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ABSTRACT
As most database users cannot precisely express their information
needs in the form of database queries, it is challenging for database
query interfaces to understand and satisfy their intents. Database
systems usually improve their understanding of users’ intents by
collecting their feedback on the answers to the users’ imprecise and
ill-specified queries. Users may also learn to express their queries
precisely during their interactions with the database system. In this
paper, we report our progress on developing a formal framework
for representing and understanding information needs in database
querying and exploration. Our framework considers querying as a
collaboration between the user and the database system to establish
a mutual language for representing information needs. We formalize this collaboration as a signaling game between two potentially
rational agents: the user and the database system. We believe that
this framework naturally models the long-term interaction of users
and database systems.
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1

INTRODUCTION

Because most users do not know database query languages, such as
SQL, the structure, and/or the content of their databases, they cannot
precisely express their queries [6, 7, 12, 13]. Hence, it is challenging for database query interfaces to understand and satisfy users’
information needs, i.e., intents. Developing usable query interfaces
that can effectively answer imprecise and ill-specified queries has
attracted a great deal of attention in the last decade [5–7, 10, 11, 15].
Ideally, we would like the user and query interface to establish a
mutual understanding where the query interface understands how
the user expresses her intents and/or the user learns to formulate her
queries precisely.
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Researchers have proposed several techniques in which a database
system may improve its understanding of the true information need
behind a query [6, 7, 10, 11]. These methods generally assume
that the way a user expresses her intents remains generally intact
over her course of interaction with the database. However, users
may leverage their experience from previous interactions with the
database to express their future intents more precisely. For example,
the more a user interacts with a relational database, the more familiar
she may become with the important and relevant attributes and
relations in the database, and therefore, the more precisely she may
express her queries over the database. Moreover, current methods
mainly improve the mutual understanding of a user and a database
for a single information need. Nevertheless, many users explore a
database to find answers for various information needs potentially
over a long period of time. For example, a biologist may query a
reference database that contains information about certain genes and
proteins for several years. Thus, a natural and realistic model for
database interaction should consider the long-term adaptation for
both users and database systems during their interactions.
To address the aforementioned shortcomings, we have recently
proposed a novel framework that models database querying as a collaborative game between two active and potentially rational agents:
the user and query interface [18]. The common goal of the players
is to reach a mutual understanding on expressing intents in the form
of queries. The players may reach this goal through communication:
the user informs the database system of her intents by submitting
queries, the database system returns some results for the queries,
and user provides some feedback on how much the returned results
match her intents, e.g., by clicking on some desired answer(s). The
user may also modify her query to better reflect her intent after
exploring the returned answers. Both players receive some reward
based on the degree by which the returned answers satisfy the intents
behind queries. We believe that this framework naturally models the
long-term data interaction between humans and database systems. In
this paper, we provide an overview of our proposed framework. Also,
using a real-world query workload, we investigate whether users
frequently explore various alternatives of expressing a certain intent,
or preserve relatively successful strategies. Our analysis indicate
that while users show some exploration behavior, they mainly reuse
successful methods of expressing intents.

2

SIGNALING GAME FRAMEWORK

Next, we present an overview of the components of our model from
[18].
Intent: An intent e represents an information need sought after
by a user. We assume that each intent is a query in a fixed query
language, e.g., SQL. The set of possible intents is infinite. However,
in practice a user has only a finite number of information needs in
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a finite period of time. Hence, we assume the number of intents
for a particular user is finite. We index each intent over a database
instance by 1 ≤ i ≤ m.
Query: Because a user may not be able to precisely formulate
her intent e, she may submit query q , e to the database instead.
Of course, the user still expects that the DBMS returns the answers
of intent e for query q. Queries may be formulated in the same language used the represent intents. For example, one may submit an
ill-specified SQL query, e.g., do not use the right joins, to express
her intent which is also a SQL query. But, it may be sometimes hard
for users to express their queries using formal query languages [12].
For instance, some users may prefer to use languages that are easier
to use, e.g., keyword or natural language queries, to express their
intents. Our model does not require the language that describes intents and the language used to specify queries to be the same. Hence,
the intent of a query over a relational database may be precisely
formulated by a SQL query, but users may use keyword queries
to express that intent. A user in practice submits a finite number
of queries in a finite time period. Hence, we assume that the set
of all queries submitted by a user is finite. We index each query
over a database instance by 1 ≤ j ≤ n. Table 1 shows a fragment
of a database with relation Grade that contains information about
students and their grades. A user may want to find the grade for
student Sarah Smith, which can be represented as (Datalog) query
ans (z) ← Grade (Sarah, ‘Smith’, y, z). But, since she does not know
the content of the database, she may submit the under specified query
ans (z) ← Grade (x, ‘Smith’, y, z).
Result: Given a query q over a database instance I , the database
system returns a set of tuples in I as the response to q. Because
the database system knows that the input query may not precisely
specify the user’s intent, it considers various methods to find answers
that satisfy the information need behind the query [7]. It often uses
a scoring function that scores all candidate tuples according to their
degree of relevance to the input query and return the ones with higher
scores, i.e., most relevant tuples [7].
Strategies: The user strategy indicates the likelihood by which
the user submits query q j given that her intent is ei . Hence, a user
strategy, U , is a m × n row-stochastic matrix from the set of intents
to queries. Similarly, the database system strategy shows the result
returned by the database system in the response of the input query q j .
In other words, the database strategy is an n ×o row-stochastic matrix
from queries to the set of possible results. We note that our model
does not require the database system to materialize and maintain
its strategy as an n × o matrix. A database system may implement
its strategy using a function over some finite set of queries and
tuples [7, 17]. Each pair (U , D) is called a strategy profile. Consider
again the university database shown in Table 1. Tables 1(a) and 1(b)
show a user’s intents and the queries they submit to the database
system to express these intents, respectively. Table (c) illustrates a
strategy profile for these sets of intents and queries.
Stochastic Strategies: Normally, database systems adapt strategies with only 0/1 entries [7]. For example, given the input query q j ,
they may return a set of tuples whose scores according to a fixed and
deterministic scoring function is above some given threshold. Hence,
their query answering algorithms are usually deterministic and do
not involve any randomization. Nevertheless, it has been shown that
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this approach does not allow the database system to collect feedback
from the users on sufficiently diverse set of tuples because users can
provide feedback only on tuples that have a relatively high score according the scoring function. Since the users’ feedback will remain
biased toward those tuples, the database system will gain only a
limited insight about the intents behind the query. This is particularly
important in long-term interactions because the database system
has more opportunities to communicate and learn about users’ preferences. Hence, researchers propose adapting a more probabilistic
strategy in which the database system with some probability may
deviate from its scoring function and present other tuples to the user
to collect their feedback. Of course, if the database system shows too
many non-relevant tuples to the user, the user may give up using the
system. Thus, it is necessary to have a trade-off between showing the
tuples which the database system deems relevant to the input query
and the ones that it is not sure to be relevant but interested to see
users’ feedback for them to balance the usability of the system in the
short-term and improve its effectiveness in the long run. Empirical
studies over large document collections show that it is possible to
find such a trade-off and significantly improve the effectiveness of
answering ill-specified queries [19]. We follow these results and
assume that the database may adapt a probabilistic strategy.
Reward: After the user submits a query to the database system
and is presented by a set ot tuples, she will provide some feedback
on the returned results. This feedback may be implicit, e.g., clickthrough information or the amount of time spent on reading the
information of a tuple, or explicit by marking some tuples as relevant and others as non-relevant. Obviously, the goal of both the
user and the database system is to see as many relevant answers
as possible in the returned results. Hence, we assume that both the
user and the database system receive some reward according to the
effectiveness of the returned results after each interaction. We use
standard effectiveness metric NDCG to measure the reward for the
user and database system given a returned set of tuples [17]. The
value of NDCG is between 0-1 and roughly speaking it is higher
for the results with more relevant answers. Our framework can be
extended for other standard effectiveness metrics, such as precision
at k.
Signaling Game: We model the long-term interaction of the user
and the database system as a repeated game with identical interests
played between the user and the database system. At each round of
the game, the user wants to receive information about a randomly
selected intent ei . She picks query q j with probability Ui j according
to her strategy to convey this intent to the database system. The
database system receives the query and returns a result l ` to the user
with probability D j ` . The user provides some implicit or explicit
feedback on l ` and both players receive reward of r (ei , l ` ) at the end
of this interaction. Each player may modify its strategy according
to the reward it receives at the end of each round. For example, the
database system may reduce the probability of returning the results
without positive feedback for the same query.
u (U , D) =

m
X
i=1

πi

n
X
j=1

Ui j

o
X

D j ` r (ei , l ` ).

(1)

`=1

where π is the prior probability of choosing an intent by the user
and r is the NDCG score. Neither of the players knows the other
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player’s strategy. The players communicate only by sending queries,
results, and feedback on the results. In this paper, we focus on an
important question: how do users learn and update their strategies.
First_Name
Sarah
John
Hayden
Kerry

Last_Name
Smith
Smith
Smith
Smith

Dept
CS
EE
ME
CE

Grade
A
B
C
D

Table 1: A database instance of relation Grade
(a) Intents

Intent#
e1
e2
e3

Intent
ans (z ) ← Gr ade ( J ohn, ‘Smit h’, y, z )
ans (z ) ← Gr ade (K er ry, ‘Smit h’, y, z )
ans (z ) ← Gr ade (Sar ah, ‘Smit h’, y, z )
(b) Queries

Query#
q1
q2

Query
ans (z ) ← Gr ade (‘K er r y’, ‘Smit h’, y, z )
ans (z ) ← Gr ade (x, ‘Smit h’, y, z )
(c) A strategy profile

e1
e2
e3

q1
0
1
0

q2
1
0
1

q1
q2

l1
0
0.5

l2
1
0

l3
0
0.5

Table 2: Intents, queries, and a strategy over the DB in Table 1.

3

EXPLORATION VERSUS EXPLOITATION
IN USER ADAPTATION MECHANISMS

Users interacting with database systems may decide to change the
query they use to express a certain intent. If the user frequently
changes these queries, then the user is exploring different queries.
However, users may not change queries often, but instead use the
same query to express a certain intent. If the user uses the same query
to express a certain intent, then they are exploiting their knowledge
about the database system. In this section we perform an analysis to
evaluate the exploration behavior of users.
We use two different methods to model users’ adaptation mechanisms when interacting with database systems, Win-Stay/LoseRandomize [3] and Latest-Reward. To measure the reward for the
returned results of a query in each interaction, we have used the
value of NDCG. Since NDCG is able to model different levels of
relevance, it provides a more exact estimate of the true reward in an
interaction than other metrics that measure the quality of a ranked
list, such as precision at k.
The Win-Stay/Lose-Randomize method uses only the most recent
interaction for an intent to determine the queries used to express the
intent in the future. Assume that the user conveys an intent ei by a
query q j . If the reward of using q j is above a specified threshold π
the user will use q j to express ei in the future. Otherwise, if the the
reward is below the threshold, the user will simply randomize her
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strategy, where for ei , all queries have an equal probability to be
chosen.
The Latest-Reward method updates the user strategy based on the
previous reward that the user has seen when querying for an intent ei .
All other queries have an equal probability to be chosen for a given
intent. Let a user receive reward r ∈ [0, 1] by entering query q j to
express intent ei . The Latest-Reward method sets the probability of
using q j to convey ei in the user strategy, Ui j to r and distribute the
the remaining probability mass 1 − r evenly between other entries
related to intent ei , in Uik , where k , j.
Query Workload: We have used a subsample of a Yahoo! query
log for our empirical study [20]. The Yahoo! query log consists of
queries submitted to a Yahoo! search engine over a period of time in
July 2010. Each record in the query log consists of a time stamp, user
cookie, query submitted, the 10 results displayed to the user, and the
positions of the user clicks. All the record logs are anonymized such
that each time stamp, query, and returned result are saved as a unique
identifier. For our analysis we sorted the query log by the time stamp
attribute to simulate the time line of the users interaction with the
Yahoo! search engine. We determine the intent behind each query
by using the relevance judgment scores for the results of each query.
We consider the intent behind each query to be the set of results, i.e.,
URLs, with non-zero relevance scores.
Comparing the Methods: We compare the aforementioned models in terms of their use of their update rules. Win-Stay/Lose-Randomize
has a parameter that must be trained. We have used 5,000 records
in the query workload and found the optimal π using a grid search
and the sum of squared errors. Each strategy has been initialized
with an uniform distribution of probabilities, so that all queries are
likely to be used for a given intent at the initial strategy. We then
let each model run over the 300,000 records that follow the initial
5,000 records in the query log to compute a user strategy. We have
calculated the NDCG value for each interaction using the available
relevance judgment scores that accompanies Yahoo! query workload.
At the end of this round, we get two user strategies, one per model.
We have evaluated the accuracy of the trained user strategies in
predicting the future strategies of the users using the interaction
records for 2,000 unique intents in the query log that follow the
300,000 records used in training. For each intent, we have found its
first log record that immediately follows the records used in training
and compared the predication of the strategy with the query actually
used in this log record to express the intent. During the testing
phase a total of 2000 intents were used. To compare the prediction
accuracies of the strategies, we calculated the mean squared distance
between what a given strategy predicted and what the user actually
did.
Empirical Results: Table 3 shows the results from the tests that
we performed as well as the estimated parameter. A lower mean
squared distance implies that the model more accurately represents
the users’ adaptation mechanism. Win-Stay/Lose-Randomize performs an order of magnitude better than Latest-Reward. This indicates that it more closely resembles the adaptation mechanism
employed by the user for updating their strategy.
Latest-Reward uses the most recent reward as the new probability
for the query used. Thus, if the reward is quite low then the strategy
will resemble that of a random one with a great deal of exploration.
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Conversely, Win-Stay/Lose-Randomize puts all probability on only
a single query for a certain intent, when the reward is above the
threshold. When the reward is above this threshold, Win-Stay/LoseRandomize will adapt a relatively exploitative strategy.
From our analysis it appears that users prefer to exploit more often than explore when interacting with database systems. The users’
adaptation mechanisms puts more emphasis on having a higher
probability for queries that have positive reward, with little exploration. However, if there is no exploration then the distance for WinStay/Lose-Randomize would be near 0 as the pure strategy would
almost perfectly represent the actual user adaptation mechanism.
Thus, users still exhibit some exploration, but prefer to exploit.
Method

Mean
Squared
Distance
0.01400

Standard
Deviation

Parameters

Win-Stay/Lose0.05766
π = 0.01
Randomize
Latest-Reward
0.15205
0.19658
Table 3: The accuracies of adaptation mechanisms

4

RELATED WORK

Researchers have proposed querying and exploration interfaces over
structured and semi-structured databases that help users to express
their information needs and find reasonably accurate results [1, 4,
5, 7, 9–11, 13, 15]. We extend this body of work by considering
users as active and potentially rational agents whose decisions and
strategies impact the effectiveness of database exploration. We also
go beyond effectively answering a single query and aim at improving
the effectiveness of overall interaction of users and database systems.
Researchers in other scientific disciplines, such as economics and
sociology, have used signaling games to formally model and explore
communications between multiple rational agents [8, 14]. Avestani
et al. have used signaling games to create a shared lexicon between
multiple autonomous systems [2]. We, however, focus on modeling
users’ information needs and emergence of mutual language between
users and database systems. In particular, database systems and users
may update their information about the interaction in different time
scales. Researchers have modeled the decision of a user to continue
or stop searching a certain topic over a collection of documents using
stochastic games [16].
We, however, seek a deeper understanding of information need
representations and the emergence of a common query language
between the user and the database system during their interactions.
Further, we investigate the interactions that may span over multiple sessions. Of course, a relatively precise mutual understanding
between the user and the database system also improves the effectiveness of ad-hoc and single-session querying.
Concurrent to our effort, Zhang et al.have proposed a model to
optimize the navigational search interfaces over document retrieval
systems such that a user finds her desired document(s) by performing
the fewest possible actions, e.g., clicking on links [21]. Our goal,
however, is to model and improve the mutual understanding of
intents and their articulations between the user and the database
system. Since data querying and exploration are performed over
series of interactions between two potentially rational agents, if one

agent unilaterally optimizes its reward without any regard to the
strategies of the other agent, the collaboration may not lead to a
desired outcome for any of the agents. Thus, instead of unilateral
optimization, our goal is to find a desired equilibrium for the game by
considering possible strategies and strategy adaptation mechanisms
for both users and database systems.

5

CONCLUSION

Most users are not able to express precisely their intents in the form
of database queries so the database systems understand them. Thus,
users’ queries do not often reflect their true information needs. The
users and database system may be able to establish a mutual language
of representing information needs through interaction. We described
our framework that models the interaction between the user and the
database system as a collaborative game of two potentially rational
agents in which the players would like reach a common method
of representing information needs. We empirically investigated the
exploration behavior of users using a real-world query workload.
Our results showed that if users find a relatively effective method of
expressing an intent, they do not generally explore other alternative.
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