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Abstract

We consider automated decision aids that help users select the best solution from a
large set of options. For such tools to successfully accomplish their task, eliciting and
representing users’ decision preferences is a crucial task. It is usually too complex
to get a complete and accurate model of their preferences, especially regarding the
tradeoffs between different criteria.

We consider decision aid tools where users specify their preferences qualitatively:
they are only able to state the criteria they consider, but not the precise numerical util-
ity functions. For each criterion, the tool provides a standardized numerical function
that is fixed and identical for all users and used to compare solutions. To compensate
for the imprecision of this qualitative model, we let the user choose among a displayed
set of possibilities rather than a single optimal solution.

We consider the probability of finding the most preferred solution as a function
of the number of displayed possibilities and the number of preferences. We present a
probabilistic analysis, empirical validation on randomly generated configuration prob-
lems and a commercial application. We provide mathematical principles for the design
of the selection mechanism, guaranteeing that users are able to find the target solution.



1 Introduction

Many real-world applications require people to select the most preferred item,
which we call the target solution, from a set of options. For example, an elec-
tronic catalog system might provide access to millions of products, and the user
has to navigate the catalog to find the most preferred one. Decision theory pro-
vides algorithms which guarantee to find the target solution given the options
and an accurate preference model.

In classical decision theory ([8]), solutions are characterized by a set of crite-
ria. Users express their preferences by the relative weights they give to criteria
or combinations of criteria. Such approaches are described for example in [9],
and methods for eliciting the weights are discussed in more detail in [6, 7]. An
example of its application in a decision aid system is the PC selection tool of
IBM described in [17], where users can adjust the weights of different criteria
and interactively see how different PC models rank according to these weights.

However, there are many practical situations where the space of possible cri-
teria is so large that stating a numerical preference model for all of them would
be cognitively impossible. This is the case for example in travel, where there
is a large number of possible criteria involving times, means of transportation,
locations, that vary from one user to another. In such a case, it is more feasible
to characterize a user’s preference qualitatively as the specific combination of
criteria that apply, without also eliciting a precise numerical model. Such qual-
itative decision theory has recently become the subject of increased interest in
the research community ([5, 3, 18]).

One can interpret qualitative decision theory as a form of classical decision
theory where the system provides standardized numerical functions that are set
to fit an average user. The qualitative model is thus imprecise and will in general
not correctly identify the most preferred solution. We consider approaches that
compensate for this shortcoming by letting the user pick the most preferred
solution from a larger displayed set D of k solutions. Such an approach has
been taken in numerous practical systems, for example in [10, 11, 4, 14, 20, 12].
The process will be sound, i.e. allow the user to find the target solution, only if
the displayed set actually contains the target solution. We will show that this
property heavily depends on the model used for selecting solutions for display
as well as on the number of stated preferences.

Depending on the characteristics of the application, different methods for
selecting displayed solutions may be appropriate. In this paper, we consider:

e dominance filters that display k non-dominated (Pareto-optimal) solu-
tions;

e utilitarian filters that display the k solutions with the lowest sum of pref-
erence violations;

e cqgalitarian filters that display the k solutions with the smallest maximum
preference violation.



Using both a probabilistic model and empirical examples, we show that none of
the filters can guarantee soundness in all cases, and that all have to be carefully
tuned to the application domain.

1.1 Assumptions and Definitions

We assume that solutions are characterized by a fixed (but possibly very large)
set of attributes, and that users formulate preferences in the form of penalty
functions formulated on the attributes, defined as follows:

Definition 1. Fvery configuration solution is characterized by a finite set of n
attributes A = {aq, ...,a,}. Every attribute can take values from a fized domain
{dlv aS) dn}

A preference p;(ay) is a penalty function dr, — R from an attribute ay to a
number that gives the penalty of that attribute value to the user. We assume
that the smallest values are the most preferred ones.

Considering that a preference p; always applies to the same attribute a;, we
simplify the notation and write p;(S) for pi(a;(S)).

We assume that there is a predefined and fixed set of parameterized penalty
functions that can be used to construct preferences.

Note that from the user’s perspective, the preferences are qualitative since
the numerical details of preference functions and their relative weights cannot
be chosen, but are identical for all users.

Example 1: Solution attributes and penalties.
Consider the example of planning a trip consisting of two flights f; and fy that
connect at a transfer airport.

e A solution could be characterized by the following attributes:
ap = departure_time (f1)
ay = arrival_time (f2)
as; = departure_time (f2) - arrival_time (f;) : transit time
as = transfer_airport (f1, f2)
as = arrival_time (f2) - departure_time (fi) : travel time

e The system could provide the following penalty functions for specifying
preferences:
latest(time, a;) = max(0, a; — time)
earliest(time, a;) = max(0, time — a;)
min — duration(length, a;) = maxz(0,length — a;)
max — duration(length, a;) = max(0, a; — length)
rule — out(value, a;) = 1 if a; = value, 0 otherwise

e The user could use these to specify the following qualitative preferences:
latest(ay,18 : 00) = max(0,a; — 18 : 00)
min — duration(2 : 00, az) = max(0,2 : 00 — ag)
rule — out(London, az) = 1 if a3 = London, 0 otherwise



which translate into numeric penalty functions.

We assume that the preferences of the user are given by a set of penalty
functions P* = {p},..,p}}. This is expressed qualitatively by a choice of cor-
responding standard penalty functions P = {p1,..,pa} which are accessible to
the decision aid. We assume throughout this paper that the penalty functions
correctly express ceteris paribus preferences, i.e. that for any pair of solutions
S1 and Sy that are identical in all preferences except preference p;, the user
prefers Sy over Sy if and only if p;(S1) < pi(Sa).

In some analyses, we assume furthermore that the user follows a particular
model for combining preferences:

e in the utilitarian model, the user combines the preferences by forming a
linear sum, i.e. the cost C(S) = Zp;eP* pi(S). Solution S; is preferred
over solution Sy whenever it has a lower cost, i.e. C'(S1) < C(S2).

e in the egalitarian model, the user combines the preferences by considering
the maximum penalty, i.e. the function F'(S) = mazp-ep-p;(S). Again,
Solution S is preferred over solution Sy whenever it has a lower maximum
penalty, i.e. C'(S1) < C(Sa).

In both of these preference models, we assume that the standardized preference
functions are normalized for average users so that the inaccuracy of p; with
respect to p; is bounded by e:

(1—=e)pi <p; < (146e)p;

This inaccuracy reflects different degrees of importance that users attach to
violations of a preference. Note that we assume that each normalized penalty
function still correctly reflects the qualitative ordering of solutions when all
other criteria are equal.

We call the best solutions for the user’s true preference model P* his target
solution S.

2 Decision support with qualitative preference models

As the qualitative preference model is imprecise, we cannot be sure that it will
select the target solution. To compensate for this shortcoming, we propose an
approach where we generate a displayed set D of k target solutions and let the
user pick himself from this set.

For this approach to be practical and successful, the following conditions
must be satisfied:

1. it must be possible to limit the computed set D to a size of at most k
displayed solutions so that it can be displayed in a consistent manner.

2. solutions that are Pareto-optimal within the set D must also be Pareto-
optimal with respect to the set of all feasible solutions. This is important



to keep the user from unknowingly picking a dominated solution as the
final choice.

3. when the user has stated all of his preferences, the target (user’s most
preferred) solution must be included in the displayed solutions.

We now examine in detail the three candidate techniques: dominance, util-
itarian and egalitarian filters. In order to allow a theoretical comparison, we
assume that preferences p; are independent, with real-numbered values in the
interval [0..1], and that m solutions are distributed uniformly in the |P*|-
dimensional space of preference combinations. While in reality both assump-
tions are not likely to hold perfectly, comparing the theoretical results to mea-
surements on real-world configuration problems shows a very good match.

3 Dominance filter

In the dominance filter, we choose as the displayed set a set of k Pareto-optimal
solutions, defined as follows:

Definition 2. A solution Sy is dominated with respect to P iff there is another
solution S’ such that for all p; € P, p;(Sq) > pi(S") and at least one p; € P,
pi(Sa) > pi(S"). We write Sq < 5.

A solution Sy, is Pareto-optimal iff it is not dominated.

In Figure 1, the Pareto-optimal set is {1, 3,4, 6}, as solution 7 is dominated
by 4 and 6, 5 is dominated by 3 and 4, and 2 and 8 are dominated by 1.

From the point of view of decision theory, the dominance filter is the most
appropriate, since this does not require any assumption about the weights that
are not precisely known.

As shown in Figure 1, a solution S; with preference values py = ¢1,...,pq = cq
is dominated by any solution that falls within the subspace p; € [0..c1], ..., pa €
[0..cq], which is a hypercube. Given a uniform distribution of solutions, the
average probability that a solution S; is dominated by another solution S; is
thus equal to the probability that S falls into that subspace. This probability is
given by the proportion of the subspace with respect to the entire space. Since
we assume that all attributes vary between 0 and 1, the size of the entire space
is 19 = 1. Thus, the probability is just the size of the subspace, i.e.:

P?“(Sj < Sl) = H pi(Sj)
p;EP

and the probability that a solution S; is Pareto-optimal is the probability that
in the m — 1 other solutions, not a single one dominates S;:

m—1

Pr(S; is Pareto-optimal) = [ 1 — H pi(S5)
piEP
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Fig. 1: Example of solutions with two penalties. The two coordinates show the values
of preferences p; (horizontal) and p2 (vertical). Rectangles show where domi-
nating solutions must lie. For example, solutions dominating solution 5 must
fall into the hatched rectangle.

The expected number of Pareto-optimal solutions is given by integrating
this probability over the possible value combinations of the preferences, thus
computing the expected size of the set O, = {5;|9; is Pareto-optimal}:

-1

1 1 "
E[|Op|]:m/---/ 1_Hpi dp -+ dpqg
0 0

pi€EP

where d = |P| is the number of preferences in the set P.

Figure 2 shows graphs of this number for two example scenarios that match
experiments we made with randomly generated configuration examples' shown
in Figure 3. The scenarios involve either m = 778 and m = 6,444, and the
number of preferences d ranges from 3 to 12. In the experiments, we can observe
that the randomly generated preferences are not completely independent of one
another: for example, the number for 12 preferences in the experiments are
already reached with 8 preferences in the theoretical analysis, and similarly 8
preferences in the experiments correspond to about 5 preferences in the theory.
However, besides this effect, there is a very good match, showing that the model
is quite realistic.

A consequence of this rapid rise in the number of Pareto-optimal solutions
is that when there are few preferences, there may not be enough solutions to
fill the displayed set, while with too many preferences, there will be too many

1 The generation of the randomly generated configuration problems is described in Section 4.
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Fig. 2: Number of Pareto-optimal solutions expected from the probabilistic analysis

for 2 example scenarios.

Experimental results on random configuration problems
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Fig. 3: Average number of Pareto-optimal solutions actually observed on randomly
generated configuration examples in the two example scenarios.
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Fig. 4: Probability that the target solution is actually in the displayed set for different
numbers of preferences.

solutions. Thus, in order to satisfy condition (1), the filter has to perform
random sampling when the number of preferences gets too high. The sampling
may include a bias to reflect a-priori knowledge about where the most preferred
solution may lie.

Condition (2) is trivially satisfied as only solutions that are Pareto-optimal
in the entire set of feasible solutions are shown.

For verifying condition (3), we assume that the target solution S; is Pareto-
optimal. However, as already mentioned, it will often be necessary to make a
random selection of solutions to actually display. Thus, the probability of it
being included in the k displayed solutions can be estimated as:

k

Pris elebest) = o Eom

k
1 1 m—1
maz(k,(m — 1) fo -~-f0 (1_Hpieppi) dpy -+~ dpp))

Figure 4 shows a plot of this probability vs. |P| =3,...,12 for m = 778,k =
30 and m = 6,444,k = 60. We can see that the probability of including the
target solution rapidly decreases as the overall set of Pareto-optimal solutions
becomes too large and the target often is no longer selected, even for a relatively
small number of preferences. Thus, the method does not satisfy condition (3)
very well.



4 Utilitarian filter

This model is tailored to the case where the user’s true preference model is
quasi-linear, i.e. by minimizing a cost function C*(S) = >_ . p. p; (9).

In the utilitarian filter, we approximate this by the preaeﬁned normalized
penalty functions and choose as displayed solutions the & best solutions accord-
ing to the unweighted sum of the penalties:

C(S) =Y pi(S)

pi€EP

This set can be generated efficiently using branch-and-bound or other optimiza-
tion algorithms (see [8]); in fact it can often be integrated with the generation
of the feasible set itself.

The method obviously satisfies condition (1).

The following theorem shows that it also satisfies condition (2):

Theorem 1
Given a set of m solutions § = {S1,...,5,,} and a set of d preference penalties
{p1,...,pa}. Let &' = {S;,,...,S;,} €S be the best k solutions according to
the utilitarian filter: V.5’ € 8',VS ¢ 8’ : C(S’) < C(9).

If S, € &' and S, is not dominated by any other solution S, € &', then S,
is Pareto-optimal in S.

Proof. Assume that S, is not Pareto-optimal in §. Then, there is a solution
S, ¢ 8" which dominates solution S,, and by definition:

Vi, pi(S:) < pi(S;) and
3pj, pi(S:) < p;(Sz)

As a consequence, we also have:

d d
Zpi(sz) < sz(sx)

and therefore C'(S,) < C(S;). But this contradicts the fact that S, € S’ and
S. 8. O

Thus, the method also satisfies condition (2).

To understand how far the method satisfies condition (3), consider the re-
lation between the sums of penalties for the best solutions and the number of
preferences.

Let S; be the j-th best solution according to the sum of the penalties C'(S) =
> pieppi(S), and let Sy be the target solution. Since the target solution is
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Fig. 5: The volume containing the k solutions with the smallest sum of penalties is
bounded by the surface C(S) = Ck. It delimits a fraction §(d) of the volume
of a cube whose edge length is equal to Ck.

optimal with the true preferences P* and a quasi-linear preference model, we

have:
C*(S)= D pi(S)< Y pi(S))
prepP* p;EP*
As we assume that the standardized preferences model the true ones closely:
(1—epi <p; < (L+e)pi

We can rewrite this as:

ST piS) < D (A+e)pilS)) s t#)
p;EP piEP
(1-¢)-C(S) < (1+6)-C(S))
os) < s

In the following, we write C; for C(S;).
In order to ensure that S; is among the k best solutions with probability 1
once all preferences are specified, we need to choose k sufficiently large so that:

1
Ck/01> te

For example, if we assume a maximum error in the weights of ¢ = 0.2, then
Cyx > 1.5C4.

We now consider how the ratio Cy/C; depends on the number of stated
preferences. The k best solutions are characterized by C(S) < Cj. Assuming
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Fig. 6: Theoretically expected ratio of the summed penalty for the k-th best and the
best solution as a function of the number of criteria.

a uniform distribution of solutions, C} is the height of the volume between the
hyperplane C' = C}; and the point (Vi)p; = 0 such that the volume is equal to
k/m. As shown in Figure 5, the hyperplane C' = CY, cuts out a portion §(d) of a
d-dimensional hypercube H of size Cj, where 3(d) is a function of the dimension
d. H thus has a volume of 8(d)C{. As B(d) of the cube should contain a fraction
k/m of the solutions, the volume of the displayed set is equal to:

B)CE = k/m

= ()

Cy/C1 = k4

which somewhat surprisingly is independent of the total number of solutions m.

We again compare the predictions of the theory with the one observed in
practical experiments. Figure 6 shows the theoretically predicted penalty ra-
tio Ck/C1 obtained for random configuration problems for k& = 30 displayed
solutions. Figure 7 shows the corresponding curves generated with random con-
figuration problems, again with & = 30 displayed solutions. For the case of
m = 6444 solutions, the curves match exactly, while for m = 778 solutions, we
observe a significant discrepancy when the number of preferences is low. This is
due to the fact that many solutions to the configuration problem have identical

and thus

and



Experimental results on random configuration problems
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Fig. 7: Experimentally observed ratio of the summed penalty for the k-th best and
the best solution as a function of the number of criteria.

quality and thus often score the same when only a few preferences are stated.
In general, we can again conclude that the theoretical model is a good match of
reality.

Given the error margin € as described above, we can compute the expected
maximal rank ¢ of the target solution in terms of the summed penalty metric

by the fact that:
1+e ¢\
Ci = Cll —€ (mﬁ(d))

;= mﬁ(@(w)d

1—c¢
- T+e\?
o 1—c¢

from which we obtain:

Using the fact that:

Oy = (#@)w = C¢mpB(d) =1

This function can be used to calculate the number of solutions that have to
be displayed for a given number of preferences and a given tolerance e for user
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Fig. 8: Size of the displayed set required to ensure that the target solution is displayed,
for different values of |P| and e.

diversity. This can be used in the design of a decision support system, or to
adaptively adjust the number of displayed solutions during a decision process.
Figure 8 shows a plot of this function for |P| = 2,---,10 and € varying from 0.1
to 0.3.

With the weight errors at the maximum admissible limits, the probability
that the target solution lies within the displayed set is given by:

1 ift <k
pr(Se € k-best) = { k/t if t > k (random selection)
Figure 9 shows a plot of this probability for |P| = 2,...,12 and combinations
of ¢ =0.2,0.3 and k = 30, 60.

We can see that in comparison to the dominance filter, we can often accom-
modate significantly more preferences. However, this depends strongly on the
weight diversity and the number of displayed solutions. While the utilitarian
filter in principle can be expected to perform better than dominance filtering,
careful tuning is still required for each application.
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Fig. 9: Probability that the target solution is within the displayed set.

5 Egalitarian filter

The egalitarian filter is designed for the case where the user’s true preference
model is the egalitarian model, i.e. he minimizes the maximum penalty F*(5) =
maty: e p pf(S). The egalitarian filter approximates this by applying the same
criterion on the standardized penalty functions:

F(S) = mazp,eppi(S5)

where ties among several solutions with the same maximal value are broken by
applying the same criterion to the remaining preferences (this is called lexico-
graphic). The method corresponds to the combination rules used in fuzzy logic,
and has the advantage that it can be efficiently implemented using constraint
satisfaction techniques such as MAX-CSP ([15]) or Fuzzy CSP ([13]).

Similarly to the utilitarian filter, we assume that the penalty functions are
normalized for a standard user, but that for a particular user they can deviate
by no more than a factor of € in either direction.

This method obviously satisfies condition (1), as it generates exactly k solu-
tions.

It also satisfies condition (2) by the following theorem:

Theorem 2

Given a set of m solutions S = {S1,...,S5,,} and a set of d preference penalties
{p1,...,pa}. Let &' = {S;,,...,S;,} €S be the best k solutions according to
the egalitarian filter.
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If S; € &' and S, is not dominated by any other solution S, € &', then S,
is Pareto-optimal in S.

Proof. Assume that S, is not Pareto-optimal in §. Then, there is a solution
S, ¢ 8" which dominates solution S,, and by definition:

Vpi, pi(S.) < pi(Sz) and
Ipj, pi(S:) < pi(Se)

Let p,, be a preference with the highest penalty in solution S:

Then since S, dominates Sy, Pm(S:) < pm(Ss) and ¥p;, pi(S:) < pm(Ss) and
thus F(S,) < F(Sy).
When F(S.) < F(S,), this contradicts the fact that S, € S’ and S, ¢ S'.
When F(S,) = F(S;), we have a tie and the same argument applies to the
set of preferences with p,, removed. As S, dominates S, there must eventually
be a preference p. such that p.(S.) < pe(Sy), leading to the contradiction as
shown above. O

The degree to which the egalitarian filter satisfies condition (3) depends on
how much the penalties for the actual user deviate from the normalized values.
We first determine the expected value F; of the optimization function for the
target solution S;. For S, let pi(S;) = a; - pi(St), and let Ff = p} (S;) be
the value of the maximum penalty function p},. In the user’s preference model,
the target solution S; can be found on a volume of size H?zlp:‘n = (pz,)%.
The dimension p, can be found by the fact that this volume is expected to
contain exactly one solution (the optimal one). As we assume the solutions to
be uniformly distributed in the space of standardized preference functions, this
means that the volume in the original formulation must be equal to 1/m:

d d -1/d
i [T i = 1/m = pm = <mHai>
i=1 2

1

The egalitarian filter selects all solutions in a cube with equal sides [(k) whose
volume is expected to contain k solutions:

19(k) = k/m

We can guarantee that the cube can be expected to include a solution that is
optimal under the skewed metric if it is large enough so that:

l(k) > PmQmaz



where Qunqee = Mmaz,,. This can be achieved if we choose:

kjm=1(k) > 1/m<1 + Z><d—1>

(amax)d
m H?zl Q;

= (pmamaz )d

>

where the second inequality has been obtained by choosing oy, = 1 + € and
for all the remaining a; the minimum 1 — e.

This gives us in fact a similar behavior as for the utilitarian filter, but the
egalitarian filter allows one more preference with the same number of displayed
solutions.

6 Robustness against violated assumptions

In our analysis of the utilitarian and egalitarian filters, we have assumed that
the user’s preferences actually follow this model. However, it may be that this
assumption is false, and that the only thing that can be assumed of a particular
user is that he will not prefer a dominated solution.

The performance of each filter in this case can be characterized by the num-
ber k of best solutions required to include the target solution S, which can be
any Pareto-optimal solution.

Recall that the number of expected number of Pareto-optimal solutions
E[|Oy]] is given by the integral:

—1

1 1 "
B0 =m [ [ (1= TL o] doueedpa
0 0

p;EP

where d = | P| is the number of preferences in the set P.

Assuming a uniform distribution of the solutions, the same analysis can be
applied to the volumes covered by the utilitarian and egalitarian filters.

In particular, the expected number of Pareto-optimal solutions displayed by
the utilitarian filter is:

C Cr—p1 Cr—p1—-..—Pd—1
B0 =m) [ dp [ e [ apa[1- [ »
0 0 0

pi€EP

m—1

1

where Cj = (W) ? is the utilitarian threshold for having k solutions. As
long as C}, is not greater than 1, the volume is simple and 3(d) = 1/d!?, and so

for the purposes of this calculation, we approximate Cj, = (%d') a,

2 When C}, > 1, there are corners that need to be excluded from the volume and 3(d) is a
more complex expression.
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Fig. 10: Fraction of Pareto-optimal solutions shown within the k best ones ac-
cording to utilitarian and egalitarian filters.

The expected number of Pareto-optimal solutions displayed by the egalitar-
ian filter is:

-1

Fy Fy "
Euof|1=<m—1>/ / T T
0 0

pi€EP

1
where Fj, = (%) ¢ is the threshold for an expected number of k solutions.

When the number of Pareto-optimal solutions is larger than the set generated
by these filters, they will compute a random sample and the probability that
the target solution S; is included is given by the fractions E[|O;|]/E[|O,|] and
B[Of(]/E[10,).

Unfortunately, both integrals cannot be solved in closed form. However, we
can compare numerical solutions. Figure 10 shows the probability of including
a Pareto-optimal solution in a problem with m = 6,444 solutions when k£ = 30
and k = 60 solutions are shown for different numbers of preferences. We can
see that in both cases the probability decreases quite dramatically; however,
utilitarian filter is in general slightly better than the egalitarian one.

When comparing with Figure 4, the performance of utilitarian and egalitar-
ian filters is almost as good as that of a dominance filter. Thus, even when the
user’s true preference model is unknown, a pure dominance filter seems to be
of little use. This is particularly true considering that methods for computing
Pareto-optimal solutions that form the basis for dominance filters are computa-



tionally significantly more expensive than optimization methods for utilitarian
and egalitarian filters ([8]).

In a similar analysis that we omit for reasons of space, we can show that
the utilitarian filter behaves extremely poorly when the true preference model is
an egalitarian one, and the egalitarian filter behaves even worse when the true
preference model is utilitarian.

7 Experimental results on randomly generated problems

Throughout the paper, we have validated the results obtained through theo-
retical analysis on randomly generated configuration problems. We model con-
figuration problems with preferences as valued constraint satisfaction problems
(VCSP [16, 2]) as described in [19].

A random valued CSP is defined by: < n,m,hc, ht, sc, st >, where n is
the number of variables in the problem and m the size of their domains. hc
is the graph density in percentage for unary and binary hard constraints. ht
is the tightness in percentage for disallowed tuples in unary and binary hard
constraints. sc and st are the graph density and tightness in percentage for
unary and binary soft constraints. Valuations for soft constraints range from
0 to 1. For simplicity, hard and soft constraints are separated and we are not
considering mixed constraints, therefore hc + sc < 100.

For building random instances of valued CSPs, we choose the variables for
each constraint following a uniform probabilistic distribution. In the same way
we choose the tuples in constraints. Valuations for soft tuples are randomly
generated between 0 and 1 and valuations for hard tuples are represented by a
maximum valuation (00).

The algorithms have been tested with different sets of problems of valued
CSPs with 5 variables and 10 values for each variable. Hard unary/binary
constraint density he has been varied from 20% to 80% in steps of 20, and the
tightness for hard constraints ht varies also from 20% to 80% in steps of 20. Soft
unary/binary constraint density sc has been varied from 20% to 80% in steps
of 10, resulting in 3, 5, 8, 9, 11 and 12 soft constraints with tightness st = 100.
In total, there could be 5+ (5 x4)/2 = 15 constraints (5 unary constraints and
10 binary constraints).

For every different class of problems, 40 different instances were generated.
For the different problem topologies the average of the results for each instance
are evaluated.

For simplicity and easing the readability of the graphs presented in this
paper, only the graphs for problems with the topology < n = 5,m = 10, hc =
20, ht = {80,60}, sc = {20,...,80}, st = 100 > are shown. The total number
of solutions for these two problem topologies (ht = 60 and ht = 80) on average
are 778 and 6,444.



8 reality: a commercial application for decision support in
business travel

reality is an application commercialized by i:FAO? which significantly extends
the reach of electronic commerce in travel (for more details about this appli-
cation, refer to [20]). In particular, reality addresses the challenge of modeling
customers’ personal preferences and providing tailored solutions. In contrast
to earlier technology, which optimizes only a small and predefined set of pref-
erences, our tool can accurately model the preferences of different customers.
reality thus allows customers to more quickly find solutions of better quality
than existing tools.

The idea underlying reality is to replace the travel agent while keeping the
same interaction model, i.e. keeping a kind of dialog between the customer and
the system by means of a mixed-initiative system.

Following the analysis presented in this paper, the solution generation adopted
for reality is the utilitarian filter presented in Section 4. We have chosen k = 30
(the number of solutions to be displayed) as the optimal number since we found
that users typically state between 3 and 6 preferences for a trip and that e = 0.3
is a good upper bound on their diversity.

Figure 11 shows how reality displays the best 30 solutions out of the genera-
tion process to the user. A scatterplot (inspired by [1]) shows how solutions are
positioned with respect to two criteria chosen by the user. Below the scatterplot,
details of the current selected solution are displayed by a standard table of flight
attributes. Preferences can be posted in any attribute of the shown solution. In
the example of Figure 11, the user is posting a preference on the transit time for
the itinerary segment from Geneva to San Francisco. The scatterplot shows the
30 best solutions with respect to the criteria satisfaction and total travel time.
The satisfaction criterion represents the penalty sum of all the preferences, i.e.
the quality of the solutions.

9 Conclusions

In this paper, we have considered the problems posed by the use of a qualitative
preference model in decision aid systems. We have considered compensating for
the inaccuracy of a qualitative model by displaying not a single optimum, but
letting the user choose among a displayed set of k alternatives. A key design
issue in such a system is how to select the displayed set to ensure that the target
solution can indeed be found.

The main result is that when the user’s preference model is not known be-
yond the basic relations of dominance, it is very difficult to guarantee that the
target solution can be found at all. This is due to the strong growth in the
number of Pareto-optimal solutions, and occurs for all three kinds of filters:
dominance, utilitarian and egalitarian filters. It can be argued that even in
this case using a pure dominance filter has only marginally better performance

3 http://www.ifao.net
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Fig. 11: The user analyzes the solutions shown in a starfield where two criteria are
compared (in this case satisfaction vs. total flying time).

than either the utilitarian or egalitarian filter so that its usefulness in practice
is questionable.

On the other hand, when the user’s preference model follows a utilitarian or
egalitarian model, it is possible to guarantee that the optimal solution is found
as long as the number of preferences does not become excessive (in the case of
travel planning, 5-6 preferences).

This makes it possible to show that a decision aid system using the utilitarian
or egalitarian filter is sound, i.e. finds the target solution, if the size of the
displayed set k is sufficiently large for the € and the number of preferences that
the users poses, and if the user correctly and completely states his preferences.
This allows computing the right number of displayed solutions to display based
on experiments that determine the number of preferences that a user is likely
to state.
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