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SNAKET: A Personalized Search-result Clustering Engine

Paolo Ferragina and Antonio Gulli

We propose a (meta-)search engine, called SnakeT, that queries 16 commodity search engines — specializing on the topics
Web, blog, books and news — and then offers two complementary views on their returned results. One is the classical
ranked list, the other one consists of a hierarchical organization of the results into folders labeled with variable-length
sentences which are created on-the-fly at query time. These labels capture the "theme" of the query results contained into
their associated folders. Users can eventually browse the labeled folder hierarchy with various goals: knowledge extrac-
tion, query refinement, or results personalization. This form of personalization is privacy preserving and non intrusive for

the underlying search engines.

Keywords:, Multi-Document Summarization, Person-
alized Web Ranking, Search Engines, Snaket, Web Snippet
Clustering.

1 Introduction

Current search engines return a ranked list of web pages
that contain the keywords of the user query together with
some contextual information like the title and a text frag-
ment summarizing the context of the searched keywords in
each result page. This fragment is called a (web-)snippet.
Recently, there has been a surge of interest in novel IR-
tools that help the users in their difficult search task by means
of novel ways for reporting the query results. "Search re-
sult clustering" is one of the most promising IR-tools [11],
introduced in a primitive form by NorTHERNLIGHT and then
made popular by Vivisimo.

The problem solved by these tools consists of cluster-
ing the results returned by a (meta-)search engine into a
hierarchy of folders which are labeled with variable-length
sentences. The labels capture the "theme" of the query re-
sults contained into their associated folders. This labeled
hierarchy offers a complementary view to the ranked list of
results returned by current search engines. Users can then
exploit this view by navigating the folder hierarchy driven
by their search needs, with the goal of extracting informa-
tion from the folder labels, or reformulating another query,
or narrowing the set of relevant results. This navigational
approach is especially useful for informative [1],
polysemous and poor queries.

Search result clustering is a challenging variant of clas-
sical clustering because of two demanding requirements:

m The folder hierarchy and its labels must be computed
on-the-fly in order to adapt themselves to the different
themes of the results returned by the queried search
engine(s). Canonical clustering is instead persistent since
"hierarchical structure is generated only once, and folder
maintenance can be carried out at relatively infrequent in-
tervals" [12].

m The construction of the labeled folder hierarchy must
deploy the heterogeneous, uncontrolled, and poorly com-
posed information contained in the web-snippets returned
by commodity search engine(s).

Many commercial systems implement nowadays the
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web-snippet clustering technology in their (meta-)search
engines (see Figure 1): Vivisimo, MooTeR, CoPERNIC, IBOOGIE,
Kartoo, Groxis, DocpriLe and CrLusTty. GooGLE and
MicrosorT seem also to be interested into this IR-tool [19]
[18]. Ask.com is adopting clustering as part of its Zoom
technology. Unfortunately, very little information is avail-
able about such industrial software. On the other hand, the
scientific literature offers several detailed solutions to the
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Figure 1: Vivisimo (left) and SnakeT (right) on the Query "asthma". Notice on top of SnakeT’s window the

buttons for invoking the personalized ranking.

web-snippet clustering problem, but their performance is
far from the one achieved by Vivisimo.

Another approach to help users in searching the Web is
the personalization of the ranked lists of query results. Per-
sonalized ranking combines web-graph linking information
with some contextual/profiled information with the goal of
achieving adaptivity and scalability to the variegated user
needs. Examples of industrial personalized services are of-
fered by GoocLE, YAHoO, Ask.com and EUReksTER. In the
scientific literature the personalized ranking problem has
been investigated by proposing interesting scaling tech-
niques for the classical link-based ranking approaches [3]
[8] [13].However these approaches either allow profiles over
a restricted (tiny) set of choices, or they need to maintain
up-to-date profiles which are a critical and private resource.

The contribution of this paper® is twofold: (i) We pro-
pose a software for web-snippet clustering, called SNAKET,
that achieves efficiency and efficacy performance close to
Vivisimo; (ii) we exploit the labeled folder hierarchy of
SNAKET to design a form of personalized ranking that is
fully-adaptive, privacy preserving, and scalable to an un-
bounded number of user needs. Overall this shows that be-
tween ranking and web-snippet clustering does exist a mu-
tual reinforcement relationship from which both of them
may benefit.

1 This work was done while the second author was a PhD
student at the Dipartimento di Informatica, University of Pisa.
Part of this work appeared in the Proceedings of WWW
2005.
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The rest of the paper is organized as follows. In Sec-
tion 2 we describe SNAKET’s architecture and comment the
algorithmic specialties underlying its design and implemen-
tation. In Section 3 we discuss our proposal for personaliz-
ing the search results returned by a commodity search en-
gine based on SNAKET’s labeled folder hierarchy. Finally, in
Section 4 we present some experimental results, and com-
pare the performance of SNAKeT against Vivisimo.

2 The Anatomy of SnakeT

The scientific literature offers various academic and sci-
entific solutions to the web-snippet clustering and the per-
sonalized ranking problems. We refer the interested reader
to [4] and the literature contained within.

The name of our software, SNAKeT, stands for SNippet
Aggregation by Knowledge ExtracTion. Its architecture is
detailed in Figure 2 where all of its modules and their inter-
relations are illustrated. We can actually identify three main
algorithmic phases in SNAKeT’s functioning: sentence se-
lection and ranking, hierarchical clustering and labeling, and
personalized ranking. The first two phases will be detailed
in this section, personalization will be discussed in the next
section.

2.1 Two Knowledge Bases

The Anchor Text Database: Several search engines
exploit the hyperlinks among web pages as a source of in-
formation for ranking and retrieval. In this paper, we use
this information for the clustering and labeling of the snip-
pets. To achieve this goal, we model each web page p as a
virtual document consisting of two sets of terms: The set
A(p) formed by the terms contained in p, and the set B(p)
formed by the terms contained in the (anchor) text surround-

© Novatica
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Figure 2: The Architecture of SNakeT.

ing each hyperlink that points to p (about 20 terms). We
refer to A(p) as the content of p, and to B(p) as the context
of p. The virtual document for p is then given by A(p)UB(p).
We build the A , index which collects the anchor texts
drawn from more than 50 millions web pages, crawled us-
ing the Nutch’s open source spider and selected among those
ones which were top-cited during the crawling process.

The Semantic Knowledge Base: One of the key in-
gredients to effectively extract meaningful folder labels is a
method that ranks and selects a good set of candidate sen-
tences drawn from the snippets of the query results. We in-
dexed the directory Dmoz, freely available on the web, and
calculated an ad-hoc TFxIDF measure for its controlled
and high-quality lexicon.

We are the first, to the best of our knowledge, to use the
whole Dmoz for web-snippet clustering.! Specifically, we
indexed this valuable archive by developing a ranking en-
gine, hereafter denoted by R, __, based on inverted lists.
The lexicon of R, consists of more than three million
single terms.

Let #(t) be the total number of occurrences of the term t
into DMOZ, #_(t) be the number of DMOZ categories in
which t appears, and let #_ be the total number of DMOZ
categories. Moreover let ns(C. ) be a boosting factor for the
category that takes into account its depth in the DMOZ

2Unlike [2], we are using Dmoz only for the ranking of the
sentences which are extracted on-the-fly from the snippets.

© Novatica

hierarchy (i.e. we are postulating an increased importance
for deeper categories), and b(t,C,) be a boosting factor for
the term tif it is placed in a relevant part of C, such as e.g.
its description or title (i.e. we are postulating an increased
importance of terms in crucial parts of the category’s de-
scription). We define slight variants of the classical TF-IDF
measure:

#cC
#e(t) '

TF(t)=1+log#(t), IDF(t)= log

The rank of term t with respect to a category C, is thus
defined as: R(t,C,)=h(t,C,)*TF(t)*IDF(t)*ns(C,). The rank for a
sentence s, , formed by two terms (t.,t,) is then defined as:
R(S,,) = max R(t, C) * R(tC).

Finally, the rank of a longer sentence s is defined by
identifying the set P(s) of pairs of contiguous terms within
s, and then taking the sum of their ranks:

R(s)= ZSMEPEE‘) R( Sh:k).

2.2 The First Module: Snippet Analysis

SNAKeT fetches the snippets from 16 search engines thus
offering a large coverage of the web [6]. They are A9.cowm,
ABouT, ALLTHEWEB, ALTAVISTA, Ask.coMm, E-sPOTTING,
FINDWHAT, GicaBLAsT, GooGLE, LooksMART, MSN, Over-
TURE, YAH00, GooGLE NEws, A9, and BLogLINE. All of these
search engines are queried by the so called Retrievers, that
return a ranked list of results (with their snippets). The av-
erage retrieval time is of about 2 secs [5].

Snippets referring to the same page are merged, and then
enriched with the anchor texts pointing to each result page

UPGRADE vaol. viii, No. 1, January 2007 21
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p, retrieved from the A | index. Subsequently, the en-
riched snippets are segmented into sentences by choosing
as separators the punctuation symbols and HTML tags.
The sentences are finally processed by a Linguistic
Analyzer which (i) filters a stop list of about 2000 words
belonging to 12 different languages, (ii) stems the resulting
sentences by using the Snowball stemmers [17], and (iii)
extracts Part of Speeches (PoS) and Named Entities.

2.3 The Second Module: Sentences Selection and
Ranking

We aim to compute folder labels that identify the snip-
pets themes and thus are long and intelligible sentences,
rather than single terms. It is well known [14] [9] that the
extraction of sentences formed by not contiguous terms,
hereafter called gapped sentences, may boost the precision
of the folder labels and, in turn, the usefulness of the folder
hierarchy to humans. For example, if a snippet contains the
phrase "George W. Bush, the President of USA", its gapped
sentences of length three are: "George Bush President",
"George Bush USA", "George President USA", "Bush Presi-
dent USA". Our approach to sentences selection and rank-
ing is syntactic, works in three phases and considers also
the word-based permutations of the gapped sentences.

First phase: formation of 2-gapped sentences. From
each sentence s of a snippet, we build the set AS?(s,d) formed
by all pairs of terms that occur in s within a proximity d
(like [9]). If a term pair (w,, w,) occurs in s, we insert it in
AS?(s,d) together with its transpose (w, w,). Of course, some
of the term pairs in AS?(s,d) could introduce artificial mean-
ings. For instance, the sentence "Alexei Abrikosov, Vitaly
Ginzburg and Anthony Legget received the nobel prize ..."
derives the 2-gapped sentence "Vitaly Legget" which is
probably an artificial name. To circumvent this problem,
we discard from AS?(s,d) any pair whose terms appear
contiguously neither in a snippet nor in Dmoz.

Second phase: selection and ranking of 2-gapped sen-
tences. The 2-gapped sentences are ranked using local in-
formation and background information. Local information
is a set of statistics collected from the snippets about a 2-
gapped sentence, such as the number of occurrences of a 2-
gapped sentence within the snippets, its HTML contexts,
and the rank attributed to the snippets by the queried search
engines. Background information is a judgement on the rel-
evance of a 2-gapped sentence derived from R, _ (see Sec-
tion 2.1). The 2-gapped sentences in AS?%(s,d) having rank
below a given threshold are discarded.

Third phase: building longer gapped sentences. The
fast construction of longer and intelligible gapped sentences
is based on an inverted-list data structure built on-the-fly
over the 2-gapped sentences of U AS?(s,d). We build the
longer 4-gapped sentences of by picking two 2-gapped sen-
tences of As?, say (w,, w,) and (w,, wy), and merging them if
they have same snipID and occur in the same sentence
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within a fixed proximity window. The merging operates via
a linear scan of the two sorted inverted lists associated with
(w,, w,) and (w,, w,). All the 2-gapped sentences which do
not participate into any merging are in some sense maximal
and thus they are inserted in a candidate list, hereafter de-
noted by CL. Finally, we rank the elements of As*viaR__ .
Those sentences which have a rank below a given thresh-
old are discarded. The process is iterated until the set CL
contains all maximal gapped sentences of length at most
2°=8 whose rank is above a given threshold. Notice that
every gapped sentence has associated the snippets from
which is has been extracted.

2.4 The Third Module: Labeled Hierarchy
Formation

SNAKET uses an innovative bottom-up hierarchical clus-
tering algorithm whose aim is to construct a folder hierar-
chy which is compact in terms of total number of folders,
balanced in terms of subtree sizes, and overlapping in that
a snippet may cover multiple themes and thus belong to
many leaf folders. SNAKET also aims at assigning folder la-
bels that are accurate with respect to snippets’ themes, dis-
tinct to avoid an overwhelming repetition in their constitut-
ing terms, and intelligible by means of variable-length sen-
tences. The overall process is called hierarchy builder in
Figure 2.

Initially, snippets are grouped into folders according to
the gapped sentences of CL they share. These folders pro-
vide the leaves of our hierarchy, and their shared sentences
provide their labels (called primary labels). We denote by ¢
(C) the primary label of folder C, and this is used to anno-
tate the folder. We are postulating that snippets sharing the
same gapped sentence deal with the same theme, and thus
must be clustered into the same (leaf) folder.

In order to agglomerate folders for hierarchy construc-
tion, SNAKET enriches each folder C with a set of secondary
labels, defined as gapped sentences that occur in a fraction
c of the snippets contained into C (currently c=80%). The
intuition is that primary labels provide a finer description
of folders, whereas secondary labels provide a coarser de-
scription of folders.

To manage primary and secondary labels efficiently, we
concatenate them into a unique string, called the signature
of the folder C, and hereafter denoted by sig (C). The in-
ductive step of the bottom-up hierarchy construction con-
sists of three main phases detailed below.

Parent Formation. A parent folder P is created for each
group C,, C,,..., C, of folders that share a substring among
their signatures (hence, both primary and secondary labels
are deployed). The shared substring provides the primary
label of P, and thus its annotating sentence ¢ (P). The set of
secondary labels of P is formed by taking the labels of the
C, s that occur in at least the c% of P’s snippets. sig(P) is
finally obtained by concatenating the primary label of P
with all of its secondary labels. Since ¢(P) is computed
among both primary and secondary labels which are gapped

© Novatica
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sentences, ¢(P) is a gapped sentence too, being not neces-
sarily a substring of the primary labels /(C),..., #( Cj).

Ranking. The parent folders built at the previous step,
are just possible candidates of the final folder hierarchy.
SNAkeT ranks these candidate folders by exploiting the ranks
of the labels of their children folders computed via R
(see Section 2.1). The rank adopted is a sum of the ranks of
all the labels (primary and secondary) contained in the sig-
natures.
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beginning of this section. The number of the redundant par-
ent folders is not negligible and their deletion contributes
to make the overall hierarchy more intelligible. We formal-
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Figure 4: Personalized SNnakeT. The user selects the two labels "Tutorial" and "Training"
and obtains her personalized ranked list (on the right).
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Figure 5: P@N on our Dataset.

ize this problem as a covering problem and solve it via a
greedy approach which takes in account the ranking of the
folders and their labels. Note that, at the end of the process,
orphan children are put in a generic category "Other".
SNAKET adopts two rules to detect and discard the redun-
dant (candidate) parent folders:

m  Context pruning rules. It aims at discarding parent
folders which are redundant with respect to a graph-covering
relation: if two parent folders share (almost) the same children
folders, then SNakeT keeps the parent folder having the largest
rank. Moreover, a parent folder is discarded if it has more than
a fixed number of children. These rules take into account the
maximum overlap between folders, the maximum size of the
folders, the balancing of the hierarchy.

m  Content pruning rule. It aims at discarding parent
folders which are redundant with respect to a syntactic-simi-
larity relation among their labels: if two parent folders are
annotated with (almost) the same labeling terms, then
SNAKET keeps the parent folder having the largest rank. This
rule takes into account hierarchy compaction and folders
overlapping. After the pruning phase, the remaining parent
folders provide the next level upon which the bottom-up
process is repeated. This process is stopped after that three
levels have been built, because a deeper hierarchy would
be not user friendly!

3 Personalizing Search Results

Link-based ranking algorithms tend to produce results
which are biased towards the most popular meaning of an
ambiguous query. At the time of this writing, "Jaguar" on
GoogLE does not get answers related to the mayan civiliza-
tion in the first ten results. Conversely, SNAKET is able to
distill from the snippets few key concepts (possibly some of
low rank, see Figure 4) that may be subsequently deployed
by the user for many activities like query refinement,
disambiguation, knowledge extraction, and even person-
alization of the ranked list of results produced by the un-
derlying search engines.

Hierarchy browsing for knowledge extraction. Users
can navigate through the hierarchy by expanding or col-
lapsing on-the-fly its folders. The expansion is cheap since
it occurs at the client side. This navigation can be seen as a
form of knowledge extraction process that allows the user
to acquire several points of view on the 200 or more query
results fetched by SNAkeT, without the effort of scanning
all of them. This is useful because users frequently look at
just the first top-ten results of the ranked list, and they issue
poor queries mainly consisting of at most two terms.

Hierarchy browsing for results selection. Users can
narrow the ranked list of results to those ones which gener-
ate a label |, by just clicking on I. This is pretty much simi-

P@N over snippets

= == = div

1.2 - & -dive
(personalized)

Query= Guppy P@N oversnippets . ... .,

1.1 - - - 9uppy
(personalized)

Figure 6: P@N for the Queries "divx" and "guppy".
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lar to what Vivisimo does, with the speciality that SNAKET
does the narrowing at the client side.

Query Refinement. Once the user looks at the folder
hierarchy, (s)he can decide to refine the query Q in two
different ways. Either (s)he can take inspiration from the
folder labels to compose a new query and then submit it to
SNakeT. Or (s)he can click on some folder label | and then
submit to SnAkeT the refined query QuI. This is a form of
query expansion/suggestion used by many commercial
search engines such as Ask.com, here re-interpreted in the
web-snippet hierarchical clustering framework.

Personalized Ranking. When a user issues a query,
SNAKET generates the labeled folder hierarchy and the ranked
list of results. The former is computed as we largely com-
mented in the previous sections. The latter is produced by
aggregating the query results provided by the 16 search
engines according to a static rule which weights differently
these 16 engines.

Users can select a set of labels L = {l.,...,1} from the
hierarchy by clicking on the checkbox associated to each of
them. Then, they may ask SNAKeT to filter out from the
ranked list of results the snippets which do not belong to
the folders labeled with any of L’s labels. We think that this
is an interesting feature offered by SNakeT’s interface, be-
cause it allows to dynamically adapt the ranked list of (about
200 or more) results to the local choices made by the user.
This feature turns out to be particularly effective when the
users submit informative [1], polysemous, and poor que-
ries. See Figure 4 for an example of personalized ranking
in which a user aiming at introductory material about the
programming language "java", first formulates the query
"java", and then selects the labels "Tutorials" and "Train-
ing" for getting personalized results.

We note here that SNAKET’s personalization is fully adap-
tive, scalable, privacy preserving and non intrusive for the
underlying search engine. It is fully adaptive and scalable
because it is not based on a user profile, and users can adapt
the choice of their selected labels according to their subjec-
tive and time-varying interests. SNAKET also protects the
user privacy because it does not require an explicit login, a
pre-compilation of a user profile, or the tracking of the us-
er’s past searches. In short, SNAKET may be considered as a
plug-in that turns any un-personalized (meta-)search engine
into a personalized one, in an not intrusive way.

4 Experimental Results

SNAKET runs currently on a commodity PC with Linux,
P4 CPU and RAM 1.5Gb. Its web interface is accessible at
<http://snaket.di.unipi.it>. In what follows we report the
most important results obtained in our experiments, and refer
the reader interested in the whole figures to [16] [4]. These
evaluations deploy a unique (in the literature) dataset of
snippets, enriched with clustering results, that we have col-
lected from our 16 search engines using 77 queries, selected
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from the top searched ones on Lycos and GooeLE during
2004. This dataset is available on-line [16] and can be freely
used by the scientific community either to reproduce our
experiments or to test any new web-snippet clustering en-
gine. We extensively tested SNAKeT by following two main
methodologies proposed in the literature: user surveys con-
ducted on a set of queries, and some mathematical evalua-
tions. There are many proposals for evaluating a flat clus-
tering [7, 10], but it is still open the definition of a measure
which operates on a labeled hierarchical clustering and is
thus able to take into account the expressiveness of the folder
labels [10]. Below, we propose an extension to the method-
ology of [15] with the goal of addressing the "label expres-
siveness™ issue.

Users surveys: We selected 20 students at the Univer-
sity of Pisa and asked them to execute those queries on these
two engines. 75% of them were satisfied of the quality of
SNAkeT’s folder hierarchy and of its labels. Moreover, 82%
of them have got a a good sense of alternatives from SnakeT.
Hence we can state that SNakeT achieves performance close
to Vivisimo.

Evaluation of SNAKeT: We evaluated SNAKET by using
our dataset and a mathematical evaluation measure that ex-
tends the one adopted in [15] by taking into account the
expressiveness of the labeled folder hierarchy. For each one
of the 77 queries, we evaluated the precision at the first N
labels associated to the top-level folders generated by
SNAKET. Precision at top N is defined as:

M@ N

P@N =—_

where M@N is the number of labels

which have been manually tagged relevant among the N
top-level labels computed by SnakeT. If a label has been
manually tagged as "ambiguous”, we judge it relevant if
the majority of its children labels are relevant. We believe
that P@N, specialized on the top-level folder labels, reflects
the natural user behavior of considering these top-level la-
bels as the most important for hierarchy navigation. We use
P@3, P@5, P@7 and P@10 since lazy users do not like to
browse a wider folder hierarchy. Notice that all queries pro-
duce at least three, and many of them produce up to ten,
top-level labels. As far as the precision of SNAKET’s top-
level labels is concerned, we observe that on all queries of
our dataset, SNAKET achieved an average precision of
P@3=91%, P@5=83%, P@7=78% and P@10=79%, see
Figure 5.

Precision over the personalized results. We studied
how the precision changes when SnakeT’s personalization
is applied, by using the following measure: P@N_, .. =
MS @ N

N
have been manually tagged as relevant among the N top-
ranked snippets returned by SNAKeT’s personalization. We
experienced an increase in P@N of about 22% aver-

snippets

aged over N and over all 77 queries of our dataset.

, where MS@N is the number of snippets which
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In Figure 6 we compute on P@N.. .. personalized vs.
unpersonalized results for the queries "divx" and "guppy".

5 Conclusion

SNAKET is a unifying hierarchical web-snippet cluster-
ing engine for many kinds of document collections: web,
books, news and blogs. The use of SNAKET goes much be-
yond the Web, in that it may find useful applications also in
enterprise search engines whose list of query results is much
long and undifferentiated because their indexed documents
lack of cross-linking patterns. In these contexts pre-retrieval
tagging techniques are frequently used: they assign, manu-
ally or via a software, to the indexed documents a static set
of (meta-)tags that concisely describe their content or other
(meta-)information (like the author, the data, the lan-
guage,...).

The labeled hierarchy obtained from these pre-retrieval
tagging techniques is nonetheless limited because of its cost
(human input occurs in at least one stage), poor quality (i.e.
static taxonomy), limited flexibility (wrt multiple document
sources).

Conversely the post-retrieval clustering techniques, like
the ones implemented by Vivisimo and SNAKET, offer some
advantages over these approaches which have been largely
discussed in this paper. Given the experiments and the en-
gineering of SNAKET’s modules, we can safely state that its
time performance and the quality of the labeled folder hier-
archy are comparable to Vivisimo’s ones. Additionally
SNAKET provides an interesting form of personalized rank-
ing that is fully adaptive to user needs, privacy preserving,
scalable to the number of users, and non intrusive for the
underlying (un-personalized) search engines.
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