CENTRO PER LA RICERCA
SCIENTIFICA E TECNOLOGICA

38050 Povo (Trento), Italy
Tel.: +39 0461 314312
Fax: +39 0461 302040
e−mail: prdoc@itc.it − url: http://www.itc.it

On the discovery of the semantic context of queries by game−playing

Agostini A., Avesani P.

January 2004
Technical Report # T04−01−04

 Istituto Trentino di Cultura, 2004

LIMITED DISTRIBUTION NOTICE
This report has been submitted for publication outside of ITC and will probably be copyrighted if accepted for publication. It has been
issued as a Technical Report for early dissemination of its contents. In view of the transfert of copy right to the outside publisher, its
distribution outside of ITC prior to publication should be limited to peer communications and specific requests. After outside publication,
material will be available only in the form authorized by the copyright owner.

Submitted to the Sixth International Conference On Flexible Query Answering Systems
(FQAS-04), June 24-26 2004, Lyon, France. c 2004 by ITC-irst Trento.

On the discovery of the semantic context
of queries by game-playing∗
Alessandro Agostini
ITC-irst Trento

Paolo Avesani
ITC-irst Trento

Abstract
To model query answering, a question arises out of how the meaning of an
user’s query is functional to get a valuable answer. In this paper, (1) we investigate the question within an existing peer-to-peer architecture for knowledge
exchange—called KEx, (2) we extend the query answering functionality of
KEx by a co-evolutive process based on the user’s preference information, (3)
we model query answering as a language game.
Keywords: formal modeling of query answering, search, self-organization,
language games, coordination.
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Introduction

Responses to queries may not contain the information the user really wants. If
we are to build information systems that meet users’ expectations, it is necessary
to determinate what it means for an answer to be appropriate. To this aim,
Grice’s maxims of cooperative conversation [Gri75] provided a starting point for
the field of cooperative answering. For answers to be appropriate, or relevant, the
user of databases and information systems in general must ask the appropriate
queries in order to arrive at the desired information [GGM92]. To do so, the user
must know something about the information source’s schema, namely, the way the
information is stored and classified. This is often hard to happen in real-world
scenarios. Following [Tri02], moreover, a system “is not user-friendly when it
requires a detailed knowledge of the database structure, especially in the presence
of large amounts of heterogeneous data” (p. 356). But cooperative answering
systems are expected to be user-friendly, and users “usually have [only] a highlevel knowledge of the database structure, based on their natural perception of
data correlations” (p. 357). The lack of knowledge about the database structure
“does not preclude the need to enforce specific selection criteria on the results”
(ibidem). To build information systems that meet users’ expectations, we agree
with [Tri02] on the tradeoff between allowing natural queries and receiving relevant
answers it may be well obtained by using an interactive, cooperative and adaptive
query modeling.
∗
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In this paper, we present a model whereby the ability to do appropriate queries
and provide useful answers emerges as the result of a complex, dynamic and coevolutive interaction.

1.1

Motivation: Knowledge Exchange

An increasingly common technique to solve an user’s query on the web is “guessing”
its context—that is, the semantic content, conceptualisation or meaning of the
query from the user [Law00]; see also [NPSR99]. Rather than explicitely requiring
the user either to directly enter context information or know something about the
information source’s schema, this technique guesses when such context may be
relevant to the user. The problem here is that few of the results returned may
be valuable to the user [Bar93, Miz97]. Which documents are valuable to the user
depends on the semantic content of the user’s query. Under such premises, guessing
relevance in such semantic context discovery problem becomes a true challenge.
As far as we know, today search techniques “by guessing” are limited to cases
where potential contexts can be identified based on the keyword query; cf. [Law00].
Unfortunately, these cases rarely happen in the highly distributed environment of
the Web, where users can manage huge amount of data and use several kinds of
queries. Appropriate queries, in short, are difficult to ask. In this paper, we face
the problem of appropriate query formulation in KEx.
KEx (for “Knowledge Exchange”, see [BBMN03, BBMN02]) is a distributed,
knowledge management system implemented as a peer-to-peer architecture, where:
“(i) each peer (called K-peer) provides all the services needed to create and organize local knowledge from an individual’s or a group’s perspective, and (ii) social
structures and protocols of meaning negotiation are introduced to achieve semantic coordination among autonomous peers” [BBMN03, from the Abstract]. In the
current version of KEx, it is indeed possible and very common that the meaning of
a query, advanced by an user selecting some “seeker” from a set of available peers,
is conceptualised by the seeker in a even very different way from the potential
providers suitable to respond.
Now, suppose that meaning conceptualization affects query formulation. For
example, this would happen to an user who looks at the names of her data directories to decide the query expression to use. A question then arises out of
how query meaning and query evolution and refinements are functional to achieve
query success. In this paper, we investigate this question. In particular, we take
the experimental conclusion of [MBR01] as a starting point, where it claims that “a
robust solution [of the schema matching problem, viz cooperative query answering
for us] will need a module to incrementally learn synonyms and abbreviations from
[linguistic] mappings that are performed over time” (p. 9, our emphasis).
The cooperative model we propose is based on the philosophy of language
games [Wit53], the methodology and seminal extensive work by Steels on discrimination games [Ste96a], guessing games [SK99, SKML02, Ste01] and classification
games [SK02], and some of the ideas about advertising games [AA03a, AA03b].
From now on we proceed as follows. The main components of our model,
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basically seekers and providers, are defined in Section 2. The algorithm that determines the main steps of query answering (“query-answering game”) is advanced
in the details and discussed in Section 3. The functionality of the algorithm in a
real application like KEx is presented in Section 4. We end this paper with some
related work (Section 5) and the conclusion (Section 6).
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Seekers & Providers

We image that a system (“community”) of agents, or “peers,” is available to an
user. The user may employ a peer to play the role of the seeker or the provider.
Intuitively, a peer in the role of the seeker incorporates the functions dealing with
knowledge management and query making. These functions allow the user to perform some manipulation of documents, mainly to create clusters by using distinctive features of its documents and compare documents to judge their similarity,
and do queries. On the other hand, a peer in the role of the provider has the
same organizational structure of the seeker—both are “peers”—plus the ability to
answer queries by example.
The peers have reasoning abilities. We illustrate these abilities along the basic
components, terminology and notation of our framework. The “knowledge domain,” or domain of data we consider is a set of documents—called the universal
set of documents. We denote this set by D. One might consider a document as any
object provided with a textual content. For example, a document may be a web
page, a journal article, any finite string of terms written in a previously specified
language. For the aim of this paper, however, what matters is the interpretation
of a document, say its semantics, and the local classification of the document, as
we will see below. Each peer p has a repository consisting of a proper1 subset of
the universal set of documents, denoted by: D p .
The peers share a minimal language L, defined as follows. Let Text (·) be a text
extraction function. We refer to the keywords extraction function of [TRPG03,
Sec. 4]. Given a document d, Text (d) listes all the keywords in d, precisely, the
most frequent bigrams that were found in a list of frequent (Italian) bigrams. Thus,
Text (·) combines simple statistical measures with elementary linguistic knowledge.
Applied to a document d, Text (·) produces a set Text (d) of words. We call Text (d)
the (textual) semantics of d.2
(1) Definition: Let Text (·) and D be given. We define L = Text (D), where
S
Text (D) = d∈D Text (d).
Of course, each peer in the system may have an additional set of words to express
autonomous concepts and queries (labels of nodes of a context and keywords in
[BBMN03], respectively). We denote peer p’s language by Lp . In this paper,
1

We note that if p’s repository and D coincide, then it would not make sense for p to play the
role of the seeker, because no documents to seek would exist in this case.
2
Other text extraction functions are ammissible in our framework. Although important, a
specific treatment of keywords extraction is out of the scope of this paper.
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we deal with words from natural language without further specification. The use
of more abstract languages, however, does not change the basic features of our
approach.
(2) Remark: Although much of the initial work in cooperative answering focused
on natural language and dialogue systems (see [GGM92] for references) and, on
the other hand, language games were originally thought of to study natural language semantics—see for instance [Wit53, Ste96b, Ste97, SK02], the tenets of a
cooperative query/answering system ought to be universal to queries themselves,
regardless of whether the queries are cast in natural language, in formal logic, or
what else.
Documents may be organized by the peers in “clusters.” In particular, documents may be aggregated by individual peers according to a general schema, or
similarity measure, which is applied by each peer p locally to classify its documents repository D p . Informally, a cluster is a set of similar documents. To define
a cluster formally, we rely on the following terminology and notation.
A peer manages and classifies its documents by using “features” and preferences
over its “lexicon” (see subsection 2.1). Intuitively, a feature of a document is a
pair composed by a (key)word in the document, to be thought of as a standardized
text from procedure Text (·) of text extraction, and a relative value. For example,
think to the frequency of occurrence of that word in the document. Following
[TRPG03], given a document d we rank a word w ∈ Text (d) on the basis of a
slighly better method than just counting the number of occurrences of the word
in the document. More precisely, we use the inverse document frequency [MS99].
(3) Definition: Let peer p, document repository Dp and word w ∈ Text (d) for
document d ∈ D be given. We define the weight of w in d for p as follows.
Wp [w, d] = N [w, d] · log

Card(Dp )
,
docp [w]

where N [w, d] is the total number of occurrences of w in d, Card(Dp ) is the number
of documents in Dp (Dp ’s cardinality), and docp [w] is the total number of documents in D p containing w. Note that Wp [w, d] is a real number, so Wp [·, ·] is a
function from L × D to R.
log

Card(D p )
docp [w]

is called inverse document frequency of w for p, in symbols: IDFp [w].
The intuitive meaning of IDFp [·] is that terms which rarely occur over a collection
of documents in peer p’s repository are the most relevant. The importance of each
term is assumed to be inversely proportional to the number of documents that
contain the term. Since IDFp [·] represents word specificity in the view of a peer p,
it is expected to improve the precision of p’s classification of documents. In particular, it has been proved (Salton and Yang, 1973; see [MS99]) that the combination
4

Wp [w, d] of term frequency of a word in a document N [w, d] with the inverse document frequency IDFp [w] of Definition (3) better characterizes documents’ content
than term frequency.3
We are now ready to define the “features of a document for a peer.”
(4) Definition: Let peer p and document d ∈ D be given. The features set of
d for p is the set Fp,d = {(w, v) | w ∈ Text (d), v = Wp [w, d]}. The features set
S
for p is the set Fp = d∈Dp Fp,d .
We call the pair (w, v) a feature (of d for p). We say that w is the attribute (or
name) of the feature (w, v), and that v is its value. Some features are “distinctive.”
Informally, features are distinctive when refer to the same attribute with different
values. We rely on the following definition.
(5) Definition: Let features (w1 , v1 ), (w2 , v2 ) for a peer p be given. We say that
(w1 , v1 ) and (w2 , v2 ) are distinctive if w1 = w2 and v1 6= v2 .
We use distinctive features to distinguish documents. Intuitively, two documents
are similar if they have similar content. To be more precise, we need some notation.
Given peer p and document d ∈ D p , let Vd denote the finite sequence over real
numbers—we call it feature vector, obtained by listing the value of each feature
of d for p. That is, given d ∈ Dp , we define feature vector hv1 , v2 , . . . , vk i, where
vi for i = 1, 2, ..., k = Card(Fp,d ) is the value of the ith feature of d for p.
For all peers in the system, we now define Simp (·, ·) to be a similarity measure
defined over “normalized feature vectors.” To normalize two feature vectors, we
order the attributes of each feature in each vector according to the same ordering relation, and extend the shortes vector by adding zeros. (See references in
[TRPG03].)
(6) Definition: Let peer p and documents d, d0 ∈ D be given. We define
Simp (d, d0 ) =

< Vd , Vd0 >
,
k Vd k · k Vd0 k

where < Vd , Vd0 > denotes the result of the scalar product of normalized feature
vectors Vd and Vd0 , and k Vd k · k Vd0 k is the product of the vectors’ norm.4 (See
also [TRPG03, Sec. 5].)
Note that function Simp (·, ·) is partial recursive. We say that documents d, d0
have similar content, or that are similar for peer p just in case Simp (d, d0 ) 6= 0.
We say documents d, d0 are similar if d, d0 are similar for some peer. Note that
Simp (d, d0 ) ∈ [0, 1].
(7) Remark: The similarity measure Simp (·, ·) provides the peer p with the main
mechanism to update clusters, in the sense that only retrieved documents similar
to the document d ∈ C taken by p as the example to support the query (“query by
3
4

We refer the interested reader to [MS99] for further discussion.
Recall that k V k = Sqr(< V, V >).
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example”) are added to the cluster C. Moreover, Simp (·, ·) is defined according to
the user needs for all peers p. Thus, we assume that whenever a peer p is selected by
an user u to play the role of the seeker—in other words, u has employed p to search
some documents—, we have Simp (·, ·) ≡ Simu (·, ·). As an obvious consequence, an
user with a similarity measure that differs from that considered in Definition (6)
is supposed to be unable to employ p as the seeker suitable to pursue the query.
A “distinctive feature set” is a set of features distinguishing a document from
a set of other documents. In a system of peers, as our system, we need to associate
a distinctive feature set to peers, so that a distinctive feature set becomes a kind
of local “ontology” used by a peer to classify its documents. We will see the
relationship between distinctive feature set and clusters once we have defined these
two concepts. We begin to define a “distinctive feature set of a document for a
C .
peer with respect to a set of documents,” in symbols: Dp,d
(8) Definition: Let peer p, document d ∈ D, set of documents C ⊆ Dp and
features set Fp,d be given. We define:
C
Dp,d
= {(w, v) ∈ Fp,d | ∀d0 ∈ C, 6 ∃(w0 , v 0 ) ∈ Fp,d0 w0 = w or ∃(w, ṽ) ∈ Fp,d0 ṽ 6= v}.

{d}

∅
C ⊆F , D
C
Note that Dp,d
p,d
p,d = ∅, and Dp,d = Fp,d . Thus, the elements of Dp,d are
all features suitable by p to distinguish a document d from other documents in C.
Of course, a distinctive feature set is a feature set.
We now are ready to define clusters of documents by distinctive features. Given
a peer p, we denote the relative complement Dp \ C of a set C by Cp .

(9) Definition: Let peer p be given. A cluster of p is the set C ⊆ Dp such that
for all d, d0 ∈ C, the distinctive feature sets of d and d0 for p with respect to Cp
are defined, and
C
C
Dp,dp = Dp,dp0 .
As will be clearer by the next definition, we use distinctive feature sets to label
clusters. Definition (9) has an important consequence on this, as it allows us to
define a way to assign a “name” to a cluster by using preferences over documents’
distinctive features. Whenever d in Definition (9) is “the example of a query” (see
also Step 2 in Section 3), we say that cluster C is the query cluster.
We need some notation. Given a peer p, let Pref p (·, ·) be a total function from
Lp ×(Fp ∪Dp ) to integers (denoted by Z). Positive, negative and neutral preferences
are possible. Note that Definition (9) implies that for all peers p, all words w
D \C
in p’s language, and for every set of documents C ⊂ D p , Pref p (w, Dp,dp ) =
D \C
Pref q (w, Dp,dp0 ) for all d, d0 ∈ C. This is equivalent to say that a peer’s preferences
over feature sets that distinguish a document from the complement of a cluster do
not depend on the choice of the document. So the next definition is sound and
gives a way to decide how to name a cluster.
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(10) Definition: Let peer p, cluster C of p and word w ∈ Lp be given. We
define:
D \C
Pref p (w, C) = Pref p (w, Dp,dp ),
D \C
if there is d ∈ C such that Pref p (w, Dp,dp ) is defined, and Pref p (w, ∅) = 0.
Otherwise, Pref p (w, C) is undefined.
We say that C is labelled with w by p just in case Pref p (w, C) is maximum,
that is, Pref p (w0 , C) ≤ Pref p (w, C) for every w0 ∈ Lp with w0 6= w.

2.1

Lexicon

Each agent has a “lexicon.” Given a peer p, we denote the lexicon of p by Lxp .
Informally, a peer’s lexicon is a set of pairs, where the first component is a word,
or “label,” build from the peer’s language, and the second component is a feature
set for the peer. Formally, we define the lexicon of peer p as follows:
Lxp = {(w, Fp,d ) | w ∈ Lp , d ∈ D p , Pref p (w, Fp,d ) defined}.
A lexicon may be either empty or incomplete, that is, there may be some word
with no associated feature set or some feature set with no associated word. Notice
that there is not one lexicon for all peers, but each peer has its local lexicon.
Each peer p in the system has two functions, denoted by query (·, ·) and answer (·, ·).
Informally, query (·, ·) provides a peer in the role of the seeker with the way to
translate the local knowledge about a document—i.e., the document used as the
example for a query, into a language suitable to express the query. For simplicity,
from now on we assume that each peer has a finite language.
(11) Definition: Let peer p and d ∈ Dp be given. We define query (Fp,d , Lxp )
to be the finite sequence hw1 , w2 , . . . , wn i over Lp such that (wi , Fp,d ) ∈ Lxp (i =
1, 2, ..., n), and for all i, j ≤ n, if i ≤ j then Pref p (wi , Fp,d ) ≥ Pref p (wj , Fp,d ).
We call the finite sequence hw1 , w2 , . . . , wn i query expression. Informally, by
using query (Fp,d , Lxp ) the peer p exploits and communicate existing high-level
knowledge of the user about the document d.
Clusters’ names and function query (·, ·) are employed by peers to convey clusters’ meaning to query language. How a cluster’s name may be used to export
some of the cluster’s meaning to a query is the content of the next theorem.
(12) Theorem: Suppose that a nonempty cluster C is labelled with w by peer
C
p. Then there is a document d ∈ C such that query (Dp,dp , Lxp ) = hw, w2 , . . . , wn i
for arbitrary w2 , . . . , wn .
Proof: Let C be a nonempty cluster of p and let C be labelled by w. Then
C
D \C
there is d ∈ C such that Pref p (w, Dp,dp ) is defined, hence (w, Dp,dp ) ∈ Lxp and
D \C
query (Fp,d , Lxp ) is defined. Moreover, Pref p (w, Dp,dp ) is maximum over Lp , so
query (Fp,d , Lxp ) is of the form hw, . . .i. a
7

Answering by using answer (·, ·) allows a peer in the role of the provider to
interpret a query, according to the provider’s lexicon. We rely on the following
definition. (Recall that L denotes the universal system language, see Def. (1). Let
Λ denote the set of peers in the system.)
S

(13) Definition: Let peer p and finite sequence hw1 , w2 , . . . , wn i over q∈Λ Lq ∪L
be given. We define answer (hw1 , w2 , . . . , wn i, Lxp ) to be the set of feature sets F
such that for all i = 1, 2, ..., n there is a feature of the form (wi , ·) such that
(wi , ·) ∈ F and (wi , F ) ∈ Lxp .
So, each wi is used by the peer as the input to find (“guess”) the cluster (if any)
suitable to answer to the query expression hw1 , w2 , . . . , wn i.

3

Interactive Querying Algorithm

In normal operation, the user selects “the seeker” from the system of peers. The
seeker selects one or more providers as the target peers for a query. The user, the
seeker and the target provider(s) continuously go through a loop performing the
following actions:
Step 1. A “context” C for the user is delineated (by the user itself). The context
consists of a set of documents from the user’s document repository currently
in the field of attention of the user. Without loss of generality, we assume
C = Du = D s (u = the user, s = the seeker).
Step 2. One document d in the context is chosen (by the user) according to the user’s
distinctive feature sets, which determine the query cluster.5 The document
may be thought of as “the example” of the user’s query.
Step 3. The selected cluster C is labelled by the seeker with a word w in the seeker’s
language. The seeker’s action is performed with maximum preference Pref s (w, C).
Intuitively, w is the recommended name of the cluster provided (with preference Pref s (w, C)) by the seeker to the user.
Step 4. The seeker sends to the target provider(s) the feature set Fs,d of the example
and the sequence of words hw1 , w2 , . . . , wn i (“query expression”) produced
by applying function query (·, ·) to the seeker’s “knowledge” about d. Precisely, hw1 , w2 , . . . , wn i = query (Fs,d , Lxs ). The query expression is a kind
of recommended query to the user.
Step 5. An attempt is made by the target provider(s) to find possible features distinguishing the example from the set of all documents in its document repository. In other words, an attempt is made by the target provider(s) to find
possible distinctive feature sets on the basis of Fs,d and the received query
5

For simplicity, we assume that a nonempty distinctive feature set suitable to form a cluster
of similar documents exists. Otherwise, we may think to extend the model to allow more features
that those of the form (w, v) we have considered in this paper.
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expression. The question the provider p poses is, roughly: “there are a clusD \C 0
ter C 0 of p, some document(s) d0 ∈ D p and a distinctive feature set Dp,dp0
D \C 0
D \C 0
such that Dp,dp0
6= ∅ and Dp,dp0
∈ answer (hw1 , w2 , . . . , wn i, Lxp )?” If
0
the answer is yes, then C is the answering cluster of the provider that
hopefully matches with the query cluster C of the seeker.
Step 6. The provider p sends document(s) d0 ∈ D p to the seeker, who evaluates it
againts the example d by using Sims (d, d0 ). If the provider’s result is relevant,
that is, Sims (d, d0 ) > δ for some fixed, user dependent relevance parameter
δ, preferences over the peers’ lexicon are updated to success. Otherwise,
preferences over the peers’ lexicon are updated to failure.
On the basis of the foregoing steps, that we refer to as the rules of the queryanswering game G = hu, s, p, d, Ci, a number of query formation or query refinement situations arise. (In the following, C denotes the query cluster produced in
Step 2.)
1. The seeker is unable to express the example d by words (Step 4 fails): Either
the seeker’s lexicon Lxs is not developed enough or the seeker’s naming
D \C
function query (·, ·) is undefined over (Ds,ds , Lxs ). The seeker (possibly
D \C
by interacting with the user) then creates a new element (w, Ds,ds ) in its
D \C
lexicon with preference Pref s (w, Ds,ds ) = 0.
2. The provider is unable to interpret the query from the seeker (Step 5 fails):
Either the provider is unable to find possible features distinguishing the example from the set of all documents in its database or the provider does not
understand the query expression from the seeker. In the first case, the game
ends in failure—the provider’s response is an empty set of documents together with a message error.6 In the second case—suppose that the provider
has found at least a set of distinguishing features, the provider extends its
lexicon and creates associations between the seeker’s query expression and
each suitable set of features. More precisely, the following actions are done.
D \C 0
(Let hw1 , w2 , . . . , wn i be the query expression from the seeker and let Dp,dp0
denote a set of distinguishing features found by the provider, cf. Step 5. Observe that such set depends on d0 and C 0 , so many distinguishing features
sets may be found.) Then, for all i = 1, ..., n:
D \C 0
- the provider adds the new element (wi , Dp,dp0 ) to its lexicon with fixed
preference:
D \C 0
Pref p (wi , Dp,dp0 ) = 0.
6

At this stage of the game, it would be possible for the provider to create new features to
distinguish the example of the seeker from the provider’s documents. Our model development
at now, however, does not allow to do this. We have planned to extend our model to deal with
features out of the form (w, v). We leave it for future work.
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3. The seeker is able to send a query expression for the example and the provider
is able to interpret it (Step 6; no linguistic failures arise): We distinguish two
cases, that are also the possible outcomes of the query-answering game G.
(a) The provider’s response is compatible (“relevant”) with the seeker’s
query. This means that Sims (d, d0 ) > δ for a fixed, previously defined,
user dependent relevance parameter δ. The query succeeds, the game
ends in success. Note that it is possible, indeed probable at the beginning of the game, that the query cluster and the answering cluster are
labelled with different words and that the seeker and the provider(s) use
different feature sets. The seeker increases the value of its lexicon prefD \C
erences over the winning associations (wi , Ds,ds ) and decreases lexicon
D \C
preferences over competing associations (w, Ds,ds ) for all words w not
present in the query expression. The seeker’s motivation to adapt preferences is to update cluster label. Similarly, the provider increases lexD \C 0
icon preferences over winning associations (wi , Dp,dp0 ) and decreases
D \Ĉ 0
preferences of competing associations (wi , Dp,dp0 ) in its lexicon.
(b) The provider’s response is not compatible with the seeker’s query. This
means that Sims (d, d0 ) ≤ δ. The query fails, the game ends in failure.

4

KEx Integration: Similar Documents Service

We now describe the functionality of the algorithm, which allows us to add a new
service to KEx—we call it Similar Documents Service (SDS).
The Service provides the user with a document retrieval semi-automatic “strategy”. When the user clicks on the Similar Pages & Documents link for a search
result—say “give me a set of documents related to document d”—, after a finite
training period KEx automatically scouts the system of peers, or a subset of previously selected (available, preferred, etc.) peers, for documents that are related
(i.e., similar in the sense of Definition (6)) to this result. In general. the similarity measure used by the user depends on the seeker employed to query the
system—recall Remark (7).
The Similar Documents Service can be used for many purposes. If the user
likes a particular document’s content, but wish it had more to say, Similar Pages
& Documents can find documents with similar content with which the user may
be unfamiliar. If the user is interested in researching a particular area or topic,
say information about a particular concept or “meaning,” Similar Pages & Documents can help to find a large number of resources very quickly, without having
to worry about selecting the right keywords. These are automatically generated
(“recommended”) as the most successful names for the concept under attention.
The more specialized a document is, the fewer results our algorithm will be able
to find.
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5

Related Work

Our approach to query answering is related to clustering of search results, as performed by Northern Light (www.northernlight.com), for example. Northern Light
dynamically clusters search results into categories previously defined. These may
be changed by new interactions to the user, who may narrow search results to
any of these categories. More generally, there is a growing tendency of clustering
techniques being used in web search (the system user - search engine is a query answering system, although not always cooperative!) to present the user with some
query refinement options alongside the matching documents, that is, the documents supposed by the engine/provider to be relevant to the user. Other examples
are Teoma (www.teoma.com) and AltaVista (www.altavista.com). However, an inherent problem of these techniques is naming of the clusters—that is, to select the
right word or label to convey the cluster’s meaning or to select useful expressions
that can serve as query refinement terms. A recent work [Kru03] studies this problem in the specific case of document collections being searched are domain-specific
or limited in size.
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Conclusion

We have presented a model whereby the ability to do appropriate queries emerges
as the result of a complex, dynamic and co-evolutive interaction among peers,
where each peer may play the role of the user-seeker or the provider. Our model is
adaptive. We have argued that adaption, as basically influenced by the language
usage, is not distinct from the categorization process behind query answering.
In order to investigate the dynamic refinement of a query and query flexibility,
we have advanced a model in which queries and answers are a consequence of
language evolution and meaning construction. The result of this paper is a specific
cooperative technique aimed at identifying, after a finite number of steps, the most
relevant answer with respect to the user’s intentions and queries’ meaning. Our
aim was the tight coupling of knowledge discovery and classification with query
processing and evolution, as a mean to provide the user with the most relevant
possible answer. For doing this, we have exploited existing high-level knowledge
of the user and low-level text retrieval techniques.
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