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Abstract
Spoken dialogue systems have a strong requirement to produce
concise and informative utterances. While interacting over a
phone, users must both understand the system’s utterances, and
remember important facts that the system is providing. Thus
most dialogue systems implement some combination of differ-
ent techniques for (1) option selection: pruning the set of op-
tions; (2) information selection: selecting a subset of informa-
tion to present about each option; (3) aggregation: combining
multiple items of information succinctly. We first describe how
user models based on multi-attribute decision theory support
domain-independent algorithms for both option selection and
information selection. We then describe experiments to deter-
mine an optimal level of conciseness in information selection,
i.e. how much information to include for an option. Our results
show that (a) users are highly oriented to utterance conciseness;
(b) the information selection algorithm is highly consistent with
user’s judgments of conciseness; and (c) the appropriate level of
conciseness is both user and dialogue strategy dependent.

1. Introduction
Spoken dialogue systems have a strong requirement to produce
concise and informative utterances. While interacting over a
phone, users must be able to both understand the system’s ut-
terances, as well as remember important facts that the system is
providing. Utterances that are too long, or that contain too much
information will not be easily understood or remembered. This
requirement is especially important during the information pre-
sentation phase of the dialogue. After obtaining enough user
constraints, the system looks up potential options matching the
constraints in a database of information, such as information
about airline flights, train schedules, or entertainment options
[1, 5]. Often, more options are returned than the system can
provide in one system turn; it is also often the case that more
information is available about each option than the system can
provide in a single turn. Thus most dialogue systems imple-
ment some combination of different techniques for (1) option
selection: pruning the set of options; (2) information selection:
selecting a subset of information to present about each option;
(3) aggregation: combining multiple items of information suc-
cinctly.

One technique for option selection is to base the pruning al-
gorithm on a model of the user. In previous work, we describe
how user models based on multi-attribute decision theory sup-
port an algorithm for the selection of options that are tailored
to an individual user’s known preferences [6, 7]. This selection
procedure can be used to select a single best option and recom-
mend that to the user, or to select a subset of options in order
to provide the user with a comparison between several highly
ranked options. We implemented these techniques in AT&T’s
MATCH system (Multimodal Access to City Help), a system
that provides information about restaurant and entertainment
options in New York City [3].We showed experimentally that
users preferred recommendations and comparisons that were
tailored to their individual preferences. In these experiments,
we also used the decision-theoretic user models for algorithms
for information selection, i.e. given a particular level of concise-
ness, the user model determines which attributes of an option

Usr Concise? Output
CK Concise Bond Street has the best overall value among the selected

restaurants. Bond Street has excellent food quality.
CK Sufficient Bond Street has the best overall value among the selected

restaurants. Bond Street has excellent food quality. It’s a
Japanese,Sushi restaurant.

CK Verbose Bond Street has the best overall value among the selected
restaurants. Bond Street’s price is 51 dollars and it has ex-
cellent food quality and good service. It’s a Japanese, Sushi
restaurant.

BA Concise Komodo has the best overall value among the selected
restaurants. Komodo’s a Japanese, Latin American restau-
rant.

BA Sufficient Komodo has the best overall value among the selected
restaurants. Komodo’s price is 29 dollars and it has very
good service. It’s a Japanese, Latin American restaurant.

BA Verbose Komodo has the best overall value among the selected
restaurants. Komodo’s price is 29 dollars and it has very
good service, very good food quality and good decor. It’s a
Japanese, Latin American restaurant.

Figure 1: Recommendations for Users CK and BA, for the East
Village Japanese Task, of Varying Levels of Conciseness.

should be presented. These algorithms are domain-independent.
Figure 1 shows recommendations generated by MATCH for

users BA and CK for the task of finding a Japanese restaurant
in the East Village. The figure illustrates user-tailored option
selection and information selection. Option selection is illus-
trated by the fact that different restaurants are recommended to
each user. The known preferences for users BA and CK, as
represented in their user models, leads the algorithm to select
Bond Street for CK and Komodo for BA. Information selection
is illustrated by the fact that, for the same level of conciseness,
different attributes are mentioned to BA and CK, again accord-
ing to their user models.

However, in previous work we did not attempt to determine
(a) whether users were sensitive to the dimension of concise-
ness; and (b) an optimal level of conciseness. Figure 1 shows
both verbose and concise descriptions for the same restaurant,
for the same user, that mention many or few attributes. This
paper presents and evaluates a technique for manipulating con-
ciseness, based on multi-attribute decision theory. We exper-
imentally evaluate users’ sensitivity to conciseness and deter-
mine the level of conciseness users perceive as optimal for user-
tailored recommendations and comparisons. We first motivate
the algorithm, describe the evaluation method, and then present
the experimental results.

2. An Algorithm for Information Selection
Multi-attribute decision models: Multi-attribute decision

models assume that if anything is valued it is valued for multi-
ple reasons [4]. In the restaurant domain, the approach assumes
that a user’s preferred restaurants optimize a combination of
restaurant attributes. In order to define a multi-attribute deci-
sion model for this domain, we first determine these attributes
and their relative value for particular users. This involves the
identification of (a) important domain attributes; (b) derivation
of the user model.1

1Our focus here is on the information selection component of our
algorithm when applied to recommend and compare strategies. The
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Usr FQ SVC DEC Cost Nbhd FT Nbhd Likes Nbhd Dislikes FT Likes FT Dislikes
CK 0.41 0.06 0.03 0.10 0.16 0.24 Upper East Side, Upper West Side,

Chinatown, Lower Manhattan,
TriBeCa SoHo

The Bronx, Harlem Chinese, French,
Indian, Mexican
Tex-Mex

Health Food, Noodle
Shops, Thai, Vegetarian,
Vietnamese

BA 0.10 0.16 0.06 0.24 0.03 0.41 Downtown, Midtown, East Village,
TriBeCa SoHo

The Bronx, Harlem Cajun Creole,
Greek, Italian,
Japanese, Seafood

Coffeehouses Desserts,
German, Steak

Figure 2: Example User Models: FQ = Food Quality, SVC = Service, DEC = Decor, Nbhd = Neighborhood, FT = Food Type

User Restaurant Uh FQ(wtd) SVC(wtd) DEC(wtd) Cost(wtd) Nbhd(wtd) FT(wtd)
BA Komodo 77 22(7) 22(10) 19(4) 29(18) 2 36
BA Japonica 71 23(7) 18(7) 15(3) 37(16) 2 36
BA Takahachi 71 21(6) 17(6) 14(2) 27(19) 2 36
BA Shabu-Tatsu 70 20(5) 18(7) 15(3) 31(17) 2 36
BA Bond Street 69 25(8) 19(8) 22(4) 51(11) 2 36
BA Dojo 66 15(2) 12(2) 8(1) 14(23) 2 36
CK Bond Street 63 25(34) 19(3) 22(2) 51(5) 7 12
CK Japonica 59 23(29) 18(3) 15(1) 37(7) 7 12
CK Komodo 59 22(26) 22(4) 19(2) 29(8) 7 12
CK Takahachi 54 21(24) 17(2) 14(1) 27(8) 7 12
CK Shabu-Tatsu 52 20(22) 18(3) 15(1) 31(7) 7 12
CK Dojo 30 15(10) 12(1) 8(0) 14(10) 7 12

Figure 3: Results of DB Query for East Village Japanese for users BA and CK: Uh = Overall Utility. WTD = Weighted utility for each
attribute. FQ = Food Quality, SVC = Service, DEC = Decor, Nbhd = Neighborhood, FT = Food Type

The important domain attributes correspond to attributes
about restaurants in the domain database, which may have con-
tinuous or categorical values. The continuous attributes in the
MATCH database are Food Quality, Service, Decor and Cost.
The categorical attributes are Neighborhood and Food Type.

The user model is represented as a linear function; the over-
all utility of a restaurant option is the weighted linear sum of
the attribute values, where the weights of each attribute are spe-
cific to each user. The real-domain values of each attribute x
must first be transformed into single-dimension cardinal utili-
ties u�x� such that the highest attribute value is mapped to 100,
the lowest attribute value to 0, and the others to values in the
interval 0 to 100. Then, if h (h = 1,2, � � � H) is an index identi-
fying the restaurant options being evaluated, k (k = 1,2, � � � K)
is an index of the attributes, and wk is the weight assigned to
each attribute, the overall utility Uh is defined as follows.

Uh �

KX

k��

wkuk�xhk�

Figure 2 shows example user models for users CK and BA.
The column values are the weights assigned to each attribute in
the user model or the category instance values for category pref-
erences. Preferred values for categorical attributes are mapped
to the high end of the utility scale and nonpreferred values to the
low end. Note that, when selecting a restaurant, user CK places
greatest emphasis on Food Quality, Food Type and Neighbor-
hood, while user BA values Food Type, Cost and Service.

Figure 3 shows how the user model affects the results of
a database query for “Japanese restaurant in the East Village”,
for users BA and CK. The same set of restaurant options are
returned, but their ranking by overall utility is user specific, as
reflected in their ranking according to the Uh column in Figure
3. The attribute columns show both the attribute values, and the
weighted attribute values after mapping into the utility scale and
weighting by each user model (wtd).

The Conciseness Algorithm: The weighted attribute
model enables us in principle to determine the likelihood that
mentioning a given attribute will change the user’s belief state.
For example, compare the recommendations in Figure 1. The
most concise recommendation for both CK and BA mentions
one attribute. The weighted attribute values for each user in

reader should refer to [6] for full details of the derivation of the under-
lying user models and how these are used in the strategies.

Figure 3 predict how convincing a recommendation would be
that includes that attribute. Figure 3 indicates that telling CK
about Bond Street’s Food Quality should provide 34 utils (units
of utility) out of a possible 63. Similarly, telling BA about Ko-
modo’s food type is predicted to provide 36 utils out of a pos-
sible 77. Including more attributes makes the recommendation
more convincing, e.g. adding the Food Type attribute as in CK’s
Sufficient recommendation in Figure 1 should provide 46 (34
+ 12) utils out of a possible 63 total utils.

In sum, we map conciseness directly onto the weighted at-
tribute ranking of the user model: more concise descriptions
select the subset of attributes that maximally affect the user’s
belief state. More verbose descriptions also include lower
weighted attributes. Obviously, however, there is a trade-off
between maximizing expected utility, and verboseness. Men-
tioning more attributes increases expected utility while requir-
ing the user to remember more information. The algorithm and
experiment described below explore these trade-offs: concise
descriptions mention only the highest weighted attribute, suffi-
cient descriptions mention the top three weighted attributes, and
verbose descriptions mention 5 attributes.2

3. Experimental Method
The experimental procedure is adapted from previous experi-
ments [6]. The subject is an ”overhearer” of a series of dia-
logues, each involving one restaurant selection task. In each
dialogue, the output for each strategy is presented on a separate
web page. There are 6 tasks in the experiment, each involving
one or two constraints: (a) cheap restaurants; (b) restaurants in
Midtown West; (c) Italian restaurants in the West Village; (d)
restaurants in the Upper West Side; (e) French restaurants; (f)
Japanese restaurants in the East Village. The tasks were chosen
after extensive piloting to accommodate a variety of user mod-
els, to be fairly easy for subjects to remember, and to provide
sets of potential restaurants large enough to be interesting.

The user models for the subjects in our experiment were
collected in a separate process that took place before the exper-
iment itself. User model elicitation was done over the web, and
consisted of a series of very simple questions designed to elicit
attribute rankings. This is done as part of registering as a user
of the dialogue system.

2If an attribute is mentioned in the query, it is filtered out unless
the attribute value is only a partial match to the query, as in the BA
examples in Figure 1.



Each web page set up the task by showing the MATCH sys-
tem’s graphical response for an initial user query, e.g. “Show
Japanese restaurants in the East Village”. Then the page showed
the user circling some subset of the restaurants and asking the
system to compare or recommend options from the circled sub-
set. See Figure 4.

Figure 4: User interacting with map display in MATCH and
circling a subset of Japanese Restaurants in the East Village.

Subjects saw one page each for recommend, and compare,
for each task. On each page, they saw multiple system re-
sponses of differing conciseness. The order of the tasks, and
the order of appearance of strategies within the task was consis-
tent across subjects. However, the order of presentation of con-
ciseness variants was randomized from page to page. For each
instance of a recommend, or compare, the subject was asked to
state her degree of agreement (on a 5-point Likert scale) with
the following statement, intended to determine the conciseness
of the response: ”When choosing a restaurant, the amount of in-
formation provided by the system utterance is;” (1) far too little,
(2) too little, (3) neither too little nor too much, (4) too much,
(5) far too much.

To summarize, each subject ”overheard” a sequence of 12
dialogues about 6 different restaurant-selection tasks (once for
recommend, once for compare). The subject made 6 informa-
tion quality judgments per task. The total number of informa-
tion quality judgments per subject was 36. The total time re-
quired to complete the experiment was approximately half an
hour per subject.

Twenty one subjects completed the experiment. All were
fluent English speakers. We collected demographic informa-
tion, about the frequency they ate out, and their familiarity with
Manhattan, in case these affect their judgments. Most eat out
moderately often (eleven eat out 3-5 times per month, ten 6-10
times). All subjects currently live in northern New Jersey or
in Manhattan. Fourteen described themselves as somewhat or
quite familiar with Manhattan, while seven thought they were
not very familiar with it. After the experiment, 16 subjects
(76%) identified themselves as agreeing with the statement that
they would like to use a system like MATCH in the future.

4. Experimental Hypotheses
We tested two major hypotheses. Our first hypothesis addressed
user’s sensitivity to conciseness and the correspondence be-
tween algorithmic conciseness and user judgments of concise-
ness. Our expectation was users would discriminate between
different descriptions in terms of conciseness. More specifi-
cally, we expected that outputs we had operationalized as con-
cise should be judged as providing too little information, out-

puts operationalized as sufficient should be judged as providing
the right amount of information, and outputs operationalized as
verbose should be judged as providing too much information.

Usr Concise? Output
CK Concise Among the selected restaurants, the top 3 in terms of overall

value are as follows. Bond Street has excellent food quality.
Japonica has excellent food quality. Komodo has very good
food quality.

CK Sufficient Among the selected restaurants, the top 3 in terms of overall
value are as follows. Bond Street has excellent food qual-
ity. It’s a Japanese, Sushi restaurant. Japonica has excellent
food quality. It’s a Japanese, Sushi restaurant. Komodo’s
price is 29 dollars and it has very good food quality. It’s a
Japanese, Latin American restaurant.

CK Verbose Among the selected restaurants, the top 3 in terms of overall
value are as follows. Bond Street’s price is 51 dollars and it
has excellent food quality and good service. It’s a Japanese,
Sushi restaurant. Japonica’s price is 37 dollars and it has ex-
cellent food quality and good service. It’s a Japanese, Sushi
restaurant. Komodo’s price is 29 dollars and it has very
good food quality and very good service. It’s a Japanese,
Latin American restaurant.

Figure 5: Comparisons for User CK, for the East Village
Japanese Task, of Varying Levels of Conciseness.

A second hypothesis concerned the relation between con-
ciseness and information provision strategy. Contrast the com-
parisons in Figure 5 with those above in Figure 1. Of the
two strategies, comparisons inherently contain more informa-
tion than recommendations, because they mention multiple op-
tions and their attributes. We should therefore expect users to
judge comparisons as more verbose.

We analyzed the user data using ANOVA. Independent
measures were Algorithmic Verbosity (Verbose, Sufficient,
Concise), Strategy (Recommend, Compare) and Task (cheap,
Midtown West, West Village Italian, Upper West Side, French,
East Village Japanese). We first transformed the elicited user
judgments on a linear scale, so that an output judged to pro-
vide ”far too little information” was scored -2, ”too little” -1,
”neither too much nor too little” 0, ”too much” +1, and ”far too
much” +2. The transformed measure of conciseness was used
as the ANOVA dependent measure.

Figure 6 indicates the relationship between Algorithmic
conciseness and user judgments. It shows both that users are
sensitive to conciseness and that user judgments paralleled our
algorithmic implementation. Consistent with our hypothesis,
outputs generated as concise were more likely to be judged as
having too little information than those generated to be suffi-
cient, which in turn were likely to have less information than
those generated to be verbose (F(2,1506)=559.1, p � 0.0001),
with post hoc tests showing judged differences between Algo-
rithmically Concise and Sufficient, and between Algorithmi-
cally Sufficient and Verbose (both p � 0.0001). Furthermore,
there was a strong correlation between algorithmic conciseness
and the judgements (r = .66, p � 0.0001). Together these data
show that we have algorithmic control over conciseness. Fur-
thermore the algorithm was stable across tasks: there were no
task differences or interactions involving task.

Nevertheless Figure 6 also indicates the need for further cal-
ibration of the algorithm. It shows that outputs generated to be
sufficient are judged at -0.23, and those generated to be verbose
are judged as 0.18. These observations suggest that we may
be providing marginally too little information for our sufficient
outputs and too little for our verbose outputs. This in turn would
imply a need to tune the algorithm, in particular by adding more
information to the sufficient statements. These data also sug-
gest that judgments of conciseness may be asymmetric, indicat-
ing a preference for too much than too little information: even
algorithmically verbose descriptions were judged as providing
marginally too much information. This asymmetry may occur
because users main concern is with whether they have enough
information to carry out their task. Providing them with too lit-
tle information is therefore judged negatively because they have



Figure 6: Relationship between Algorithmic Conciseness and
User Evaluations.

insufficient information for the task. In contrast, providing too
much information still allows them to execute the task, even
though they have to remember more information to do this.

Our second hypothesis concerned the relationship between
judged conciseness and strategy. Figure 7 shows as predicted
that recommendations are judged to be more concise than com-
parisons (F(1,1506)=4.4, p�0.05). Furthermore, there is an
interaction between strategy and judgments (F(1,1506)=3.0,
p�0.05), with the main difference being accounted for by users’
tendency to judge verbose comparisons as containing more in-
formation than verbose recommendations (post hoc test, p �

0.05). Possibly this was because verbose comparisons mention
a total of 10 attributes, 5 more attributes than verbose recom-
mendations, and this is perceived to be a large additional mem-
ory burden.

Figure 7: Conciseness Judgments for Different Strategies.

Finally, despite our tailoring of information content to in-
dividual users’ preferences, it was clear that there were dif-
ferences between users in terms of their overall perception of
conciseness. Figure 8 shows users’ judgments of overall pre-
sentation conciseness for each level of algorithmic conciseness.
There are large individual differences between users. While
most users judged that presentations provided slightly too lit-
tle information overall, there was large individual variability,
with some users judging presentations provided too little infor-
mation (overall mean=-1.2), and others judging that presenta-
tion provided sufficient information (overall mean = 0.2). This
suggests that the level of conciseness should also be tailored to
individual preferences.

Figure 8: Individual differences in Conciseness Judgements.

5. Conclusions
We investigated techniques of information presentation attempt-
ing to optimize trade-offs between: (a) complete descriptions of
complex information; (b) memory demands for remembering
such information. We demonstrated the effectiveness of an al-
gorithm intended to manipulate conciseness, although there are
still outstanding issues concerning the exact calibration of this
technique for different output strategies and users.

We build on related work by Carenini and Moore on gen-
erating user-tailored arguments in the real-estate domain [2].
They experimentally evaluated whether users preferred concise
arguments over verbose arguments. Conciseness was manipu-
lated by varying how many standard deviations a weighted at-
tribute had to be away from the mean to be considered worth
mentioning, i.e. how much of an outlier the weighted attribute
value was. We also used this method in our previous work [6].
In the experiments reported here, we manipulated conciseness
using a simpler method showing that users’ judgements of con-
ciseness were highly correlated with our algorithm manipula-
tion.
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