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Abstract— Nowadays, people have been increasingly interested

in exploiting Web Search Engines (WSEs) not only for having
access to simple Web pages, but mainly for carrying out even
complex activities, namely Web-mediated processes (or taskflows).
Therefore, users’ information needs will become more complex,
and (Web) search and recommender systems should change
accordingly for dealing with this shift.
We claim that such taskflows and their composing tasks are
implicitly present in users’ minds when they interact, thus, with
a WSE to access the Web. Our first research challenge is thus to
evaluate this belief by analyzing a very large, long-term log of
queries submitted to a WSE, and associating meaningful semantic
labels with the extracted tasks (i.e., clusters of task-related
queries) and taskflows. This large knowledge base constitutes
a good starting point for building a model of users’ behaviors.
The second research challenge is to devise a novel recommender
system that goes beyond the simple query suggestion of modern
WSEs. Our system has to exploit the knowledge base of Web-
mediated processes and the learned model of users’ behaviors, to
generate complex insights and fask-based suggestions to incoming
users while they interact with a WSE.

I. INTRODUCTION

Recently, people have started exploiting the Web not only
for having access to its huge document collection but also
for accomplishing their everyday activities in a simpler way.
This vision is also supported by authoritative people in the
Web search community. During the DEMOFall08 Conference,
there was a discussion panel on “Where the Web is Going™!,
in which Peter Norvig from Google and Prabhakar Raghavan
from Yahoo! basically agreed that, rather than supporting only
one search at a time, WSEs should soon focus on helping
people to get a bigger task done.

So far, several works have investigated how real search intent
can be devised by looking at the queries users issued to WSEs
[1], [2], [3], [4]. Following this research direction, we plan to
go one step forward by aiming to understand users’ behaviors
on a task-based perspective. From our preliminary study of
historical data stored on a very large and long-term WSE query
log, we pointed out a significative set of sample activities that
many users tried to achieve by issuing some query chains.
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We will refer to those activities as Web-mediated processes or
taskflows, which typically rely on the composition of smaller
tasks. This novel way of searching the Web “by tasks to be
executed”, instead of “by documents to be retrieved”’, has to
be enabled by new mechanisms that we aim to investigate.
Our first research challenge is to build a knowledge base
from the WSE query log, which also takes into account the
semantic meaning associated with tasks (i.e., clusters of task-
related queries) and taskflows. Then, this large knowledge base
will help to devise a model of new users’ behaviors in which
users perform multiple search for accomplishing their activ-
ities. Finally, this semantic knowledge will be exploited for
implementing novel and task-based recommender strategies
that go beyond the simple query suggestion currently available.
The rest of this document is organized as follows: Section II
outlines the proposed research steps we intend to follow.
Furthermore, Section III describes a possible real life scenario
where task-based search and recommendation might be useful,
while Section IV shows some preliminary results obtained
through the work done so far. Finally, Section V provides a
summary of the whole research proposal.

II. PROPOSED WORK

The aim of this work is to investigate and propose new Web
search and recommender mechanisms “for allowing people
to get their tasks done on the Web!”>. Most of the activities
people traditionally performed in their everyday lives can be
modeled as workflows consisting of tasks somehow composed
together. In our vision, people will be increasingly interested
in exploiting the Web for accomplishing those activities.
Several approaches have been proposed for analyzing how
people usually search the Web by mining WSEs query
logs, which record information about the search activities
of users [5], [4], [6], [7], [8]. Thus, most works aim
at understanding the real intent behind queries issued by
users [1], [2], [3], [4], while others deal with the identification
of users’ search sessions [9], [10], [11]. Anyway, we strongly
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believe that historical data stored in query logs can be helpful
for proving the shift of Web usage we claimed.

We organize our work according to the following 3 orthogonal
steps. First, we plan to identify small search goals from a WSE
query log by using a novel clustering technique for grouping
topic-related queries. Each identified cluster could represent
a specific user intent aiming to achieve an afomic task,
which potentially can be a part of a more complex taskflow.
Moreover, since clusters lack of semantic information, we
have to fill up that gap by adding meaningful labels to clusters
of queries. Founded clusters of queries together with their
semantic labels will constitute a valuable knowledge base of
the tasks people aim to perform. Therefore, we plan to learn a
model dealing with how users enact complex taskflows on the
Web, i.e., how atomic tasks are composed together. Finally, as
the ultimate and most important goal, we aim to investigate
how taskflows or parts of them can be recommended, going
one step further than current Web recommender systems of
modern WSEs.

In the following, we will describe all those steps more deeply.

A. Query Clustering

The very first step of our analysis aims at finding search
goals associated with users of a WSE. We start choosing
the 2006 AOL query log as the initial data set. This is a
large and long-term collection, which consists of about 20
million Web queries issued by more than 657 thousands users
over 3 months. Suitable mechanisms for extracting search
goals are clustering algorithms applied to the whole query
session of each user. Query clustering is a quite recent research
issue, and it is based on the assumption that two queries
belong to the same cluster, if they are likely to be topically-
related [12], [13], [14], [15], [16]. As for any other clustering
problem, research has to be focused mainly on two aspects:
(i) the clustering algorithm to be run on data and (ii) the
similarity metrics used for computing the distance between
queries. Many similarity metrics have been proposed for query
clustering, some of them derive from traditional document
clustering in information retrieval domain [17], while others
exploit cross-reference between queries and user activities
(i.e., relevance feedback) [18]. Recently, hybrid solutions
that combine both content- and feedback-based approaches
have shown to be more effective [14]. Moreover, inter-query
temporal interval must be taken into account, especially when
dealing with long-term historical data [19].

We started devising a centroid-based algorithm (i.e., K-means-
like). However, it would be hard to estimate a good value
of the input argument K, that is the number of clusters to
be produced. So, our algorithm does not need K as its input
argument, and its running time is O(n?), where n is the total
number of the queries issued by a user within a long-term ses-
sion. Currently, we are also implementing two density-based
clustering algorithms, that is DBSCAN [20] and s-NN [21].
The advantages of using a density-based algorithm are both in
terms of flexibility, and complexity: in fact, either DBSCAN

and s-NN produce clusters of arbitrary shape, instead of simple
balls like K-means does. Moreover, density-based clustering
algorithms are able to deal with outliers (i.e., “noisy” queries).
Finally, under particular conditions the running time of those
algorithms can be O(n x logn), which sensibly improve the
overall performance and scalability when dealing with very
large query logs.

All those algorithms use a novel similarity metrics, which
combines query content features, relevance feedback, inter-
query temporal interval, and new features based on the
collaborative knowledge bases collected by Wiktionary® and
Wikipedia®*. Since the average number of query terms ranges
between 2 and 3 words [5], we expand each query with
its “wiktionarization” and “wikipediation” (whenever it is
possible). Basically, we exploit the Wiktionary and Wikipedia
data sources for increasing the meaningfulness of each query,
trying to overcome the lack of information of the query itself.
Collaborative knowledge bases like Wiktionary and Wikipedia
have been recently used for increasing semantic relatedness
between words in natural language processing domain [22],
[23], [24]. However, to the best of our knowledge, these
features have not yet been used for query clustering.

As a final result of query clustering we find a set of search goal
clusters C; = {c},c?,...,cl} for each user u; of the WSE.
Moreover, each goal cluster is a sequence of not necessarily
consecutive queries ¢ = (¢ j i jas- - - Gi,jn,) that could
possibly represent a specific task-based query session. Of
course, not all the queries issued by u; (i.e., search goals) are
thought to achieve some task. Consequently, we could expect
to obtain also one or more particular “noisy” clusters for each
u;, which will represent all the query sessions that are not
task-based.

B. Task Labeling

Query clustering provides an effective way of grouping
together similar queries according to a certain metrics. More-
over, query clustering implicitly breaks the whole search
session of a user in a more precise way with respect to
traditional timeout-based approaches [5], [25]. Thus, while we
can be quite confident that queries inside the same cluster are
somehow ‘“related”, we still have to understand if a cluster
really represents a task, and eventually we have to figure out
its real meaning. To address that issue, a supervised learning
algorithm (i.e., classifier), which is able to automatically assign
a label to previously unseen tasks, could be used. However,
it is not straightforward to assign right labels to identified
groups of task-based queries. In fact, giving a too specific
label to a task could make that task less “reusable”. Besides,
a completely general label could give too few information,
making the task useless. Hence, a tradeoff is needed, and our
idea is that an assigned label should help defining a sort of task
template, which in turn could be “instantiated” and specialized
from time to time. As an example, let us consider a group of
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task-based queries about “renting a farm in Tuscany”. If we
assign the label “RENT TUSCANY FARM?” to that cluster, we
would probably represent a high-specific task. At the opposite
side, we could add the general label “RENT”, which would
give not enough information about the task. So, there should be
two layers of information here: (i) the task label that provides
a task template, and (ii) additional data for describing the task
with more details.

As for any other supervised learning approach, evaluating
the outcome of a task labeling algorithm needs a corpus
consisting of manually labeled tasks (i.e. training set). To build
such a corpus, we developed a Web application that allows
human evaluators to “simulate” the optimal task-based query
clustering algorithm over a sample set of user search sessions.
For each manually identified task, the evaluator adds a tag and
optionally a longer description. Thus, we expect to collect a
sample labeled data source, which will represent a semantic
knowledge base of users search goals (i.e., taxonomy of tasks).
Moreover, this ground-truth can also be useful for evaluating
the results obtained with our query clustering algorithms, in
terms of different measures (e.g., precision and recall).

In some way, a taxonomy of tasks would allow also to
collect “groups of Web resources” related to task-based queries
that together concur to achieve a specific task. Roughly,
information available from this taxonomy is at a higher level
of abstraction with respect to data stored on classical WSE
index (i.e., group of Web resources vs. Web page). Finally,
this sort of manual training phase will also be useful for the
third step of our work. In fact, traditional Web recommender
systems suggest items that users could potentially be interested
in, by analyzing patterns available from stored transactional
databases (i.e., Amazon.com, MovieLens, etc.). Moreover, the
items users deal with are somehow “predefined” (i.e., books,
music, movies, etc.). On the other hand, task-based Web trans-
actions are definitely more free and involve many interactions
with several entities, making hard to collect all data within a
single transactional database of users’ tasks. Thus, “items”,
that is tasks, which should be recommended might spread
across several kind of resources (i.e., queries, Web pages,
semantic tags, etc.).

C. Web-mediated Process Recommendation

Recently, popular WSEs have started to support users with
query suggestions to help them in formulating better queries,
hence to quickly satisfy their needs. Query recommendation
techniques are based on the behaviors of users recorded in
WSEs query logs [26], [10], [27], [28]. We strongly believe
that the shift in Web usage should force next Web retrieval sys-
tems to make a step forward and to rely on novel recommender
mechanisms [29]. We claim that next Web recommender
systems should deal with two orthogonal issues: (i) what
items should be recommended and (ii) how recommendation
should be performed. Of course, suggestions will still take
place at search-time, but they should be provided by taking
into account a window of users’ search activities, instead of
recommending items on a search-by-search basis.

Regarding the first issue (i), several items dealing with smaller
tasks as well as entire taskflows could be recommended. Thus,
a key point here is how suggested information concerning tasks
and taskflows are presented to users. As an example, items to
be recommended could be the most relevant queries and/or
Web resources associated with a certain task or taskflows, as
well as their semantic labels.

Concerning the second issue (ii), we believe that the most
suitable suggestion mechanism will be provided combining
both content-based and collaborative approaches, also known
as hybrid recommender systems, as Adomavicius et al. show
in their paper [29]. Collaborative approaches make use of user
profiling to provide recommendations. Typically, a user profile
contains items together with their expressed ratings. However,
in our case, items whose users are interested in are not directly
available. On the other hand, items could be figured out
from the semantic information associated with user’s historical
behaviors (i.e., groups of semantically-related queries and
visited Web pages), following content-based approaches. So,
content-based approaches will be useful for generating items,
which in turn can be recommended in a collaborative way
on the basis of users’ profiles. Moreover, user profile could
be either short- or long-term depending on the amount of
historical data from which it was created, and it should take
care of user’s contextual information as well as her dynamic
behavior.

III. SCENARIO

Let us suppose Alice wants to organize a birthday party for
her baby. Typically, Alice will ask her favorite WSE issuing
a query like “birthday party”. Then, Alice will look at the
retrieved results: some of them will be certainly “relevant”
for her purpose, but mostly in a broader sense (i.e., Web
pages), and they do not answer in terms of the process as
a whole. Thus, Alice could rely on recommended queries
that are typically more specific and partially cover the overall
process. In fact, recommended queries might refer to tasks
involved in organizing a birthday party (i.e., “birthday party
supplies”, “birthday party themes”, etc.), but still without any
particular correlation. So, in our opinion, WSEs together with
recommender systems should organize results for driving Alice
to the mission she wants to achieve, instead of providing
“plain answers” like Web pages. In particular, recommender
systems should enrich traditional search results on a task-basis
perspective, namely suggesting all the small tasks composing
the whole taskflow inferred by comparing between the user’s
query with the knowledge base of tasks (i.e., “rent a place”,
“order on-line a cake”, “buy a gift’, etc.). At the same
time, WSEs should provide a new, task-oriented interface for
showing retrieved results. The key point here is to “recognize”
what taskflow Alice is willing to perform by simply looking
at her profile. At first glance, a possible solution should take
into account the short-term profile of Alice (i.e., one or a few
issued queries) and compute their similarity relatedness with
representative queries in the taskflows knowledge base.



IV. PRELIMINARY RESULTS

We believe that the outcomes of our work will affect
different research topics. Regarding query clustering, we no-
ticed encouraging results using the collaborative knowledge
bases provided by Wiktionary and Wikipedia for computing
the similarity between queries. Consequently, better query
clustering provides a better way of splitting the entire query
log into meaningful user sessions, so that each cluster will
identify a search goal session more precisely.

Currently, we have almost completed the first step of our
planned activities, and we are collecting the ground-truth using
our task-labeling Web application, for evaluating the results of
our clustering algorithms. Evaluation of identified query clus-
ters will be expressed in terms of classical information retrieval
metrics like coverage, precision, recall, and F-measure.

In the following, we will show a significative sample of
clusters that have been identified with the first centroid-based
algorithm we mentioned in Section II-A. In particular, Figure
1 shows three sample clusters together with a representative
query for each cluster, identified for a specific AOL user.

80th birthday
corsage
domino theme

80th birthday

PETTEE bingo cake

Cluster ID 7 Cluster ID 202 Cluster ID 210

Fig. 1. Three sample clusters for an AOL user.

Those clusters are somehow related to the taskflow for organiz-
ing a birthday party. Different colors are assigned to different
atomic tasks composing the whole process (i.e., “buy a gift”,

“prepare a cake”, “choose a theme party”).

V. CONCLUSIONS AND FUTURE WORK

According to many authoritative researchers in Web domain,
the way in which users search the Web is rapidly changing.
Thus, Web Search Engines (WSEs) may expect users to do
multiple searches when trying to accomplish their everyday
activities. This novel way of searching the Web “by tasks
to be executed” instead of “by documents to be retrieved”
has to be enabled by new mechanisms, which should be
able to deal with Web-mediated processes. Hence, our first
research challenge is to analyze a very large, long-term log
of queries submitted to a WSE, and associating meaningful
semantic labels with the extracted tasks (i.e., clusters of task-
related queries) and taskflows. This large knowledge base
constitutes a good starting point for building a model of
users’ behaviors. The second research challenge is to devise a
novel recommender system that goes beyond the simple query
suggestion of modern WSEs. Our system has to exploit the
knowledge base of Web-mediated processes and the learned
model of users’ behaviors, to generate complex insights and
task-based suggestions to incoming users while they interact
with a WSE.
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