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Abstract

Incremental utility elicitation (IUE) is a decision-
theoretic framework in which tools simultaneously
make suggestions to a human decision maker based
on an incomplete model of the decision maker’s util-
ity function, and update the model based on feedback
from the user. Most systems that perform IUE construct
and ask questions about a small number of alternatives
in order to build a model of the user’s preferences. We
describe a system callegeiL that is based on visual
exploration of the available alternatives and provides
visual cues about their estimated utility based on IUE.
VEIL uses a linear programming formulation to make
fast updates to the utility estimate based on the user’s
expressed preferences between pairs of alternatives. In
experimentsyEIL’s update method converges quickly
to make good suggestions and help the user form an
overall impression of the space of alternatives.

Introduction

Most existing systems using IUE follow an approach
where only a small number of alternatives is shown to the
user at one time. Some of these approaches are based on
the standard gamble elicitation technique (von Neumann &
Morgenstern 1967), in which the utility of one outcome is
ascertained by comparing it to a lottery involving two oth-
ers. Others are inspired by instances of decision making
involving human agents, for example a travel agent, where
only a few options are explicitly discussed because of the
limitations of the telephone or email. Decision makers of-
ten benefit from an information-rich environment that shows
a considerable range of alternatives, or from more detailed
information about the space of alternatives than is used in
these techniques. A visualization of the alternatives can be
employed to help users make choices when there are many
multi-variate alternatives (Ahlberg & Shneiderman 1994;
Pu & Faltings 2000). However, these techniques are typi-
cally based on incremental query construction, and most do
not provide feedback on the utility of the alternatives.

We present an implemented systevajL?, that provides

Decision theory is a weII—test'ed approach to helping a user a visualization of many alternatives that emphasizes some
choose from a set of alternatives when the user’s preference of their important features, and uses incremental utility elic-
structure is known. The preferences are usually representeditation to build a model of the user's preferences and make

as a utility function on the set of alternatives such that the
user prefers an alternative exactly when it has higher utility.
In cases where the utility function is unknown or partially
known, it must be elicited from the user in order for deci-
sion theory to be applicable, and this can often be a time-
consuming process that has unknown payoff for the user.
Systems based on incremental utility elicitation (IUE) in-
terleave utility elicitation with applying the current utility
model to the set of alternatives in order to make sugges-
tions (Chajewska, Koller, & Parr 2000; Linded al. 1997;
Ha & Haddawy 1997). With this approach, the system can

suggestions. This work has three main contributions. First
is the use of a visual exploration tool to display alternatives
combined with incremental utility elicitation. The user can

view alternatives through either custom or user-generated
two-dimensional projections and can drill down on the in-

formation about a particular alternative. At the same time
visual feedback is presented on the system’s current util-
ity estimates for all the displayed alternatives. The user can
provide utility information either by changing weights or by

indicating a preference between two alternatives directly in
the interface. We show by example that the richer informa-

make suggestions to users from the start, often based on ation environment can help users make better decisions more

default utility, and can improve its suggestions over time as
new information is gathered about the utility. Incremental
utility elicitation can also be more focused than elicitation

made prior to decision making, because users may recog-

nize that an optimal or near-optimal solution has been found
even though the system does not have the full, potentially
complex utility model.

Copyright © 2002, American Association for Atrtificial Intelli-
gence (www.aaai.org). All rights reserved.

quickly.

Second, we describe a novel scheme for utility updates
based on the set of preferences from the user. The sys-
tem represents a utility function as a linear combination of
constraint features. The update scheme maintains the util-
ity weights as the vector solution of a linear programming
problem whose constraints correspond to the user’s prefer-
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ence vectors. This leads to an efficient update scheme that Visual exploration of alternatives
maintains an incremental utility estimate that is relatively

stable, and prOVideS a efficient test for violation of the linear
utility assumption. View Axes Choice

Third, the system uses a more expressive language tha Outward deniarture and arrival time
many systems performing incremental utility elicitation. — e
The utility model is a linear combination of attributes that mmii—l
are themselves open to modification and creation by the ol oL L ‘
user. For example, while preferring low cost alternatives in BAM | Alaska. 320 3789
a travel planning system, the user can easily incorporate i |
discount on certain airlines in the computation of flight cost, o
essentially linking the two attributes. Tools providedin Con- —
stable (Blytheet al. 2001) allow the attributes to be modi- oty A1 (10 00| e
fied or new attributes to be defined through an English para | T i S
phrase. The system will also suggest maodifications to the A —
attributes when the assumption of a linearly additive utility .. em |
is violated. departure

In the next section we discuss existing systems for inter- ™ g e o S |
active utility elicitation and describe the flight planning do-
main, used for examples in this paper. Next we describe 2
the VEIL tool that integrates visual exploration and IUE and
show an example of a user’s interaction with the system. The T
next section describes the utility vector update scheme use [ Air-Canata £315 {451 99 [bES I
in VEIL, followed by empirical results with different update i [ _Aloska: $341 (29) 08|
algorithms and different measures of convergence. Next we \
show how users can edit the attributes used in the utility vec- o | hivcanagas a3 @00

tor and how changes are suggested by the tool. Finally we
discuss the relation to existing approaches and describe pos-Figure 1: A projection of the alternative flights by outbound

sible future work. departure time, with width showing outbound duration and
. o with grey-scale coloring according to the initial estimated
Incremental utility elicitation utility.
In the general multi-attribute decision problem (Keeney &
Raiffa 1993) we have a sé&? of outcomes and a sét of In theVEIL system, users interact with a two-dimensional

strategies, each of which has an associated probability dis- projection of the alternatives corresponding to two attributes
tribution over the outcomes. Our aim is to find a strategy used for ther andy coordinates, and optionally others de-

that is preferred by the user based on her preference struc-picted with shape, width, height and a textual label. For
ture over outcomes. We assume the user is rational, so theexample, Figure 1 shows a projection of alternatives for

preferences can be expressed by a utility functiof) that a round-trip flight from Los Angeles to Victoria, British
mapsO to the real numbers, such that outcomeis pre- Columbia. In this projection, botlh andy coordinates are
ferred too, if and only if u*(01) > u*(02). The outcomes based on the outbound departure time, while the width of
are described by a set of attributésvhere eacla; € Aisa each bar shows the duration of the outbound flight. Users

functiona; : O — domair{a;). The utility u*() is assumed can change the projection at any time by choosing the at-
to be a function of the attributes. We do not have access to tributes to use for each axis, and the projection is automati-
the user’s true utilityu™() but instead create a model() cally scaled — this layout was chosen because no rectangle
based on information from the user. We refent() as the is likely to completely obscure another. The flight data were
estimated utilityof o. In the rest of this paper, we assume retrieved from the web using wrappers, and represent 500 al-
a correspondence between strategies and outcomes, so théernatives. However, since many round-trip flights share the
user task is to choose an outcome. We refer to the outcomessame outbound leg, only 91 distinct alternatives are visible
as alternatives. and each visible rectangle accounts for a group of 5 flights
Choosing a round-trip flight between two locations is an on average. The label on each rectangle first shows the air-
example of this problem. The sétof alternatives is the set  line and cost of the represented flight that has the maximum
of available flights, described by attributes like cost, time of estimated utility for the group. Next to the cost is shown
departure and airline. Many tools exist on the web that can the number of separate alternatives in the group, and finally
retrieve flights and allow the user to browse them through a the maximum estimated utility, re-scaled to range from 0 to
fixed scheme, for example for browsing by price, airline, or 100. Users can select a rectangle to bring it to the front of
time of departure or arrival. However these sites can eas- the display or to see more information about that choice in a
ily generate thousands of flights for a query and a fixed separate window.
browsing scheme can be cumbersome if it does not match  This display broadly follows the Star field approach
the user’s requirements (Pu & Faltings 2000). (Ahlberg & Shneiderman 1994), which is a popular tech-



nique for displaying large sets of multi-attribute data. We as a preference for the Air Canada flight departing at 1pm
chose to organize alternatives spatially by two attributes be- over the flight departing at 12pm. Figure 2 shows the result-
cause the attributes in travel planning carry intuitive mean- ing utility estimate that has been adjusted to take this prefer-
ing. Other display methods use techniques such as multi- ence into account. Preferred flights are now mostly found in
dimensional scaling that project the alternatives onto two the lower right corner of the screen, and the new preferred
dimensions in a more flexible way (Marlet al. 1997). alternative is the Alaska flight leaving after 4pm. The next
While these approaches can place items more efficiently and section describes how the utility function is updated based
avoid occlusion, it is harder to draw conclusions about the on the preference.
attributes of items from their positions. Using estimated utilities to both order and highlight good

Two features of the layout are chosen to help the user find flights significantly helps users in the task of searching for
high-utility alternatives easily. First, the grey-scale shading good flights. As an illustration, we inspected a version of
of each rectangle is chosen to represent its rank in the order- the display in Figure 1 but with uniform colors and a random
ing based on utility, with the best alternative in white and the ordering of overlapping rectangles. Since some flights were
worst in black. Second, because the layout of alternatives is obscured, we found either a Northwest flight leaving at 4pm
directly proportional to two attributes, the rectangles for al- or a United flight leaving at 1pm. The option suggested by
ternatives may overlap as in Figure 1. When this happens, the tool is significantly better than these.
the alternative with higher estimated utility is placed on top. )

Figure 1 shows a default utility that minimizes cost and Interaction style
the outbound and return flight durations, with equal weight Can the graphical system support the same kind of inter-
after the attributes are normalized. The display provides the actions that decision makers are used to? We analyzed an
user with summary information despite the large number of email conversation with a travel planner to pick a flight, frag-
alternatives. For instance, there are good flights leaving at ments of which are shown below, and compared the activi-
regular intervals through the day until about 4pm. The pre- ties it contained with the types of interaction supported by
ferred option according to the default utility is the United our tool. The activities can all be classified as seeking or

flight leaving at 1pm. providing information, either about available alternatives or
about the utility function.
8 Vil Candidale view The first passage suggests an option, explains why it can-
e Rz Renes: o e — not be improved on one dimension but suggests an alterna-
o o e om0 tive that improves on this feature by making other compro-

LT TR it e i m— mises. This suggestion also elicits utility information.
e ————— Here is a tentative itinerary. Leaving Victoria on the

8AM \ , .
22nd, can’t get much later due to the time change and
SR

flight times from Seattle - DC. There is a red-eye that
leaves at 10.30pm out of Seattle if you are interested in

RN m leaving later?

AN R — VEIL suggests options with high estimated utility but does
I ,|ﬂmm|mmm|mj, | not oﬁe(.explanatory information. _The repl_y both pro-
aeparture vides utility information about specific domain attributes
e i and seeks information about alternatives.

2o Thanks. Is there anything later leaving on the 20th?

— [outbound leg]. The flight from Victoria to Dulles is ok,

T | don’t want a red-eye.

[ Air-Canada $316 (45) 09 | 87 1, . .

e BT T — VEIL allows preferences between options to change util-

1 1 1 ity weights, providing this information as we showed with
= e R — the example above. The information sought could be found

from a projection of the alternatives.
Figure 2: Choices with grey-scale shading according to the _ N
adjusted utility Updating the utility model

As well as directly changing weights an alternatives, the user

For the purpose of finding an optimal solution, the value can update the utility by expressing a direct preference on
of this tool is limited by how well the utility estimate  alternatives in the display, as described above. This is some-
matches the user’s true utility. The user can update the util- times preferable because the user does not need an explicit
ity estimate directly, through a window where each attribute understanding of the relative weights of different features in
and its weight is shown and can be changed. The utility can the utility function. It can also provide more information
also be updated indirectly by stating a direct preference on because in addition to indicating attributes whose weights
the alternatives displayed on the screen. In this example, the should change, it also gives a lower bound on the amount of
user prefers to depart as late as possible, and expresses thishange required in order to accomodate the new preference.



VEIL uses a linear estimate for utility, so
n
u'(0) = Zwiui(o)
i=1

where the utility function has components; (), andw; is
the weight attached to thth component. For example, one
component might be the cost of a flight, another might be

it. In VEIL, the LP problems are solved using the Sim-
plex algorithm. Although this is known to have exponen-
tial worst-case behavior, the algorithm is often competitive
with the polynomial-time interior-point method in practice
(Spielman & Teng 2001). We have not found the running
time of the LP solver to be a problem, but a potential im-
provement is to maintain a set of extremal preference vec-
tors, so that the rank oA is as low as possible while still

its duration and a third might encode a preference over the representing the same polytope.

airline used. The components are normalized so that each

ranges from O to 1 in value over all outcomes under consid-
eration.

For convenience we identify the outcomwith the vector
of component utility functions = (u;(0),1 <4 < n), and
write the summation as a dot product,:8¢0) = w'.o, the
dot product of the weight and utility vectors. When a new
pairwise preference is introduced to the system,say b
for alternativesa andb, this is interpreted as a linear con-
straint onw’:

w.a>wb
SO
w'.(a—b) >0

We refer toa — b as thepreference vector Each pref-
erence vector therefore induces a linear constraint on the
weight vectorw’, a half-space in whickv’ must lie. There
is a solution forw’ if and only if the polytope defined by the

intersection of the half-spaces orthogonal to each preference

vector is non-empty. Any vector lying in the polytope will
constitute a solution. However it is computationally expen-
sive to enumerate the faces of the convex hull in more than
a few dimensions, so instead we solve a linear programming
(LP) problem whose constraints include the preference vec-
tors:

Maximizec.w
Subjectto:Aw > 0,
—1<w;<1for1<i<n

where the vectow hasn dimensions and the preference
matrix A has rows corresponding to the preference vectors.
The final conditions on thev; ensure that the solution is
bounded. If this LP problem is infeasible, then the origi-
nal assumption of linearity in the utility model is violated.
Otherwise, any solution will correspond to a utility function

In most domains we would like the tool to begin with a de-
fault utility that captures common preferences, for instance
to minimize duration and cost of both outbound and return
parts of the roundtrip flight. These are captured by prefer-
ence vectors that are unioned with the set of user-specified
preference vectors. The size of the convex space defined by
the vectors can be adjusted to control the latitude that the
user has to deviate from the default utility.

Choosing the features to update

The basic update scheme above might produce unexpected
utility weights when only a small number of preferences is
given in a high-dimensional space. In addition, decision
makers can often point to a reason why one alternative is
preferred over another, in terms of a subset of the features of
the alternatives, although they may find it hard to describe
an explicit utility function. To exploit of this information,
the user can also nominate a subset of the features whose
weights are to be altered when a preference is given. We first
attempt to update the utility estimate while modifying only
these weights, by solving the linear programming problem
created from the original by setting the remaining variables
to their values in the current utility estimate. If there is no
feasible solution for this more constrained LP we relax the
conditions and seek a solution with the original set of non-
zero weights.

The nominated subset of attributes is chosen when the
user expresses the preference in the alternatives display,
through a menu that shows the attributes of the alternatives
that could be used as components of the utility function. At-
tributes that have the same value for the two alternatives are
not selectable and are shown greyed out in the menu. Using
a subset of features allows a more natural interaction with
the decision maker, including expressions like ‘I prefer this

that respects the user's preferences, regardless of the choiceflight because it arrives later’.

of the objective function, specified by the veatoe adopt
the solutionw’ as the new utility estimate.

There are several choices forthat lead to interesting
properties fow’. If we choose: = w,, the previous utility

Experiments

VEIL includes two different ways that a decision maker can
modify the utility estimate: either by altering the weights

estimate, the LP makes the new estimate as close as possiblalirectly or by expressing pairwise preferences on the alter-
to the old one, leading to a conservative update algorithm. natives that are displayed in the visualization. The decision
If we choosec = ), a;, the sum of the preference vectors, maker must have a good idea of how to interpret her pref-
the new estimate will be as close as possible to an averageerences in terms of global weights in order to use the di-
of the user’s stated preferences. In practice we solve for a rect approach effectively. Since updates based on pairwise
small number of different values @fin order to sample the preferences do not require this knowledge, one can ask how
space of feasible utilities. much more interaction is generally required for the tool to

Our utility update algorithm adds a new row to the pref-
erence matrixA and solves the new LP problem whenever

converge on a utility estimate that well represents the deci-
sion maker’s preferences. Perhaps surprisingly, our experi-

the user adds a preference. We skip this step if the previous ments indicate that, in some cases, little extra interaction is

utility is feasible and the objective function would choose

required.
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Figure 3: Rates of convergence for utility update based on
pairwise preferences, as a function of the number of linear
components in the 'true’ utility.

Before describing experiments that support this, we dis-
cuss notions of convergence for utility estimates. The
strictest form of convergence is to ask that the estimated util-
ity and the decision maker’s true utility function be identi-
cal up to a scale factor (which will not affect preferences).
However, a less precise match will generally be adequate for
the decision-making task and might require less work from
the user. One might measure the utility loss, in terms of the
decision maker’s true utility, of accepting the suggested al-
ternative based on the estimated utility. However in a visual
tool like VEIL, the user will also inspect a number of alter-
natives apart from the best under the estimated utility.

Therefore we include two other measures of convergence.

First, the Kendall rank correlation coefficientmeasures

measures: the Kendall rank correlation0.95, the utility
loss zeroi(e. a maximally preferred item is selected by the
estimated utility), and finally the condition that the best ten
alternatives in the true utility are also the best ten under the
utility estimate.

For each value ofi we ran at least 30 trials with ran-
domly generated utility functions on 500 real flights gener-
ated in response to a travel request. The upper line in Fig-
ure 3 shows the average number of pairwise preferences that
have to be specified for all three convergence measures to be
met. It can be seen that the average number of preferences
required is one or two more than the number of features in-
volved for this range of values. A direct update to the utility
function would require up ta — 1 weights to be set, so the
amount of interaction required faEIL to estimate the util-
ity function based on pairwise preferences is comparable.
The lower line on the graph shows the average number of
preferences required for convergence according to the ‘best
ten’ measure.

In the experiment, knowledge of the true utility was used
to select a pair of alternatives whose utilities do not reflect
the true preference, a task we expect the user to perform in
real use. Global knowledge of the true weights is not nec-
essary for the algorithm to converge, however in order to
achieve the convergence rates shown in Figure 3, the pairs
were selected so that their utility difference was above a
threshold. When random pairs of alternatives were selected,
convergence was considerably slower. It seems plausible
that users will provide information about preferences that
are clearly different from those of the current estimate rather
than preferences with only a slight difference, but user ex-
periments are needed to test this hypothesis.

Editing the features for expressivity

how close are the rankings on the alternatives induced by The tool makes the assumption that the utility can be mod-
the two utility functions on the set of available alternatives elled as the weighted sum of attribute values. When this as-
(Noether 1986). This is the difference of the proportion of sumption is violated, the violation is detected in our utility
pairs of alternatives in the same order in each ranking and update scheme when the linear program has no feasible so-
the proportion of pairs in the opposite order. The value of |utions. In this case the tool can suggest ways to change the
7 ranges from 1 for identical rankings to -1 for precisely attributes that are used in the linear sum. First we describe
opposite rankings. For the second measure, we take into ac-how the features themselves can be changed, with some ex-
count the limited cognitive effort that the decision maker is amples of typical changes.
likely to spend examining alternatives. We assume that the  The attributes that form the linear components of the util-
user will check only the best ten items according to the es- ity estimate invEIL are represented as declarative functions
timated utility, and test whether this coincides with the best written in theexPECT language (Blytheet al. 2001). This
ten items in the true utility measure, although perhaps in a system includes tools that allow users to form expressions
different order. There are clearly many variations of these based on the domain features that include iteration and con-
measures that might be appropriate in certain situations, but ditional tests, as well as arithmetic and set theoretic oper-
these are sufficient to compare the rates of convergence of ations. A flight cost utility component can be modified to
the two utility update schemes VEIL . model a 15% discount on United, for example, or a depar-
For our experiments, we assumed that the decision turetime componentcan model 'departure time close to 9am
maker’s true utility is a linear combination of between 2 or close to 5pm’.
and 5 features. The features are known to the system, but Rather than store the preference vectors directisiL
not their correct weights. The tool begins with a uniform stores the pairs of outcomes for which the user expressed
weighting of features and selects a pair of alternatives such a preference. Thus when the component utility features are
that the preference in the true utility is the reverse of the pref- changed, the preference vectors corresponding to the out-
erence in the estimated utility. This preference is used to up- come pairs can easily be recomputed. The set of preferences
date the estimated utility using the linear programming tech- nominated by the user is likely to be fairly small, making
nigue described above. We considered three convergencethis approach feasible.



Recovering from a violated linearity assumption

We note that a piecewise linear utility function can be de-
fined to capture at least the ordering of a finite set of alter-
natives in any utility. The boundaries of the piecewise linear
utilities can be represented within each feature computation,
preserving the summation form of the overall utility model.
When a new preference vector leads to the linearity assump-
tion being violated, we find a minimal set of preference vec-
tors that violate the assumption (ie, are linearly dependent).
This mustinclude the most recently added preference vector.
Next we look at the features nominated in the preferences,
if any, and suggest modifying one of these. For each one,
a break-point is suggested with alternative weights on either
side, which are chosen so that the corresponding LP is fea-
sible.

Although we treat the violation of the linearity assump-
tion as evidence that the component utility features are in-
adequate to represent the user’s utility, users often enter in-
consistent preferences in practice for a variety of reasons.
While indicating a minimal set of inconsistent preferences
and showing how the utility functions may be adjusted to
accomodate thenmyeiL may also allow the user to modify
the preferences in case they were in error or the user’s utility
function is changing.

Discussion

VEIL is a decision-making aid that integrates incremen-
tal utility elicitation with visual exploration of alternatives.
VEIL provides an information-rich environment for the de-
cision maker, while using an incremental utility estimate to
help guide the search for a good alternative. The utility esti-

more control for the decision maker. Thus, we allow users

to supply preference information rather than answer queries
constructed by the system. Although the system can be ter-
minated at any time, we use stopping criteria that consider
the ordering of some or all of the alternatives to show em-

pirical rates of convergence. Hanks et al. (1997) describe
the Automated Travel Assistant that presents a shortlist of
examples to the user and allows direct updates to the utility
weights. Like us, Pu and Faltings (2000) use a visual ap-
proach to help a user choose a flight, but they do not make
use of utility estimates.

Work in mixed-initiative problem solving also empha-
sizes shared control between the user and the computer pro-
gram and has typically been applied to planning or schedul-
ing problems (Ferguson, Allen, & Miller 1996; Andersen
al. 2000; Myers 1996). The problem addressed/ByL is
less complex than these, but because of its mixed-initiative
strategy it may be an appropriate componentin more sophis-
ticated mixed-initiative systems, helping to present results
and giving users an opportunity to influence the problem-
solving behaviour of the system.

The application ofvEIL within more complicated plan-
ning and scheduling tasks is something we intend to study
in the future. Other areas to explore are how the existence
of a population of users or tasks can be exploited within this
framework. Intuitively, the utility functions of a decision
maker for two different flights are likely to be quite similar,
perhaps depending on the destination and purpose of travel.
Chajewska et al. (1998) have used clustering techniques that
might be applicable ivEIL through the objective functions
or constraints used in its linear program formulations. There
are also many directions to explore with both the utility up-

mate can be updated based on preferences that are expressedhate and the visualization portions\iL. Our initial work

directly in the exploration tool, or by modifying the weights.

shows this to be a promising approach in an increasingly im-

The resulting system can make a suggestion at any time, andportant research area.

the user can terminate the session at any time.

VEIL can detect when the linearity assumption is violated
and offer suggestions to recover. The recovery strategy may
be either to enrich the utility measure or to modify the user’s
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Ha and Haddawy (1997) motivate incremental utility elic-
itation and describe a system that constructs queries for the
user. They propose a heuristic based on rank correlation
for choosing the question to ask. Chajewska et al. (2000)
describe an approach to incremental utility elicitation that
makes use of a prior probability distribution on possible util-
ity models. At each step, their algorithm constructs a ques-
tion for the user with optimal value of information, stopping
when the expected utility loss is below a threshold. Our
approach does not assume a prior distribution on utilities,
and follows a principle of providing more information and
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