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Abstract. Learning users’ preferences plays a central role in AI-
supported decision making. We present a Bayesian preference elic-
itation framework supporting arbitrary utility functions on a multi-
attribute domain of alternatives. We experimentally compare differ-
ent myopic measures for optimal query selection and show that a
suitable entropy-based measure can achieve the same loss reduc-
tion of a classical value-of-information measure, in significantly less
time.

1 Introduction
Learning users’ preferences plays a central role in AI-supported de-
cision making. In this context, Bayesian Preference Elicitation (PE)
is an active learning process that, starting from a prior belief over the
user’s preferences, asks a sequence of questions, while updating the
current belief according to the usual Bayesian rules. As application
scenario, we consider interactive recommender systems, capable of
handling tens or hundreds of available alternatives. PE-based recom-
menders may be preferable to systems that silently track users’ be-
haviors (e.g., songs heard or web sites visited) whenever users con-
sult the recommender only occasionally, e.g. buying a new smart-
phone or booking a hotel in a large city.

To learn the users’ preferences efficiently, principled elicitation
strategies have been designed that, according to the answers already
collected, select at each step the most informative query. Largely, the
goodness of a query has been evaluated by the Expected Value of
Information (EVOI). Roughly speaking, the EVOI of a query mea-
sures the improvement, in term of expected utility of the preferred
alternative, that answering that query provides. Differently, in [14],
the query selection aims at reducing the uncertainty about who the
user really is, by evaluating each query in terms of the expected en-
tropy resulting from its possible answers. It is an open question which
selection methodology (EVOI vs entropy) provides better results in
terms of accuracy and performance. In this paper, we tackle this is-
sue by proposing a systematic comparison between EVOI-based and
entropy-based selection strategies within a general PE-based recom-
mender framework.

In particular, we are concerned with PE recommender systems
suitable for concrete eCommerce scenarios. In these contexts, two
aspects are of fundamental importance to meet the user’s expecta-
tions. First, answering a query should require a low cognitive load
[6, 10]. In this respect, we follow [6, 7, 18], where the query language
consists in the set of pairwise comparisons of concrete alternatives.
Pairwise comparisons are less ambiguous, easier to answer, and less
prone to be influenced by hidden user bias with respect to queries
that force the user to evaluate an alternative in absolute terms (e.g.
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“How much you would pay for a smartphone XYZ?”). Moreover,
since pairwise comparisons are homogeneous and do not depend on
any specific application domain, they allow to develop general PE
systems. Secondly, PE-based recommenders should provide an on-
line user experience ensuring that the lag to select the next query
does not affect the fluency of the interaction. This puts serious con-
straints on the performances of the query-selection phase, especially
in the case of pairwise comparisons, where the search space grows
quadratically with respect to the number of alternatives.

As in [10, 18], we assume that alternatives are characterized by
a set of attributes and, in turn, users’ preferences are represented by
additive value functions over attributes. In order to support arbitrary
value functions and beliefs, we use the Markov Chain Monte Carlo
as sampling methodology to estimate the expected values. Moreover,
we employ best-arm identification techniques [1, 9, 4] to improve the
efficiency of the query selection step.

Possible indecisions generate uncertainty on the answers that a
user may give to a given question. In [2], each user is characterized
by her utility function, and that uncertainty is modelled by a condi-
tional distribution that, given a specific utility function and a query,
returns the probability to obtain a specific answer. We follow a sim-
pler approach. As in [10], we assume that a comparison between two
items x and y may result in three possible answers (x ≺ y, x � y,
and x ∼ y), where indifference is replied whenever the relative dif-
ference between the utility values of x and y is smaller than a pre-
scribed threshold. In this way, modelling this component of the PE
reduces from guessing an entire conditional distribution to setting a
single real-valued indecision threshold.

The first contribution of this work is to compare the EVOI-based
and Entropy-based query selection strategies. To this aim, we present
a test suite based on two concrete eCommerce scenarios: TripAdvisor
and Boston housing. In these settings, we measure both the perfor-
mance and the accuracy, the latter defined as the best-item misiden-
tification rate. The experimental assessment shows that EVOI is no-
tably more accurate than belief entropy but, on the other hand, it is
about 10x slower. This makes EVOI not suitable to on-line applica-
tions, even in case of few tens of items. The second contribution is
a new entropy measure, we call entropy of true top, which exhibits
the best qualities of both of the previous approaches: it runs approx-
imately as quickly as the belief entropy, while providing the same
accuracy as EVOI.

The paper is structured as follows. In Section 2, we describe PE-
based recommender systems and the different query selection strate-
gies in general terms. Section 3 provides a more specific model, in-
cluding all the assumptions mentioned above. Moreover, we describe
concrete implementations of the query selection strategies and how
best-arm identification is used to optimize the sampling process. Sec-
tion 4 shows the experimental results on the TripAdvisor and Boston
housing test suites. Final remarks end the paper.



2 Bayesian Preference Elicitation
In this section, we introduce our Bayesian preference elicitation
framework, describing the general model, the elicitation process, and
different query selection strategies proposed in the literature.

2.1 The General Model
As in [17] we consider a set I of possible items and we assume that
users are characterized by a utility function over the items u : I →
R. Notice that the set of items I represents all the possible features
a user takes into account when choosing among different options.
However, not all elements of I may be actually available to the user.
Some possible combinations of features may just be hypothetical and
represent, for instance, options that were available in the past, or that
are not on the market yet. Therefore, we distinguish a subset CI ⊆ I
of concrete items.

Let U be the set of possible utilities (a.k.a. user types), P(u) is
a probability distribution Pr over U representing, at a given stage
of the eliciting process, the belief about the type of a user. Initially,
we assume a prior distribution P̂(u) representing the background
knowledge of the system before interacting with the user.

We assume that the elicitation process can be stopped at any time,
providing a current belief P about the user. Such belief can be ex-
ploited by a recommender to provide an output res(P). Different
kinds of outputs have been considered in the literature, such as an
estimate of the true utility ū of the user or just the ordinal preference
on CI derived by it. In our framework, we focus on mechanisms that
return the top concrete item, therefore res is a recommendation func-
tion from probability distributions over U to CI.

In particular, in the experimental assessment we use a specific rec-
ommendation function, resv , that selects the concrete item that max-
imizes the expected utility:

resv(P) = arg max
i∈CI

EP [u(i)] .

An elicitation process interacts with the user by asking queries.
Given the sets Q and R of possible queries and corresponding an-
swers, a message q :r corresponds to the fact that a query q ∈ Q has
been asked to a user who, in turn, replied with the answer r ∈ R.
Then, the update of a belief according to the message q :r is defined
according to Bayes’ rule:

Pr(u | q :r) =
Pr(u) · Pr(q :r | u)

Pr(q :r)
. (1)

Here, Pr(u | q : r) is the updated belief, that will also be denoted
byPq : r(u). Pr(u) is the current belief, also denoted byP(u). Pr(q :
r | u) is the probability of obtaining the answer r to the query q from
the user u, and Pr(q : r) is the probability of receiving r in reply
the query q, regardless of any specific user. The value of Pr(q : r |
u) depends on how the framework models indecisions or evaluation
errors of the user. For the moment, following [2], we represent it as
a generic distribution Rq,u(r) over the set of answers R. Given this
notation, Pr(q :r) = EP [Rq,u(r)], and Equation (1) can be rewritten
as follows:

Pq : r(u) =
P(u) ·Rq,u(r)

EP [Rq,u(r)]
. (2)

Finally, at the abstract level, the problem of myopically selecting
the most appropriate query q̂ given a belief P can be formalized as
follows:

q̂ = arg max
q∈Q

EBI (P, q), (3)

where EBI (P, q) is the expected belief improvement of the query q
in the context P . In particular, assuming that R is a finite set, we
have that

EBI (P, q) =
∑
r∈R

Pr(q :r) · BI (P, q :r) (4)

=
∑
r∈R

EP [Rq,u(r)] · BI (P, q :r), (5)

where BI (P, q : r) is the belief improvement of the message q : r in
the context P . Different choices for the BI function are discussed in
the next section.

2.2 Belief Improvement Functions

Most PE approaches that deal with the optimal query selection prob-
lem adopt one of two forms: value-based or uncertainty-based. The
value-based improvement for a potential message q : r (a.k.a. the
value of information or VOI) measures how much the recommenda-
tion after q :r is valued higher than the current recommendation [10].
This leads to the first realization of belief improvement, i.e., the ex-
pected value of the recommendation:

BI val(P, q :r) = EPq : r [u (̂ı)],

where Pq : r is the belief updated with the observation q :r, see equa-
tion (2), and ı̂ = resv(Pq : r) is the recommendation based on the
updated belief.

Alternatively, one may attempt to minimize the uncertainty per-
taining to the user and the associated preferences, employing the
standard measure of entropy. Depending on the ultimate objective,
one may measure the uncertainty of a different random variable. If
the objective is to fully characterize the preference of the user, one
may measure the entropy of the user type. This leads to a second
version of belief improvement:

BI hu(P, q :r) = −HPq : r [u],

where H[X] is the entropy of the random variable X .
Finally, if the objective is to identify the top item for the user, one

may focus on the entropy of the top item, leading to the third and
final realization of belief improvement considered in this paper:

BI hi(P, q :r) = −HPq : r [iu],

where iu is the true top item for user u (that is, arg maxi u(i)).
The previous literature is sharply divided between the two fami-

lies of improvement measures. Chajewska et al. [5] adopt the VOI
approach with no mention of the alternatives. Guo and Sanner [10]
compare different flavors of VOI with a couple of simpler heuristics,
one of which involves identifying the item with the largest uncer-
tainty. Jameson et al. [12] propose to minimize the uncertainty about
relevant target variables (such as the importance weights), possibly
using variance. They argue against the VOI approach, as in their set-
ting (a system sustaining complex user interactions) they deem it un-
feasible to univocally anticipate the ultimate consequences of elic-
iting a given piece of information. Lepird et al. [14] base their se-
lection on an estimate of the entropy of the belief (similarly to our
BI hu). They also argue against the VOI, judging it intractable for
their purposes (engineering design optimization). To the best of our
knowledge, this paper offers the first systematic comparison between
value-based and uncertainty-based improvement measures.



3 The Concrete Model and its Implementation
The model presented in the previous section provides an abstract
framework and general definitions which are common to a large class
of preference elicitation mechanisms. In this section, we introduce
and discuss a concrete realization of these concepts and processes.

3.1 The Concrete Model
A concrete preference elicitation framework is characterized by sev-
eral specific settings: (i) how items are represented, (ii) which class
of value functions is considered, (iii) the type of queries and stopping
rule,4 (iv) which functions res and BI are used. In this section, we
fix these settings and delineate the class of elicitation processes we
focus on.

First, the set of items I consists of the product D1 × · · · × Dn,
where each Di represents the set of possible levels for attribute i.
Therefore, an item a ∈ I is denoted by a tuple of attribute levels
a = (a1, . . . , an). Moreover, we assume that attribute values are
additive-independent and normalized, that is, the utility function u :
I → R is a convex combination of single-attribute value functions:

u(a) = λ1v1(a1) + · · ·+ λnvn(an)

where each vi is taken from a set Vi of value functions from Di
to [0, 1] and the weighing constants form a standard simplex, i.e.,
λi ≥ 0 and

∑n
i=1 λi = 1. We assume that each Vi is parametrized

by a set of pi real values. Consequently, the set U of possible user
types can be represented by the product PV1×· · ·×PVn×[0, 1]n−1,
where each vector in PVi ⊆ Rpi fixes the parameters that identify
a specific function in Vi and [0, 1]n−1 represents the values of the
weights λ1, . . . , λn−1 (λn is linearly dependent on the others).

We distinguish the following two types of attributes:

• Ordered/monotonic. The domain of such an attribute is equipped
with a public linear order, and all users prefer values that are
higher (or lower) on this order. However, the degree of preference
varies among users. For example, other features being equal, all
users prefer their smartphone to have more memory and a lower
price.

• Metric/bitonic. The domain of such an attribute is equipped with
a metric, and each user prefers values that are as close as possible
to their private target value. For example, each user prefers their
smartphone to have a certain screen size.

For each type, we propose a small selection of value models,
whose shapes are depicted in Figure 1:

• Ordered. We conventionally use the domain Di = [0, 1], and we
consider the polynomial, piece-wise linear, and sigmoidal models
defined as follows:

1. Polynomial. Let πi ∈ (0,+∞) be a parameter, we set vi(ai) =
aπi
i . The special case of linear value model is given by πi = 1.

The polynomial family contains both concave and convex
monotonic functions. Concave curves (that is, πi < 1) cor-
respond to what economists call diminishing returns. For ex-
ample, for a common user a camera having twice as many
megapixels as another is generally less than twice as desirable.
On the contrary, a professional photographer may value it more
than twice as desirable, leading to a convex value shape (that
is, πi > 1).

4 The stopping rule may specify, for instance, a fixed number of queries or a
special answer of the user which triggers the final response.

2. Piece-wise linear. We set

vi(ai) =


π
y
i
πx
i
ai if ai ≤ πxi

πyi +
1−πy

i
1−πx

i
(ai − πxi ) otherwise

for parameters πxi , π
y
i ∈ (0, 1), with linear value given by

πxi = πyi .
This family of value functions is a versatile way to obtain both
concave and convex shapes, thanks to its two parameters. How-
ever, it is non-smooth at ai = πxi .

3. Sigmoidal. Let πi ∈ [0, 1] be a parameter. We set

vi(ai) =


1 if ai = 1 or πi = 0

0 if πi = 1
1

1+exp−f(ai)
otherwise .

where

f(ai) =
πi · ai

(1− ai) · (1− πi)
− (1− ai) · (1− πi)

πi · ai
.

The sigmoidal family is the classic smooth threshold function,
suitable for those attributes where each user aims at a (possibly
different) minimum level, and is approximately indifferent be-
tween values that lie on the same side of the threshold, and far
away from it.
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Figure 1. Shapes of some 1-parameter value functions. Each function is
shown twice, for two different values of its parameter.

• Metric. We again use the standard domain Di = [0, 1], and con-
sider the triangular and parabolic models defined as follows:

1. Triangular. We set

vi(ai) =

{
ai
πi

if ai ≤ πi
1− ai−πi

1−πi
otherwise .

Where πi ∈ (0, 1) is the target value for this user. This is the
simplest bitonic shape and is non-smooth at ai = πi.



2. Parabolic. We set

vi(ai) =

{
− 1
π2
i
a2i + 2

πi
ai if ai ≤ πi

1
(π−1)2

(
−a2i + 2πiai + 1− 2πi

)
otherwise .

Where, as before, πi ∈ (0, 1) is the target value for this user. 5

Connecting two quadratics in this way leads to a smooth bitonic
function.

3.2 Queries and Answers
The query language we consider consists of pairwise comparisons
between concrete items. We also assume a fixed number of queries
and no repetitions. These are the only policy rules adopted.

Pairwise or multiple comparisons have been employed in several
works [6, 7, 16, 17, 18] since they involve less cognitive effort [10].
Moreover, with appropriate policy rules, more complex interactions
like order the following items according to your preferences can be
reduced to sequences of pairwise comparisons. We denote by x � y
a pairwise comparison, which informally means do you prefer item
y to x? We adopt a simple model with three answers: YES means
that ū(y) > ū(x) · (1 + δ), NO means that ū(x) > ū(y) · (1 +
δ), and MAYBE means that the previous inequalities do not hold,
where ū is the utility function of the user and δ ≥ 0 is a parameter
called indecision factor. The intuition behind this answer model is
that, even in the short term, utilities may oscillate due to possible lack
of knowledge or other psychological aspects; when two items are too
close, this sort of trembling effect generates a sense of indecision
which is reflected in our model by the answer MAYBE. Then, the
larger is δ the more the user’s utility is trembling. For simplicity, we
assume that δ is constant across all users and we fix it to 0.005 in the
experiments described in Section 4.

Notice that in our model each user deterministically provides a
single reply rq,u to a query q. Consequently, Rq,u(r) is equal to 1
for the reply rq,u and zero for all the other replies. This simplifies all
EBI calculations as follows:

EBI val(P, q) =

∫
u∈U

u (̂ırq,u) · P(u)du (6)

EBI hu(P, q) =

∫
u∈U

log

(
P(u)

Eu′∼P [Rq,u′(rq,u)]

)
· P(u)du (7)

EBI hi(P, q) =
∑
r∈R

∑
j∈CI

Zq:r,j · log

(
Zq:r,j

Eu∼P [Rq,u(r)]

)
, (8)

with Zq:r,j =

∫
u∈U

I(iu = j)I(rq,u = r)P(u)du

= Pr(iu = j ∧ rq,u = r) ,

where I(α) is the characteristic function which is equal to 1 if the
boolean condition α is true, 0 otherwise.

3.3 Estimating the EBI
Since we strive to support arbitrary value functions, we have to re-
sort to numerical estimation to compute any of the EBIs. In our
5 Note that parabolic value functions are obtained by assuming that

vi(ai) =

{
P1(ai) if ai ≤ πi
P2(ai) otherwise

where P1(ai) and P2(ai) are quadratic functions satisfying the conditions
P1(0) = 0, P1(πi) = 1, P ′1(πi) = 0, P2(πi) = 1, P ′2(πi) = 0, and
P2(1) = 0.

implementation, we employ the Metropolis Monte Carlo Markov
chain (MCMC) method, which is known to perform well on high-
dimensional problems [3].6

Moreover, recall that the query selection step (Equation (3)) in-
volves estimating a finite number of expected values (EBI (P, q))
and determining the maximum. We notice that this is akin to the best-
arm identification (BAI) problem for stochastic multi-armed bandits
(MAB) and we exploit this connection to improve the efficiency of
the estimation.

In detail, an elementary implementation of Equation (3) consists in
numerically evaluating the terms EBI (P, q) using the same number
of samples for each query q. The literature on MABs has produced
a variety of refined tecniques for this problem, with the aim of dis-
tributing more samples to the most promising arms (i.e., queries).
Such techniques come in two flavors: fixed budget [1] or fixed con-
fidence [8, 13]. The first variety takes as one of the inputs the total
number of samples, to be distributed among the various arms. The
second variety takes as one of the inputs the desired confidence in
identifying the maximum-reward arm.7 Being interested in real-time
applications, we want to impose a hard time constraint on the estima-
tion process. Therefore, we choose the fixed-budget approach and we
adopt the recent algorithm variance-based rejects (VBR) [9], which
was shown to perform at least as well as any competitor in a variety
of scenarios.

To the best of our knowledge, the connection between optimal
query selection and the best-arm identification problem has not been
exploited in the literature. For example, Lepird et al. [14] perform
optimal query selection using MCMC estimation, but do not men-
tion any way to distribute samples among different queries.

The same connection applies to the step in which the system iden-
tifies the recommended item ı̂ as the item maximizing the expected
utility. Also in this step we suggest to employ a BAI algorithm such
as VBR.

More generally, we find that the three EBIs that we focus on are
based on two estimation steps:

• Estimating the maximum expected value among a finite set of n
random variables defined on the same sample space. We denote
this step by BAI (n).

• Estimating the distribution of a discrete random variable with n
possible values. We denote this step by Distr(n).

Table 1 summarizes the number of calls to each of the above proce-
dures for the three versions of EBI. Given the current belief P , all
three versions involve an outmost call to BAI (|Q|) on the sample
space P , because they all have to determine the query with the high-
est expected belief improvement. Additionally, EBI val invokes, for
each query q and for each reply r, BAI (|CI|) on the sample space
Pq : r in order to determine the recommendation ı̂rq,u (see Equa-
tion 6).

EBI hu and EBI hi , instead, need to estimate, for a given query,
the distribution of the random variable representing the reply to that
query (see the denumerators in Equations 7 and 8). That justifies the
terms |Q| · Distr(|R|) in Table 1. EBI hi also needs to estimate for
each query q the distribution of the variable Zq:r,j that jointly deter-
mines the reply and the top item associated to a given query. Notice
that all these random variables are estimated on the current belief P .
This means that we can use a single sampling of P for all queries. As

6 More advanced MCMC methods may be used. For example, knowledge of
the gradient of the density would allow us to use Hamiltonian Monte Carlo
techniques.

7 Of course, the algorithm can only satisfy this requirement probabilistically.



shown in the next section, this notably improves performances. Con-
versely, sampling reuse cannot be adopted in EBI val , because com-
puting the recommendation ı̂rq,u for each potential message q : r
requires a BAI on a different distribution Pq : r .

Version Main estimation steps

EBI val BAI (|Q|,P) + |Q| · |R| · BAI (|CI|)
EBI hu BAI (|Q|) + |Q| ·Distr(|R|)
EBI hi BAI (|Q|) + |Q| ·Distr(|R|) + |Q| ·Distr(|R| · |CI|)

Table 1. Number and type of estimation steps for each version of EBI .

4 Experiments
In the following experiments, we had to identify a way to put on
equal footing three very different belief improvement notions. As ex-
plained earlier, the three realizations of the belief improvement func-
tion are all based on two numerical estimation procedures, denoted
by BAI and Distr . To compare the performance of the three ap-
proaches, in each experiment we fixed an integral parameter s, repre-
senting the basic number of samples to be used for estimation. Then,
each call to BAI (n) (resp., Distr(n)) is assigned a total budget of
s · n samples.

Our prototype implementation, nicknamed Quest, is written in
Java and its source code is publicly available.8 Basic probability den-
sities are provided by the Apache Commons Math library. All exper-
iments were performed on an 8-core 16-thread AMD Ryzen 2700X,
clocked at 3.7 Ghz and equipped with 16 GB of RAM. Currently,
our tool is entirely sequential, so its running time is unlikely to be
affected by the system load.

4.1 Boston Housing
The first experimental setting simulates the problem of choosing a
neighborhood when buying a house. The Boston housing dataset
comprises information about 506 areas of the city of Boston [11].
Of the 14 attributes in the original dataset, we used the following
four:

1. CRIM: per capita crime rate
2. NOX: nitric oxides concentration
3. PTRATIO: pupil-teacher ratio
4. MEDV: median value of owner-occupied homes

The reason for restricting the set of attributes is twofold: first, for
some attributes9 we found it impractical to pick a reasonable value
model without further information; second, we needed to bound the
execution time both to match our real-time motivation and to per-
form the large variety of simulations required to compare different
parameter combinations.

For the first three attributes in the above list, one can safely as-
sume that any user would prefer lower levels. We attach the simplest
monotonically decreasing value model to the CRIM and PTRATIO
attributes: the inverse linear model. For the pollution indicator NOX,
we assume an inverse polynomial value model (Figure 1(a)). Finally,

8 See https://bitbucket.org/mfaella/quest.
9 Like attribute “B”, defined as “1000(Bk − 0.63)2 where Bk is the pro-

portion of blacks by town”.

for the last attribute MEDV, we assume that each user has a target
level10 and therefore we adopt the triangular value model for it (Fig-
ure 1(d)). This choice of value model leads to a six-dimensional prob-
lem (four weights for the attributes and two shape parameters for the
attributes NOX and MEDV).

Set-up. We run a simulated elicitation process on 1000 users,
where each user is asked 5 queries before being given a recommenda-
tion. Two different settings have been considered for the prior belief
and the sampling distribution for simulated users. In the first setting,
called for brevity S1, they are both uniform. In the second setting,
called S2, the prior belief is uniform, whereas users are generated
according to a cylindrical Gaussian distribution with variance 0.3
and mean value 0.5 in all six dimensions. The intent behind S2 is
to experiment with a sample distribution that is simple but different
from the prior assumed by the system.

The basic number of samples is fixed to s = 5. Such number was
chosen heuristically, as a compromise between execution time and
accuracy of the estimates.
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Figure 2. Time to compute the next optimal query. Selected rows from the
Boston housing dataset. Mean and standard deviation over 1000 simulated

users. Each BI function is included only when it can compute the next
optimal query within approximately 1 second.

Execution time. In terms of execution time, settings S1 and S2 be-
have very similarly. Figure 2 plots the average time needed to identify
the next best query for each realization of BI , when the number of
items varies between 20 and 80, in setting S1. The performance of
each BI function is plotted until it significantly exceeds the thresh-
old of 1 second. The experiment confirms the intrinsic quadratic
complexity, while revealing a significant difference between the time
needed by the three versions: BI val is the most expensive, followed
by BI hu and then BI hi . This implies that an elicitation based on
BI val could handle about 40 items within the conventional limit of
1 second per query. On the other hand, in our setup BI hi can handle
up to 80 items within in the same time, while achieving a quality of
recommendation that is similar to the one of BI val , as shown in the
following section.

10 Most likely the highest median home value that they can afford.



The performance difference is easily explained: BI val requires the
computation of the recommendation ı̂ resulting from the updated be-
lief P ′, given a candidate query and a potential reply. In practice,
this involves running a best-arm identification algorithm for all pairs
of queries and replies. The other improvement measures avoid these
calculations.
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Figure 3. Quality of the recommendation for different improvement
measures. Selected rows from the Boston housing dataset (30 items),

presented to 1000 simulated users, with uniform prior and generator (setting
S1).
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Figure 4. Quality of the recommendation for different improvement
measures. Selected rows from the Boston housing dataset (30 items),
presented to 1000 simulated users, with uniform prior and Gaussian

generator (setting S2).

Quality of the recommendation. Figures 3 and 4 report the per-
centage of misidentification11 achieved in the settings S1 and S2, re-
11 Here, by misidentification we mean that the recommended item has a value

for the user that is more than 1% lower than the value of the top item for

spectively, by the elicitation process on 30 items after 1 to 5 queries,
when the latter are chosen according to the three belief improvement
measures. As a baseline, we also report the behavior obtained by
choosing the next query uniformly at random.

The data shows that BI val and BI hi perform significantly better
than BI hu , which in turn performs somewhat better than the random
strategy. The poor performance of BI hu is explained by the fact that,
contrary to the other two measures, it focuses on identifying the user
type, rather than identifying the user’s top item. As a consequence,
it may favor queries that discriminate between different classes of
users, even if those classes exhibit the same top item.

Focusing on BI val and BI hi , in the S1 regime, there appears to be
a striking overlap in the performance, whereas BI hi clearly outper-
forms BI val in S2 (after 5 queries the misidentification rate is less
than half).

4.2 TripAdvisor

A second experimental setting relies on the TripAdvisor dataset [15],
which contains 235 793 hotel reviews, each featuring the following
fields: Hotel ID, User ID, Price, Location, Overall Rating, Value Rat-
ing, Rooms Rating, Location Rating, Cleanliness Rating, Front Desk
Rating, Service Rating, Business Service Rating. All the review-level
ratings are on a discrete ordinal scale from 1 to 5 and represent the
assessment provided by the user with User ID for the hotel with Ho-
tel ID. To cast the data into our model, we start by assuming that
each hotel is characterized by the following intrinsic attributes, cor-
responding to five aspect-specific fields in the dataset:

1. VALUE: value for price;
2. ROOMS: quality of the rooms;
3. LOCATION: quality of the hotel location;
4. CLEAN: cleanliness of the hotel;
5. FRONT: quality of the front desk.

For each of these attributes, we assume the linear value model, lead-
ing to a five-dimensional problem. Then, we interpret the Overall
Rating field as a utility value. At this point, we can use the data to
estimate a model of the prior belief, as illustrated below.

Items and Prior model. Given the dataset, we extract the set of
concrete items CI as the list of hotels associated with their mean
evaluations (one for each attribute). Specifically, each hotel gives rise
to a concrete item with attribute levels (rm1 , r

m
2 , r

m
3 , r

m
4 , r

m
5 ), where

rmj is the mean value of the j-th aspect-specific rating for that hotel.
The prior belief on user types is computed in two phases. First,

we extract a set of user types from the dataset by applying multiple
linear regression. Specifically, for each User ID with more than four
reviews, we estimate the 5-tuple of coefficients (λ1, . . . , λ5) as the
best fit of

∑5
j=1 λj · rj = rall, where rj are the selected ratings (as

enumerated above) and rall is the associated Overall Rating provided
by the user. In this setting, coefficient estimation can than be obtained
by deploying a multilinear regression with positive coefficients and
no intercept (we employed lasso with α = 0.0001). Secondly, given
the set of extracted user types {(λi,1, . . . , λi,5)}, one for each user
i, the prior belief is obtained as an estimation of the multivariate
Gaussian mixture that best fits these data. In particular, the best fit
was provided by a single five-dimensional Gaussian distribution.

that user.



Set-up. We run a simulated elicitation process on 1000 users,
where each user is asked 4 queries before being given a recommenda-
tion. The prior belief is the estimated multivariate introduced above.
The same multivariate is here exploited as the sampling distribu-
tion for the simulated users. The basic number of samples is fixed
to s = 10.
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Figure 5. Time to compute the next optimal query. Selected rows from the
TripAdvisor dataset. Mean and standard deviation over 1000 simulated

users.

Execution time. Figure 5 illustrates the average time needed to
identify the next best query for each realization of BI , when the
number of items varies between 20 and 100. The experimental re-
sults confirm the computation effectiveness of BI hi with respect to
the other strategies in a realistic case study. Moreover, similarly to
the Boston housing setting, this significant reduction in time per-
formance seems to preserve the quality of the recommendation, as
discussed below.

Quality of the recommendation. Figure 6 reports the percentage
of misidentification achieved by the elicitation process on 40 items
after 1 to 4 queries. Also in this case, we compare the results with
respect to a random choice baseline. The collected results seem to
confirm the performance observed in the previous case study: BI val

and BI hi show a similar improvement of the quality of recommen-
dation (with respect to the number of queries) and dominate the other
two strategies.

5 Conclusions

We presented a general Bayesian preference elicitation framework
supporting arbitrary value functions on a multi-attribute domain of
alternatives. We focused on PE methods aiming at designing effective
recommender systems suitable for on-line interactive applications.

We illustrated the overall framework, describing the general model
along with the associated elicitation process. In this setting, we in-
troduced and discussed different myopic measures for optimal query
selection, proposing a systematic comparison between value-based
and uncertainty-based measures. In order to provide an empirical
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Figure 6. Quality of the recommendation for different improvement
measures. Selected rows from the TripAdvisor dataset (40 items), presented

to 1000 simulated users.

evaluation of these methods, we introduced a concrete model and
concrete implementations of the query selection strategies. In this
setting, query selection with arbitrary utility functions and beliefs is
enabled by MCMC sampling combined with best-arm identification
methods. MCMC sampling has already been used in [14] whereas,
to the best of our knowledge, this is the first work in Bayesian PE ex-
ploiting best-arm identification to improve the efficiency of the query
selection.

In order to compare the proposed measures for query selection,
we introduced a test suite based on two concrete eCommerce sce-
narios: TripAdvisor and Boston housing. In these settings, we com-
pared EVOI-based and entropy-based methods, assessing their per-
formance and accuracy. The collected results suggest that the EVOI-
based approaches are more accurate than the ones based on belief
entropy, but computationally more expensive. On the other hand, a
more focused entropy measure, entropy of the true top, seems to
combine the advantages of the previous approaches by performing
approximatively as fast as belief entropy while providing the same
accuracy of EVOI.

Future works encompass several possible directions. First, in con-
crete scenarios recommender systems generally do not provide just a
single option, but rather a manageable shortlist of the most promising
items. Consequently, we will generalize the recommendation func-
tion res so that it returns the top-k items. Clearly, also the belief
improvement functions have to be extended accordingly. Secondly,
we will include in our framework recommendation functions that
try to minimize the expected regret. Regret-based recommendations
can be more accurate that resv in case users show different levels of
satisfaction w.r.t. the whole collection of concrete items. However,
measuring the regret in absolute terms as in [2] tends to overweight
enthusiastic users. For this reason, we intend to use the relative regret
in our recommendation functions. Finally, performances are heavily
affected by the fact that pairwise comparisons grow quadratically in
the number of concrete items. Thus, we will investigate the costs and
benefits of restricting, as in [10, 16], the query selection process to a
number of queries that is linear in the number of items.
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