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Abstract flects user short-term or long-term interest. In the person-

alization framework, new challenges for clustering search

Most current search engines present the user a rankedresults emerge since search results is interactively reranked
list given the submitted user query. Top ranked search re-based on user’s feedback. So efficient clustering algorithm
sults generally cover few aspects of all search results. How-is desired to perform online clustering of search results. In
ever, in many cases, the users are interested in the mainaddition, clustering results should dynamically update to re-
themes of search results besides the ranked list so that thdlect the reranking based on user’s implicit feedback. Tra-
user will have a global view of search results. This goal ditional clustering algorithms based on document similarity
is often achieved through clustering approaches. Personal-(for example, cosine similarity) is regarded as “static” since
ized search studies ranking or reranking the search resultsthe clustering result cannot reflect the changes in the rank-
based on implicit feedback. The personalized search systening of documents and user interaction [8]. The third key
will infer user information need based on user search en- issue is the result presentation strategy. Organizing the clus-
gine interaction and rerank the search results. Same as thetering results in a clear and effective way is very important
ranked search result lists, clusterings of search results intu- to enhance user’s search experience.
itively should also be dynamically tuned according to user  In this paper, we study the clustering and result presen-
search system interaction. Thus it brings interesting cluster- tation strategy in the personalization framework. Our goal
ing challenges in the personalized search framework. Clus-is to design an effective and efficient dynamically updating
tering results should change dynamically to reflect the per- clustering algorithm. We base our work on the assumption
sonalized ranking of search results. However, traditional that clustered results can augment top ranked result repre-
static clustering algorithms based on document similarity sentation, which has been proved by a lot previous work
cannot achieve this goal. In this paper, We study how to such as [9]
incrementally cluster the search results and dynamically  Our work is based on the UCAIR toolbar [6]. Just like
update the cluster representation based on user’s implicit query expansion and dynamic result reranking of search re-
feedback. sult based on user implicit feedback [3], the cluster presen-
tation is also personalized, i.e. dynamically change based
on user implicit feedback such as submitted query and click-
through during user interaction with the toolbar. For exam-
ple, when the user clicks a document, we can know more

. o about the user’s information need. We can change the clus-
One important task of a search engine is to rank moSter srycture and presentation based on this implicit feed-

relevant search results at top. Most search engines achievef,..  one simple strategy is that if we do hierarchical
this goal by some well-known algorithms like PageRank [S] ¢y stering, we can show next-level clusters of the cluster to
and HITS [4]. However, in many occasions, users want to ypich the document clicked belongs and push down other
have a global picture of the different themes about searchy,, eye| clusters. Just like when the user clicks one result
results such as clustered result presentation. These Presening then clickBack button, the top ranked result will be

tations will be beneficial to the user search experience. Sucharanked. We will reorganize the cluster presentation after

functionality is often achieved through clustering algorithm get the user implicit feedback. UCAIR framework is
or supervised learning such as regression [10] etc. introduced in Section 2 in detail.

Per_sonalization of the. search results is considered as 0N€  The major contribution of this project is as follows.
of major approaches to improve web search. Personalized
search ranks the search results or reranks the general ranked ¢ We implemented efficient clustering algorithms and
search results based on the created user model, which re-  used two different result presentation strategies at the

1. Introduction



client side. In [7], the user profile is constructed to do adaptive web

) ) ) search. However, a lot of computation such as profile con-

e We developed an incremental clustering algorithm 10 qy,ction and result reranking is involved so that this method
incrementally update the cluster structure. can not be integrated with the search toolbar to provide

e We design and implement Fisheye View algorithm Online adaptive web search. In UCAIR toolbar, the query
to dynamically change the cluster structure based on€XPansion and result reranking are done in a very efficient
user's implicit feedback. way. The user does not feel apparently longer response de-

lay compared with the general search engine toolbars. The
The rest of the paper is organized as follows. Section 2 user also has the freedom to control whether the query ex-

introduces the UCAIR toolbar, under which we study the pansion and result reranking are executed implicitly or not.
dynamic clustering algorithm. The details of the similarity In our study of this project, we also capture and model
measure, the clustering algorithm and clustering presentauser interactions. We focus on the clickthrough the user
tion are described in Section 3. In Section 4 and 5, we de-makes. Given each clickthrough, the original clustering re-
scribe the design and implementation of incremental clus-sult presentation will be dynamically changed.

tering (FixInc) algorithm and dynamical clustering (Fisheye

View_) algorithm respectively. Rela_ted Wo_rk is discussed in 3. Clustering Algorithm

Section 6 and conclude our study in Section 7.

In this section, we discuss the clustering algorithms, the
2. UCAIR Framework document similarity measure and the cluster result repre-

sentation.
Our study is based on UCAIR [6] toolbar. UCAIR tool-

bar is a personalized search toolbar at the client side. It pro-3 1 Clustering Algorithm
vides the basic functionality that many search engine tool-
bars such as Google toolbar provide. After the user com- .
poses a query, the toolbar communicates with the search en3-1-1  K-Medoids
gine and retrieves the search result web page for the user s _pedoids (or PAM) [2] is a partition based clustering al-
that the user does not need to visit the search engine web sitg o ithm. “Medoid” is the most centrally located object in a
to search. Besides the basic functionality, UCAIR toolbar ¢|yster, K-Medoids starts with an initial set of medoids and
does the query expansion and result reranking to improveieratively replaces one of the medoids by one of the non-
the retrieval quality. medoids if it reduces the total distance of the resulting clus-

For the query expansion, when the user submits a queryger. K-Medoids is more robust than K-Means in presence
say, ‘java’, the toolbar will look through the user's previous  of nojse and outliers because a medoid is less influenced by
queries and decide whether the previous queries are corregiliers than a mean.
lated with the current query or not. If so, the toolbar will - Ajgorithm 1 outlines the document clustering process us-
select meaningful query terms from previous queries, €.9-ing a K-Medoids approach.
“programming” for the query expansion and submit the ex-
panded query to the search engine. Thus the representatiumgorithm 1 Document Clustering: K-Medoids
of the user information need is augmented and the possible -
search term ambiguity is reduced. Input: A collection of documentD; },

For the result reranking, if a user views the search result Number of representatives,
web page and clicks one search result, when he cBaick ~ Output: A set of medoid documentic, , .. ., D,
button orNextbutton, the search result will be automati-
cally reranked according to the title and summary of previ-
ously clicked web pages. We believe that the user clicks onez: for egch.documenDi dp
search result because the appealing summary of the search 2SSign its membership to the clustgr that has the
result, instead of the whole content of clicked web page [7],  largest similaritysim(D;, D¢, );
reflects the user information need. Some originally relevant 3: find the most centrally located document in each cluster;
web pages ranked lower by the search engine will be pushecfl: repeat Lines 2-3 til small change in total sum of similarity;
up. Here, the user’s previous queries and previous click-2: return;
through provide the implicit feedback [3] to the UCAIR
toolbar. Through the implicit feedback from the user, the
web search results are personalized and the user search ex- It takesO(k(n — k)?) for each iteration in K-Medoids,
perience is improved. wherek is the number of clusters andis the number of

1. randomly selecK documents as the initial cluster centers;




documents. Multiple iterations are needed before conver-incremental clustering and dynamical clustering update, we
gence. The output isdocuments as representatives of each all use hierarchical clustering algorithm.
cluster center.

3.2 Document Similarity Measure

3.1.2 Hierarchical Clustering We use the term frequency vector to represent a docu-

We also tried hierarchical clustering algorithm. It merges Mment. Using this representation, we can measure the sim-
two most similar clusters at each level until there are dnly ilarity between two documents based on the similarity of
clusters left or other user specified criterion satisfies. their term vectors. Several measures are available to fulfill
Algorithm 2 outlines the document clustering process us- this requirement. Cos_ine sir_nilgrity is a widely used one. It
ing a hierarchical clustering algorithm. measures the normalized similarity between the term vec-
tors of two documents.

Algorithm 2 Document Clustering: Hierarchical Clustering ZN .
Input: A collection of documentD;}, sim(D;, Dj) = P (1)
. N 2 N 2
Number of representatives, \/szl Wip Zp:1 Wip

Output: A set of term frequency vectdf¥¢, , ..., TFc,. R .
whereD; = (w1, ..., w;n) is the term frequency vector

1: initialize k = n clusters, each of which has one documentfépresentation of document; and N is the size of vocab-

2: compute the pairwise similarity among, . . . , C, ulary.
simij = szm(ﬁz, ﬁj), . .

3: while (k > K) 3.3 Clustering Result Presentation

4:  selectsim, such thats, t = argmax; ;sim;;;

5: merge cluster€’, andC; to a new cluste; Another important task in this paper is to study different

6: TFc=TFc, +TFg,; clustering result presentation strategies. Clustering process

7 calculate the similarity betweeti and the organizes the whole collection of documents into different
remaining clusters; groups. Clear and effective presentation format provides

8 k=k-1, users with good interpretability and understanding.

9: return;; In our project, we present the ranked list of documents

based on personalization. In addition, we replace “Google
Sponsored Link” with the clustering results. We study the
different strategies to present clustering results.

For K-Medoids approach, we present the central docu-
ment in each cluster. In this case, the user will clearly see
an representative example of a cluster. However, the user
maybe still can not see the main theme of this cluster.

For hierarchical clustering approach, we present the cen-
tral term frequency vector in each cluster. A term vector
usually has a very high dimension. For effectiveness, we
only present the togs frequent (or distinctive) terms. In
this case, the user will not see a specific search result.

The initial similarity computation taked(n?) time. We
can maintain a sorted similarity list for each document in
O(nlogn). Forn documents, the total cost @(n?logn).
Whenever two clusters are merged into a new clustea
new similarity list is created and sorted in tifiEnlogn).

So the total time complexity i©(n? + n2logn).

The output of Algorithm 2 isk term frequency vectors
representing the cluster centers.

We implemented both K-Medoid and Hierarchical clus-
tering algorithm into the UCAIR toolbar. We did a lot of
testing. Their effectiveness are both relatively good, in the .
sense that they can really cluster some similar search re4 Incremental Clustering
sults. The number of clusters is hard to decided beforehand.

On the efficiency side, we find that K-Medoid clustering In the UCAIR toolbar, while the user navigates, the tool-
is not efficient at all. It is the bottleneck of UCAIR tool- bar will continue downloading search results. When we
bar computation. For example, it generally takes 3 secondsget some results and partition them into clusters while new
to cluster the top 50 search results while all other compu- search results are downloaded at the same time, how should
tation of UCAIR generally takes less than 1 second. On we update the cluster? One solution is to do the clustering
the other hand, Hierarchical clustering is very efficient and from scratch (reclustering) using all search results down-
the computation time of hierarchical clustering can be ne- loaded. However, this solution is not efficient. In this
glected comparing with other computation such as that of project, we proposed an algorithm called FixInc to do in-
indexing the search results. So when we do the study ofcremental clustering. It works as follows.



—e— Incremental
—&— Reclustering
Step 1.Partition the initial set of search results into clus- —
ters;

Step 2. As new results come, assign each of them to a
cluster where the similarity of the new document and the
cluster center is the highest.

Cluster Quality

Our assumption is, if the initial set of search results (usu-
ally are top-ranked pages by Google) can relatively repre- ° T e T °
sent the cluster partition well, the following results can be
assigned into the clusters with a greedy assignment.

We evaluate the FixInc algorithm against the reclustering )
algorithm in terms of clustering time and cluster quality. N9
The cluster quality is defined as

Figure 2. Cluster Quality of FixInc and Reclus-

Q= iz sz‘m(DZj, é) ) himself has no clear idea about what he is really search-

ing. Thus not only should the search results be personalized
(e.g. through reranking), but also the cluster results should
be personalized.

We design and implement the FishEye View algorithm
to do the dynamic clustering. Fisheye View is a technique
frequently used in information visualization [1], which in-
tegrates details in the neighborhood smoothly in wider con-
text. When we applies the Fisheye View into the dynamical
clustering, we show more details about the results which are
most similar with the most recently user clickthrough while

i=0 j
The higher Q is, the better the clustering quality. Fig-
ures 1 and 2 show the clustering time and cluster quality
of FixInc and reclustering. It is shown that FixInc is much
more efficient than reclustering from scratch but the quality
is very close. We compared the clustering time and cluster
quality of several queries, the conclusions are consistent.

—e— Incremental
—#— Reclustering

3000

/ we select and show several other similar clusters, although
/ they do not contain the search result the user just clicked. It
g / works as follows.
g 1500
g / Step 1.Partition the initial set of search results into clus-
© /'/ ters using traditional clustering algorithms such as hierar-

chical clustering algorithm;

Y

#of Clicks

Step 2. As the user clicks a search result and then
click “Back” (maybe then “Next” button), do an incremen-
Figure 1. Cluster time of FixInc and Reclus- tal clustering to include more recently downloaded search
tering results.

Step 3. Pick the cluster which contains the search result
the user just clicked. First pick the most similar search re-
5 Dynamic Clustering Maintenance sults belonging to same cluster as that containing the clicked
search result and show them in details. Then, we rank the
Most existing clustering algorithms of search results are other clusters according to the similarity between the cluster
“static”, in the sense that the cluster structure and presen-and the clickthrough. We show them in context.
tation are fixed. But in interactive information retrieval Here we can show as details the summary and title of
such as web search, the search system can not clearly ineach shown search results and show as context top frequent
fer the user information need at first. However, through the terms.
user search engine interaction, the user will provide more We implemented the Fisheye View algorithm into the
and more hints about information need. Moreover, user in- UCAIR toolbar. The best evaluation strategy is to do some
formation need sometimes is drifting during the informa- user study to measure whether the Fisheye View algorithm
tion seeking process, which is especially true when the usercan really help the user understand the search results. But
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search result presentation as well as the effectiveness.
Most, if not all, previous work on web result clustering
do not study the efficiency issue. We try to find a very
fast clustering algorithm which is also effective.

Search result presentation will be personalized. For
example, when we use clustering strategy, clusters will
dynamically change during the user interaction with

the search toolbar.

7. Conclusion and Future Work

In this project, we study how to provide the effective and
efficient clustering search results to the user at the client
sides. Moreover, we design and implement FixInc algo-
rithm to do incremental clustering and Fisheye View algo-
rithm to do dynamical clustering. We have done some quan-
titative analysis about efficiency of clustering algorithm and
incremental clustering and quality of incremental cluster-
ing. We will do a user study to evaluate the effectiveness of
clustering algorithm and dynamically update of clusters.

There are a lot of interesting work to explore. First, we
will explore other dynamically clustering algorithms. Cur-
rently, we just use the most recent clickthrough as the clue
to update the clusters. Actually there are more information
the search system can make use of. We will also explore
other incremental clustering algorithms. Currently, the clus-
ter structure of FixInc algorithm will not change and only
contents of each cluster are updated. We will study how to
change the cluster structure when we do incremental clus-
tering.

ing to cluster web search results. Bmoceeding of SIGIR
2004 2004.



