case
in memory (equation 1) is the following:

sim (P.Ccy=t S UIpC)=I

a 11 3

From the activity matching, case C, is retrieved as the best case. No further similarity computations are

performed and then the adaptation process starts.

1. The past solution istransferred to the new case.

2. Since Season is the same in both cases, all activities scheduled in C, are still valid for P,. So, no
activities are removed.

3. Check inconsistencies

3.a. Current caseis 1 day duration and the retrieved case is 2 days duration.
Then, we just leave the activities selected by the user:
(Lunch,13h,1h,7.00 ),(Art Museum, 10h, 3h,3),
(Cinema Museum, 10h, 3h, 2 ),(City Museum, 16h, 2h, 1.80 )

3.b. Budged is OK.

3.c. According to the calendar starting day of C, is Sunday while on P, is Sunday. Such
difference is ignored since Museums have the same timetable on Saturday than on
Sunday.

3.d. The following activities are found to be overlapped:

(Art Museum, 10h, 3h,3) overlaps (CinemaMuseum, 10h, 3h, 2)

Then we proceed solving the inconsistency:

1) Art Museum is more constrained than Cinema Museum (more restrictive timetable). Then we leave
the dot time for Art Museum unchanged and we try to find a new one for the Cinema Museum.
According to the methodology, an aternative case is searched where Cinema Museum was planned
in adifferent time slot. But no case is found in the current case base.

2) Available values in the current scheduling are 14-16h, 18-24. Minimal staying period for Cinema
Museum is 3h, so it is not possible to collocate it between 14 and 16h. The museum closes at 18, so it
can be neither placed after 18h. So no solution is found for changing Cinema Museum.

3) Then wetry to find a new schedule for Art Museum. In this case, there is a previous case, C,, where
Art Museum was scheduled at 14h. Minimal staying period for the Art Museum is 3h, so the end of
the activity is 17. This new scheduling for the Art Museum does not violate any constrain.

Current solution is then: (Cinema Museum, 10h, 3h, 2), (Lunch,13h,1h,7.00 ), (Art Museum, 14h,
3h,3), (City Museum, 16h, 2h, 1.80 ). In this solution, a hew inconsistency rises between,(Art Museum,
14h, 3h,3) and (City Museum, 16h, 2h, 1.80 ). The visit to the Art Museum finishes at 17h, while the
scheduled time for the City Museum is 16h. Since no other aternative has been found for Art Museum,
then the next activity to re-schedule is City Museum.

There is no previous case in the case base regarding an alternative schedule for City Museum.
Available values in the current schedule are from 17-24h. Then, the City Museum can be scheduled from



17 to 19, two hours duration, and leaving just at closing time. The final schedule is the following:
(Cinema Museum, 10h, 3h, 2 ), (Lunch,13h,1h,7.00 ), (Art Museum, 14h, 3h,3 ), (City Museum, 17h, 2h,
1.80)

Casel

Duration: 3

Budged: 200

Temporal: (Season June), (Y ear day 22-June-2002), (Week day Saturday)

Selected activities: Jewish Museum, Cathedral Museum, City Museum

Profile: (Age 23), (Sex Female), (Civil stateSingle), (Profession Computer Science), (Hobbies Travel, Sports,
Photography)

Solution: (Price 190.85 ),(Initial timel0h),(Final time 20h)((Jewish Museum, 10h,
3h,1.8 ),(Lunch,13h,1h,9.00 ),(Beach,14h,6h,0 ),(Dinner, 20h,2h,15 ),
(Pub,22h,2h,20 ),(Disco,24h,3h,20 ),(Hotel, 03h,7h,45 ),(Cathedral Museum, 10h, 2h, 4.25 ),
(Sightseeing, 12h, 1h, 0 ),(Lunch, 13h, 1h, 7 ),(Beach, 14h, 6h, 0 ),(Dinner, 20h, 2h, 15 ),
(Pub,22h,2h,20 ),(Disco,24h,3h,20 ),(Hotel, 03h,7h,45 ),(City Museum, 10h, 2h, 1.80 ),
(Sightseeing, 12h, 1h, 0 ),(Lunch, 13h, 1h, 7 ),(Beach, 14h, 6h, 0 )

Case?2

Duration:2

Budged: 100

Temporal: (Season February),(Y ear day 2-Feb-2002),(Weekly day Saturday)

Selected activities: Art Museum, Cathedral Museum, Cinema Museum, City Museum

Profile: (Age 23), (Sex Female), (Civil stateSingle), (Profession Computer Science), (Hobbies Travel, Sports)

Solution:(Price  90.05 ),Initial  time 10h),Fina time 19h),((Art Museum, 10h, 3h3) ,
(Lunch,13h,1h,7.00 ),(Sightseeing, 14h, 2h, 0),(Cathedral Museum, 16h, 2h,4.25),
(Devessa, 18h, 2h, 0),(Dinner, 20h, 2h, 12),(Pub,22h,2h,8),(Hotel, 24h,10h,45 ),
(Cinema Museum, 10h, 3h, 2),(Lunch, 13h, 1h, 7),(Sightseeing, 14h, 2h, 0),
(City Museum, 16h, 2h, 1.80 )

Fig.4. Case base used in the examples

5.2 Example 2

This second example is devoted to illustrate how calendar inconsistencies are handled. The new case
description (probe P,) consist on the following selected activities: Jewish Museum, Cathedral Museum,
City Museum, Cinema Museum and Art Museum. Constrains made explicit by the user are: (Duration 3),
(Budged 200 ), (Season December), (Year day 30-Dec-2002), (Week day Sunday). According to the
current case base, we recover from matching activities cases C1 and C2 with, Sim,(P,,C))=Sim (P,,C,)=1.
Then, the constraint matching step provides C1 as the best case (see details on table 1).

When copying the solution to the new case, activities not corresponding to the current season are
removed (i.e. Beach). Then, checking inconsistencies reveals that timetables are incompatible due to
calendar reasons. Differences are shown on table 2. Activities planned on Monday in the past, being
Sunday on June 23", cannot be copied to a Monday on December, since on Monday most of Museums are
closed. Then (Cathedral Museum) must be reschedul ed.

Searching in the case-based, we found that case 2 have scheduled the Cathedral Museum in the past.
So we adapt the scheduling for Cathedral Museum to the current problem. The current scheduling is now:
(Jewish Museum, 10h, 3h,3 ) ,(Lunch,13h,1h,9.00 ),(Devessa, 14h, 2h, 0 ),(Cathedral Museum, 17h, 2h,
1.8),(Sightseeing, 19h, 1h, 0),(Dinner, 20h, 2h, 15 ),(Pub,22h,2h,20 ),(Disco,24h,3h,20 ),(Hotel,
03h,7h,45 ),(Sightseeing-outcity, 10h, 3h, 0 ),(Lunch, 13h, 1h, 7 ),(Firanadal, 14h, 4h, 0),(Fontgjau
sportive ingtallations, 18h, 2h, 5),(Dinner, 20h, 2h, 15 ),(Pub,22h,2h,20 ),(Disco,24h,3h,20 ),(Hotel,
03h,7h,45),(City Museum, 10h, 2h, 1.80),(Lleona Market, 12h, 1h, 0),(Lunch, 13h, 1h,
7),(Lleuresport, 14h, 2h, 0 ).

Finally, activity chosen by the user and not yet included should be added. Particularly, ),(Sightseeing-
outcity, 10h, 3h, 0), is swapped by (Art Museum, 10h, 3h, 3 ); and (Firanadal, 14h, 4h, 0 ) by (Cinema
Museum, 14h, 4h, 2).

Table 1. Caendar differences between P, and C..

C, G
Budged 1 0.01
Duration 1 0.87
Season 0.41 0.75

Y ear day 0 0




Week day 0 0
sim_(P.C) 0351+02571+017°041=067 035087+0.25°0.75+0.17°0.01=049
C 1

6. Related work

There are previous works in which the integration of CBR and CSP has been tackled. Purvis [9,28] has
developed COMPOSER, a system that combines both techniques to solve configuration problems. The
approach implemented in COMPOSER is based on an unification mechanism in order to map current
problems to past solutions and follows the Dynamic Minimum Conflicts Algorithm. The integration of
CBR and CSP does not alow backtracking, in the methodology proposed by Purvis. Her practical
experiments shown that the approach is efficient.

Sqalli and Freuder also combine CBR and CSP in the problem of testing protocol interoperability [16].
In their system, CBR is used when CSP fails. Scott and Simpson [26] also proposes the use of CBR to
solve the nurse rostering problem. They propose to store in a case base patterns of nurse preferences, that
is, soft constraints of problems. Cases are then used when hard constraints are satisfied. Avesani et al.[17]
and Ricci et al. [8] propose the integration of CBR and CSP to build plans for fire fighting. They propose
a two part methodology in which first, case-based planning is used to recover similar plans for different
zones, and then a CSP approach to build the final plan, allocating the corresponding resources. Bilgic and
Fox [13] use a case library to store design problems indexed by constraints. Cases are recovered upon
new descriptions. However, no adaptation process is performed on the solutions.

Table 2. Caendar differences between P, and C..

C Activities P

Saturday (Jewish Museum, 10h, 3h,1.8 ), (Lunch,13h,1h,9.00 ), (Dinner, 20h, 2h, Sunday
15 ),(Pub,22h,2h,20 ) ,(Disco,24h,3h,20 ),(Hotel, 03h,7h,45 )
Sunday  (Cathedral Museum, 10h, 2h, 4.25 ), (Sightseeing, 12h, 1h, 0 ), (Lunch, 13h, 1h, Monday
7)), (Dinner, 20h, 2h, 15 ), (Pub,22h,2h,20 ), (Disco,24h,3h,20 ), (Hotel,
03h,7h,45)
Monday (City Museum, 10h, 2h, 1.80 ), (Sightseeing, 12h, 1h, 0 ), (Lunch, 13h, 1h, 7 ) Tuesday
(Holiday) (Holiday)

Regarding Holiday planning, Huang [27] proposes also the use of CBR and CSP techniques to
configure packages to users according to pre-established catalogue. His main goal is making reservations.
We think that our approach focus scheduling at another level of detail; so both approaches can be
complementary. Other approaches to holiday planning use CBR aone, as in Blanzieri et al. [19], or in
Haig et a 97 [14]. The later uses severa casesto build awhole route, and then a A* algorithm to combine
the results. Soo and Liang[17] and Ricci et a [18] works also at the level of travel packages configured
from catalogues. We think that our approach is closed to the citizens and provides a service at the low
level of holiday planning, that is, when visiting a city. Thisis an innovative approach.

7. Conclusions

In this report we have formulated the problem of holiday scheduling as a CSP and then provided a
methodology to solve it with the integration of Case-Based Reasoning and Constraint Satisfaction
techniques. The synergy of the integration improves CSP as well as the adaptation phase of CBR. The
approach must be refuted with experimental work. It is specially interesting the evaluation of the gain in
critical situations, that is, to measure the trade-off between an exhaustive exploration of the CBR and the
use of a CSP mechanism, in a hon quite constrained domain.

It is important to note, also, that the problem formulated is not critical: constraints must not be
violated, but activities proposed by the user are not too much. In other domains, as for example in
emergency situations, activities and duration have amore critical relation.

Another issue of our approach is that no capacity constraints on resources have been considered. This
is the case of the major activities contemplated in the model: Museums. However in further developments
capacity should be taken into account since, for example, special museums accept a maximum number of
visitors per day, theatres have a limited forum, hotels can be full in festival seasons, etc. We will continue
extending the model to cope with them.
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