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ABSTRACT

Heterogeneousertities or objects are very common and are
usually interrelated with eac other in many scenarios. For
example, typical Web seard activities involve multiple types
of interrelated ertities such as end users, Web pages, and
seard queries. In this paper, we de ne and study a novel
problem: Search HeterogeneoudN terrelated Entities (SHINE).
Given a SHINE-query which can be any type(s) of ertities,
the task of SHINE is to retrieve multiple types of related
entities to answer this query. This is in contrast to the tra-
ditional seard, which only deals with a single type of en-
tities (e.g., Web pages). The advantages of SHINE include:
(1) It is feasible for end usersto specify their information
need along di erent dimensions by accepting queries with
dierent types. (2) Answering a query by multiple types of
entities provides informativ e context for usersto better un-
derstand the seardh results and facilitate their information
exploration. (3) Multiple relations among heterogeneousen-
tities can be utilized to improve the ranking of any particular
type of entities. To attain the goal of SHINE, we propose
to represert all entities in a unied spacethrough utilizing
their interaction relationships. Two approaches, M-LSA and
E-VSM, are discussedand compared in this paper. The ex-
periments on 3 data sets(i.e., a literature data set, a searc
engine log data set, and a recommendation data set) show
the e ectiv enessand exibilit y of our proposed methods.

Categories and Subject Descriptors: H.3.1 [Content
Analysis and Indexing]: Indexing methods; H.3.3 [Informa-
tion Searc and Retrieval]: Searc process

General Terms: Algorithms, Design

Keyw ords: SHINE, heterogeneousnterrelated ertities, mul-
tiple types, searh

1. INTRODUCTION

Heterogeneousinterrelated entities or objects are common
in many scenarios. For example, general Web seard ac-
tivities involve heterogeneousobjects including end users,
seard queries, Web pages, and words. In literature data,
four types of heterogeneousertities are included: authors,
papers, conferencesand keywords. All the inter-relationships
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among these heterogeneousobjects provide rich information

to build potentially better seard services. However, most of
current seard servicesonly deal with a single type of objects
(e.g., Web pages)and are limited in both query capabilities
and seard result richness. For example, in the traditional

Web seard), end users can only specify their information

need by a string of query terms and only a ranked list of
pagesare returned as seard results. Although most searc
engine users have been trained to become accustomed to
this traditional method, seweral drawbacks are still needed
to be addressedin order to better satisfy users' information

needs. For example, in somecases,a user who needshelp to
formulate a better query may want to know \what are the
possiblewords for me to re ne my queries" or \what are the
related queries other userssubmitted for similar needs?" In
other cases,a Web master/adv ertiser is more curious about
\what are the related pagesto my page' or \what are the
queries which are submitted by end usersand related to my
page?" For a literature seard, a researhier may want to
nd papers of particular topics published in particular con-
ferences or published by particular authors. A novice may
want to know the prestigious conferences or experts of a re-
seard topic such as\W eb seard”. In all these situations,

we seekeen needsfrom a user's perspective to extend both
query capabilities and seard result richness.

Fortunately, the rich information among heterogeneousn-
terrelated objects provide feasibility to satisfy users'diverse
information needs. In Figure 1, we show the interactions
among heterogeneousertities: users, queries, Web pages,
and words as following: usersinteract with queries by issu-
ing; queries interact with Web pagesby referencing; Web
pages interact with words by containing ; and so on. By
leveraging all the interactions among heterogeneousertities,
in this paper, we de ne and study a novel seard problem:
Search Heterogeneous|N terrelated Entities (SHINE) to ex-
tend and generalizetraditional seardes. Specically, to ex-
tend query capabilities, a SHINE-query can be any combi-
nations of entities in multiple types. To extend seard result
richness, SHINE retrievesand returns all typesof heteroge-
neous ertities. For example, given a SHINE-query such as
\xb ox" with the type of word, the seard results of SHINE
consist of relevant users, Web pages, text-queries, and re-
lated words. On the other hand, a user can input a Web
page such as www.xbox.comas a SHINE-query to get rele-
vant results consisting of all the four typesof ertities.

The functionalities of SHINE make such seard services
more desirable. Take literature seard serviceasan example:

The returned heterogeneousertities provide informa-
tive context for usersto understand the results. For
example, a SHINE-query \data mining" with the type
of word will return the relevant authors such as\Jia wei
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Figure 1. Example of Heterogeneous Interrelated
Entities. Each edge denotes a single interaction rela-
tionship, whic h corresp onds to a co-occurrence ma-
trix.

Han" (http://www-sal.cs.uiuc.edu/~ hanj), confer-
enceslike\KDD" (http://www.acm.org/sigs/sigkdd ),
words like \pattern" and \association", etc. A novice
who is interested in \data mining" can not only nd
relevant papers, but also active researthers/professors,
prestigious international conferences,and semartically
related keywords. All these contextual information is
very useful to help the user be familiar with \data
mining" eld.

The query capabilities of SHINE can facilitate usersto
specify the desired information along multiple dimen-
sions. Given a SHINE-query, SHINE will return rele-
vant ertities in di eren t types. If auseris interestedin
areturned entit y and wants to know more details, she
can input this ertity or its combination with others as
a new SHINE-query to get re ned results. For exam-
ple, a user may rst submit a SHINE-query with the
type of word. After reading the returned results, she
may submit her secondquery with the type of author.
This provides more exibilit y for users' information
exploration.

In contrast to the traditional seard which only con-
sidersa single interaction relationship, SHINE can uti-
lize all these complemertary interaction relationships
to help retrieve semartically related ertities more re-
liably. For example, two queries in Figure 1 can be
similar not only becausethey contain similar words,
but also becausethey refer to similar Web pages or
are issued by similar users.

However, the task of SHINE is challenging in the follow-
ing aspects. (1) Dierent from traditional seard problems
which only deal with a single type of ertities, the goal of
SHINE is to seard heterogeneousertities which are of mul-
tiple types. It is not clear how to relate the same query to
di er ent types of ertities. (2) There exist hidden semartics
underneath all interactions among heterogeneousertities.
Identifying the latent salient conceptsis important to nd
semartically related ertities. (3) In real applications, the
entity number may be huge. As more and more ertities
emerge (e.g., erntities in seard log), the number of ertities
may increase dramatically. Thus the scalability becomesa
big issue and an e cien t solution to SHINE is more desir-
able.

To the best of our knowledge, this problem has not been
well studied in previous literature. In this paper, we rst
formally de ne the SHINE problem and then we proposea
unied framework to addressit. Two approaches are dis-
cussedwithin this framework: Multiple-t ype Latent Seman-
tic Analysis (M-LSA) [23]and Extended Vector SpaceModel

(E-VSM). The rst approach M-LSA is a generalization of
traditional Latent Semartic Analysis (LSA) [12]. Its advan-
tagesinclude: (1) It can represert all heterogeneousobjects
in aunied space. (2) It conducts latent semartic analysis
and identi es latent salient concepts underneath all hetero-
geneousinteraction relationships. The drawback of M-LSA
is its ine ciency . Motiv ated by the unied represertation
of M-LSA, the second approach E-VSM is proposed as a
very e cien t solution to SHINE. E-VSM is an extension of
the traditional Vector Space Model (VSM) and is shown
to be linearly scalablein o -line indexing and sublinear in
on-line searding. With the uni ed represenation of hetero-
geneousobjects in E-VSM, important information retrieval
techniques, ranking and feedback, can be incorporated natu-
rally. As shown in [3], the essenceof spectral methods is to
conduct \do cument expansion". Feedbadk in our model is
to conduct \query expansion”, which could achieve similar
e ects as document expansion. Thus combining feedbadk
with E-VSM can help nd semartically related objects.

To test the e ectiv enessof our proposedmethods, we con-
duct experiments on 3 data setsincluding a literature data
set, a seard enginelog data set, and a recommendation data
set. The experiments show that our SHINE formulation is
very exible and e ectiv e for di erent typesof tasks.

The rest of this paper is organized as follows. We review
the related work in Section 2. Section 3 is to formally de ne
SHINE problem and we describe our uni ed framework in
Section 4. Our system is described in Section 5. We adapt
this system into 3 di erent tasks and conduct experiments
in Section 6. Finally, we conclude this paper and discuss
future work in Section 7.

2. RELATED WORK

Heterogeneousinterrelated ertities have attracted lots of
attentions recertly. For example, several recert work studies
the e ectiv enessof clustering dierent types of objects by
utilizing the interaction information [25, 22, 16, 4]. They
nd that the clustering results can be improved compared
with the results when they only consider a single type of
interaction relationship. Other work such as SimRank [14]
measuresthe similarit y betweendi eren t objects by utilizing
the interactions among heterogeneousobjects. [23] proposes
to conduct latent semartic analysis on these heterogeneous
interrelated objects, which is a generalization of the work
[11]. In this paper, we utilize the heterogeneousrelationships
among dierent types of entities to improve users' searc
experiences.

PageRank [6, 18] and HITS [15] are the two earliest link
analysis algorithms. They only considera singletype of rela-
tionship (i.e., hyper-links) among homogeneousWeb pages.
Recernt work such as[26, 17, 1] extends PageRank or HITS
to consider the interactions among heterogeneousertities.
All these algorithms focus on improving the estimation of
entities' static ranking, which is query independert. In con-
trast, we are studying how to extend query capabilities and
seard result richness by utilizing the relationships among
heterogeneousertities.

Instead of solely returning Web pages,seeral recernt work
proposesto answer seard queries by a certain type of en-
tities in a ner granularity [8, 9, 10]. For example, in [8],
\ob ject nder" queries are dened to nd the top K ob-
jects that match a given set of keywords. Their algorithm
rst retrievesrelevant documents and then relevant objects



are ranked according to their relationship with the returned
documents. \Exp ert searh" track was initiated by TREC
conferencé recertly and its task is to retrieve experts given
a topic description. Our work is more general since all these
work only considersretrieving a speci c type of objects and
the query can only be a set of keywords.

SHINE is also related to seweral commercial systemssuch
as Google Scholar? and Citeseer, when we apply our tech-
nologiesto the literature domain. A recent feature of Google
Scholar is that it also provides an author list besidesre-
trieved papers given a query. This is a similar feature to
SHINE in which authors are usedto answer an input query.
However, there is no public researd about how they rank
the authors. Furthermore, we are studying a more general
problem which can also return other objects (e.g., confer-
ences) and can be applied to data sets in other domains
(e.g., search engine logs).

3. THE SHINE PROBLEM

In this section, we formally de ne our researd problem:
Search HeterogeneousINterrelated Entities (SHINE). We
rst describe and model the data formally. Then we de ne
the SHINE problem.

3.1 Heterogeneoudnterr elated Entities

Supposewe have N typesof objects f X 1;X2;:::; Xn g and
each pair of them could have an interaction relationship.
We model the objects and their interactions using a graph
as de ned in the following:

Definition 1  (Mul tiple-Type Graph) . A multiple-
type graph G(V; E) consists of N verticeswith the i-th vertex
correspnding to the i-th type of entities X;. If two types of
entities X; and X; have an interaction relationship, there is
one edgee; 2 E connecting the i-th and j-th vertices.

For example, in Figure 1, the corresponding graph G con-
tains 4 types of objects: users, queries, Web pages, and
words. We have 5 interaction relations in G and eac of
them is denoted by an edgein Figure 1. In general, all the
interaction relationships can berepreserted asco-occurrence
matrices with ead entry measuring the correlation strength
between two corresponding ertities. For example, in infor-
mation retrieval using the \bag-of-words" method, the in-
teraction betweenwords and documernts is represerted by a
co-occurrence matrix with ead entry measuring the word
imp ortance in the corresponding documernt [2]. In this way,
ead edge g; in a multiple-t ype graph corresponds to a
iXij jXjj matrix Mj . In Figure 1, the 5 co-occurrence
relationships correspond to 5 matrices and an example is
also included in Figure 1. For a particular application, dif-
ferent matrices may have di erent importance and we can
assciate a weight j with edgee; to reect its relative
imp ortance.

The multiple-t ype graph encodes the semartics of all the
interactions among heterogeneousertities. Semartically re-
lated objects may directly co-occur with ead other or may
co-occur via other types of objects. Take the literature
seard as an example, two researdiers may be related be-
causethey have co-authored papers. They can also be im-
plicitly related becausetheir papers are published in related
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conferencesor their papers are on the same topics. Our
task of SHINE is to exploit theseinteractions on a multiple-
type graph to answer a query by semartically related data
objects.

3.2 SHINE Formulation

On a multiple-t ype graph, the task of SHINE is to retrieve
all types of relevant objects given a query. In this section,
we give the de nition of a SHINE-query and the expected
results in SHINE framework.

Definition 2 (SHINE-Quer y). A query Q in SHINE
framework is an object of any type or a list of objects of
multiple types. In generl, Q := [ti : I Diliz1 .k , Where k is
the number of objects in query Q and [ti : | D;] means the
type of the i-th object in Q is t; and its identier is ID;.

For example, in literature seard task, the query Q =
[author : Jiawei Han;word : mining ] is a combination of
two objects. The rst object is an author and its identi er
is Jiawei Han and the secondis a word and its identi er
is mining . Just as the \bag-of-words" method used in ad-
hoc information retrieval, we can treat a SHINE-query Q as
\bag-of-ob jects".

Definition 3 (SHINE Results). Given a SHINE-query
Q and a multiple-type graph G, the SHINE search results are
sevenl lists of relevant objects. All the objects in a list are
of the same type and ranked by its relevan@ with respect to
the query Q.

Table 1 preserts a mock up result example of the given
query Q := [author : Jiawei Han;word : mining ] in the
literature seard task. Here we have 4 typesof objects thus
we have 4 lists. Each list is ranked according to the relevance
of the objects with respect to the query Q. For example, the
rst conferenceis \KDD" and the rst keyword is \pattern",
which are the most relevant conferenceand the most relevant
keyword to the query Q respectively.

[ papers | authors [ conferences| keywords |
pl Philip _Yu KDD pattern
SIGMOD | assaiation

p2 Xifeng_Yan

Table 1: An example of the SHINE search results in
the literature search application.

As we can see, the advantages of SHINE include: (1)
SHINE provides more exibilit y for users to specify the
desired information by SHINE-queries which are not re-
stricted to seweral keywords. We can add any type of ob-
jects as componerts into SHINE-queries. For example, if
a user only wants to know the \mining" papers published
by \Jiawei Han", she can composea query Q := [author :
Jiawei Han;word : mining ]. (2) SHINE returns dier-
ent types of entities which enrich the information of the
seard results and provide useful context for usersto di-
gest the information. This can also help to answer interest-
ing questions such as: \Who are the active researders in
SIGIR conference?" \What keywords can be used to an-
notate a researder or a conference such as CIKM?" (3)
SHINE seard results also facilitate users' information ex-
ploration. For example, a user may re ne her query from



Q := [author : Jiawei Han;word : mining ] to Q := [word:
mining ; conference : KDD] if she wants to know more
along the conferencedimension.

In the experiment part, we will build SHINE seard ser-
viceson aliterature data setand a commercial seard engine
log data set. We will show that more interesting questions
or information needscan be satis ed by our SHINE func-
tionalities.

4. OUR SOLUTION TO SHINE

In this section, we proposea uni ed framework for seard-
ing heterogeneousobjects. Within this framework, all het-
erogeneousobjects are represerted in a uni ed vector space.
Thus the relevance between any two objects (even in dier-
ent types) can be measured in this space and the ranking
and feedbad techniques usedin the traditional information
retrieval can be incorporated in our framework naturally .

4.1 Object Representations

We rst describe two approaches to represert heteroge-
neousobjects by utilizing the interactions amongthem: Multi-
type Latent Semartic Analysis (M-LSA) basedmethod and
Extended Vector SpaceModel (E-VSM) based method.

4.1.1 M-LSAbasedViethod

In our previous work [23], M-LSA is proposedto conduct
latent semartic analysis using interactions among hetero-
geneousobjects. Given a multiple-t ype graph G, M-LSA
is used to identify the most important concepts contained
in the co-occurrence data. As a result, all heterogeneous
objects are mapped into a low-dimensional semartic space.
The importance of concepts are identied by the Mutual
Reinforcemert Principle (MRP):

On a multiple-t ype graph G with a number of
vertices and pairwise co-occurrencerelationships,
important objects of a type co-occur with impor-
tant objects of other types.

Formally, assumewe have N types of objects on graph G:
fX1;X2;::; Xn g For any two typesof objects: X; and X;,
we have the co-occurrence matrix Mj (Mj = 0 if the edge
ej is absert on G). Let us assaiate an importance value
with ead object. For the i-th type of objects in X, we
have one weight vector w; to denote their importance. The
mutual reinforcement principle can be expressedas:

wi = i Mij w; 1)
8j:j6i

where j re ects the relative importance of matrix Mj .

Taking a unied view of the latent concepts, we usew =
[wi;:;wn]T as the concatenated importance vector and
de ne

0 12M1 inMan
21M 21 0 an Moy
R = _ . _ : 2
NiMn1  N2Mn2 0

as the unied co-occurrence matrix. We can rewrite Equa-
tion (1) in a matrix format:

W2R w 3)

It is easyto know that w will convergeto the eigervector of
the co-occurrence matrix R.

In M-LSA, each w is regarded as a latent concept under-
neath all the co-occurrence relations. Each entry in w cor-
responds to an object and its value can be regarded as the
asscaiation weight between the object and this latent con-
cept. Similarly, the rst k eigervectors of R represert the
top k most important concepts, which span a k-dimensional
semartic spaceto represert all the objects. Speci cally, let

1 2 111 Kk

be the top k eigernvaluesof R and the corresponding vectors
are

C1;C2; il Ck:
1 gives precisely the salience of the corresponding concept

vector ¢; (1 | k). Therefore, the i-th object can be
represerted by

[ 1Ci; 2Cai; 5 kCil
where ¢; is the i-th ertry in ¢ (i.e., the assaiation weight

between the i-th object and the I-th concept). All the ob-
jects can be represerted in a matrix:

[ 1 c1; 2 €235 « ck]
with ead row represerting an object in the k-dimensional
space.

M-LSA based method has the advantage of utilizing all
the co-occurrence relations to capture the latent semartics
on a multiple-t ype graph. Unfortunately , its computational
cost is expensive becauseit involves solving an eigernvector
problem of a matrix with dimension equal to the total num-

ber of objects. This makesit dicult to apply M-LSA to
large scaledata sets.

4.1.2 ExtendedvectorSpaceModel

Motiv ated by the unied represertation of M-LSA, we
proposean e cien t method: Extended Vector SpaceModel
(E-VSM). E-VSM is closelyrelated to M-LSA in that it rep-
reserts all heterogeneousobjects in a uni ed space.

E-VSM is an extension of traditional vector spacemodel.
In traditional vector spacemodel, given aterm by document
co-occurrence matrix A = [a; ], ead document is repre-
serted in a word space,which corresponds to a column vec-
tor in A, and each word is represerted in a document space,
which corresponds with a row vector in A. To seeka uni-
ed spaceto represert both documents and words, we \con-
catenate" the two spacesspanned by words and documents
and represernt eac object (document or word) by a uni ed
longer vector. By lling zeroesin the missing dimensions of

0 A
AT 0
this type of represertations do not help since a word and
a document have no overlapped dimensions with nonzero
values, and thus their similarity score is still zero in this
space. Clearly, we can replace the two 0 matrices by the co-
occurrenceinformation among documents and among words
respectively. In the worst casewhere this co-occurrence in-
formation is not available, we can still assumethat an object
co-occurs with itself by default, and thus replace 0 matrices
by the identity matrix 1. We get:
I A

U= AT | 4)

ead object, we get a unied matrix . However,



Each row in the upper part is a document represeration
vector and eac row in the lower part is a word represerta-
tion vector.

On a multiple-t ype graph, eac type of objects co-occur
with other types of objects. Similar to the document and
word represertations, an object can be represerted by sev-
eral vectors. Each vector corresponds to a type of objects
which co-occur with the considered object. Formally, given
a multiple-t ype graph G with N vertices, the i-th type of ob-
jects can be represented by the j-th type of objects via the
co-occurrence matrix Mj . By concatenating all the matrix
together, we can represert eac object by a unied longer
vector. We again can assumethat eadt object co-occurs
with itself by default. Then we obtain a new matrix U:

| M 12 M 1n
M21 | MZN
: : - : ®)
Mn1 Mn2 I
In the unied matrix U, eac object corresponds to a row
vector. All the objects are represerted in a unied space
spanned by all the objects on the multiple-t ype graph G.
Similar to M-LSA, we can assiate an importance value j;

with ead matrix Mj and thus transform U to a weighted
matrix

I 12M12 inMin

21M 21 I on Man
U= . . _ . (6)

NiMn1  N2Mn2 |

E-VSM is closely related to M-LSA. In fact, the following
Theorem 1 describestheir relation.

Theorem 1. Matrix U in Equation (6) and matrix R in
Equation (2) have the same eigenvetors.

Proof. It is easyto show that U = | + R. Supposec; is
an eigervector of R with eigervalue i, wehaveR ¢ = i ¢j.
ThusU ci=c¢i+R ¢ = (1+ i) ci. This shows that c;
is an eigervector of U with eigervalue 1+ ;. Similarly, it
can be shown that eigernvectors of U are also eigenvectors of
R. O

Both M-LSA and E-VSM represen all the objects in a
unied space. From Theorem 1, we know that M-LSA is
the represertation of E-VSM in alatent semartic space,and
thus a potentially better represertation. There are seweral
advantagesin a unied space: (1) Since all the objects are
represerted in the same space, we can calculate the simi-
larity between heterogeneousobjects. (2) This represerta-
tion considers multiple and complemertary information on
G and thus can measurethe similarit y betweenobjects more
accurately. (3) This can facilitate to incorporate the useful
techniques such as ranking and feedbadk usedin the tradi-
tional information retrieval into SHINE and we will discuss
this in the next section.

4.2 Ranking and Feedback

One of the most important techniques in information re-
trieval is ranking [21]. Given a text-query consists of sev-
eral words, documents are ranked according to the similar-
ity scoresbetweenthe documents and the query. We de ne
the similarit y measurefor the uni ed represenations in this

section. Later we will show that the traditional VSM is a
special casein our de nition.

Sinceead object is represerted in auni ed space,a straight-
forward way to de ne the similarity is the inner product or
cosine score of two vectors. In the following, we will only
useinner product asthe similarit y measuresince cosinesim-
ilarity can be de ned similarly. Specically, the similarity
between two object vectors 01 and o3 is:

S(01;02) = O1;1 02y (7)
|

where 01 (02y) is the I-th value in 01 (02).

Givenaquery Q := [tj : 1Dj]j=1 .« in SHINE framework
and let oj be the object vector corresponding to the j-th
object in Q, the similarity between Q and an object vector
o is calculated as:

Sim(Q;o0) = S(0j;0) (8)

i=1

It is easyto show that Sim (Q;0) = S(q;0) where
Q= 0 ©)

Thus we can regard g as the vector represertation of Q in
the unied space.

All the objects can then be ranked according to their sim-
ilarity de ned in Equation (8). Since eact object bears a
type, we can separatethe ranked list according to their types
and thus obtain the SHINE results asde ned in De nition 3.

An important and e ectiv e technique to improving the re-
trieval performance is feedbak. We show that our object
represertation can incorporate feedbadk to conduct query
expansion naturally. As discussedin [3], the essenceof
spectral methods like LSA is to conduct \do cument expan-
sion" implicitly . In our E-VSM, feedbad is usedto conduct
\query expansion" and thus could achieve similar e ects as
document expansion. Therefore, combining feedbad with
E-VSM can help nd semartically related objects. Specif-
ically, supposethat we have a set of relevant objects, C,
which are either judged by usersor the top retrieved results
asin pseudofeedbad [7], the expanded query vector & of q
is calculated similarly to the Rocchio method [19]:

1

— [0} 10
JCJ 02C ( )

&= q+

where and are the weighting factors. By considering
the dierent types of objects in C, the expansion can be
improved as:

N
g= q+ — o (11)
i=1 JCll 02C;j
where C; is the i-th type of feedbadk objects and ; is its
feedbad weight. We add a constraint |, = 1. Sinceg
is still in the uni ed space,we can usethe expandedquery to
retrieve and rank all the objects again to get re ned results.
We haveincorporated the ranking and feedbad techniques
into our proposedmethod. Both are extended from the tra-
ditional information retrieval techniques naturally since we
represert all typesof objects in a unied space.



4.3 Relation with Vector SpaceModel

In the traditional VSM, there are two types of objects
involved: words and documents. In E-VSM, the unied ma-
trix is the sameasthe matrix U in Equation (4). Therefore,
the i-th word has a vector w; and the j-th document has a
vector d; in the unied space. Supposewe have m words
and n documerts, then

01 | nlé]
A 1 1=
W 0O n+l | n+mlén+i (12)
" 1 1=n+i

Given a query Q which have k words, let w;, be the
vector corresponding to the r-th word in the query. Then,
according to Equation (8), we have

Sim(Q;dj) = E:l S(Wiry;dj)
= = {%I"Wim;l dj
= ;]ilm( 1= Wigryg g +
1=n+1 Wica i)

=

= =1 Wity i (e n

The last step is basedon Equation (12). SinceU is symmet-
ric in Equation (4), we have dj; 1)+ n = Wi(r); , which is the
co-occurrence frequency of i(r)-th word in j-th documert.
We have

Sim(Q; dj) / K1 @i
= 20 C(t; Q) ag;j

Thusit is the dot product betweenthe query vector and doc-
ument vector in a spacespannedby words, which is the tra-
ditional similarity scoreusedin vector spacemodel. There-
fore, the traditional vector spacemodel is a special case of
E-VSM. If we have co-occurrence information within doc-
uments or co-occurrence information within words, we can
incorporate this information into our framework straightfor-
wardly. For example, the hyperlinks betweenWeb pagescan
be regarded as co-occurrence information among Web pages
and can be incorporated into our method easily.

5. SYSTEM OVERVIEW

We develop a general architecture for SHINE. Dierent
applications can be adapted with litle modi cation. Fig-
ure 2 gives the sketch of our system. It basically involves
two parts: oine indexing and online searding. In the of-
ine indexing part, the rst stepis to extract dierent co-
occurrence relationships from the raw sourcessuch asseardh
engine logs. After we get each co-occurrence data, the next
stepis to build the uni ed indexing and push the the data to
arepository. This step is the key step for the o ine indexing
part. We rst build a unied dictionary to map eac object
string to a unique identi er. Then we go over this dictionary
and build the represertation of eath object by iterating over
all its co-occurred objects. We keep the type identity by
assigning eath object a type indicator. After this, we index
all the objects and store the index into the repository. For
the online searding part, the seard interface acceptsusers'
input, composesthe input as a bag of objects, and sendsit
to the retrieval and ranking component. The retrieval com-
ponent ranks all the objects according to their similarities
to the SHINE-query. Since eat object hasa type indicator,
the ranking component then separatesthe returned objects
into di erent ranking lists and returns them to end users.

An snapshot of our system interface on literature data
is given in Figure 3. In this gure, we have sewral input
boxes where users can input objects of dierent types as
queries. For example, the users can input a keyword, a
conference,or an author, as a SHINE-query. The returned
results include papers, authors, conferences,and keywords.
Each type of returned objects are ordered by their relevance
to the SHINE-query. To facilitate users'information explo-
ration, we embed a hyperlink under eac object descriptor.
If a user clicks on a hyperlink, the system will automatically
take the corresponding object as a new SHINE-query and
return its corresponding results.

6. EXPERIMENTS

In this section, we conduct experiments to show the ex-
ibilit y and e ectiv enessof our SHINE framework. We use
three dierent data sets for experiments: a literature data
set, a commercial seard engine log data set, and a recom-
mendation data set. We use E-VSM model as our solution
to SHINE since these data sets are large.

6.1 SHINE Search on Literatur e Data

Organizing and searding literatures motivate the devel-
opment of digital libraries such as ACM and IEEE Digital
Libraries* and seard enginessuch as Citerseer and Google
Scholar®. In literature domain, researhers always want to
nd relevant and authoritativ e publications. In general, sev-
eral di eren t methods are used, including typing somekey-
words to a literature seard engine, going to a well-known
researder's publication page, or going to a conferencepro-
gram page,to nd relevant publications. Indeed, researders
implicitly try to nd their paper objects using other objects
such as keywords, authors, and conferences,as queries. In
this section, we show that we can integrate all thesedi eren t
\metho ds" in our unied SHINE framework.

Figure 4: The multiple-t yp e graph of literature data

6.1.1 DataSet

The data set we usein this experiment is the DBLP data
set®, which has information of all papers published by ma-
jor computer science conferences. In this data set, each
paper has an entry including its title, authors, published
conference, and published year, etc. We de ne 4 types
of objects for this data set: papers, authors, conferences,
and keywords. The corresponding multiple-t ype graph is
shown in Figure 4. In this data set, we have 463,931 pa-
pers, 350,538 authors, 2,957 conferences, 78,349 keywords,
and thus 895,701 objects in total. Based on the multiple-
type graph, we represent each object in a unied spaceby
E-VSM model using Equation (6). We setall j'sto 1in
this experiment.

http://ww.acm.org, http://www.ieee.org
Shttp://citeseer.ist.psu.edu, http://sc holar.google.com
Savailable from http://dblp.uni-trier.de/xml



Figure 2: The system

Figure 3: The interface snapshot of SHINE for literature

( Researders | Conferences | Keywords ||
W. Bruce Croft SIGIR retriev al
James P. Callan TREC information
Chris Buckley CIKM document

Norb ert Fuhr ECDL system
James Allan ECIR model
Gerard Salton Hyp ertext query
Clement T. Yu DEXA text
ChengXiang Zhai VLDB base
Mark Sanderson EDBT search
Wei-Ying Ma WWW trec
Table 2: Results for SHINE-query  \Conference:-

SIGIR"

( Researders | Conferences | Keywords ||
ChengXiang Zhai SIGIR retriev al
David A. Evans TREC model

Xuehua Shen CIKM information
Xiang Tong KDD trec
John D. Laert y ANLP language
Tao Tao ACL clarit
Natasa Milic-F rayling UAI experiment
Hui Fang ICME text
Bin Tan WebDB feedback
Rong Jin CSB document
Table 3: Results for SHINE-query \Author:-

ChengXiang Zhai"

arc hitecture

of SHINE

search.

6.1.2 ExperimenResults

The interface for literature seard is shown in Figure 3.
This interface allows usersto input SHINE-queries with dif-
ferent types of objects and the system can answer users'
queries with multiple types of objects. These functionali-
ties can satisfy seweral interesting information needs such
as \What is the most famous researdiers in SIGIR confer-
ence?" \What are the represenativ e keywords to describe
aresearher? " and etc.

We show seweral represertativ e casesin Table 2 and Ta-
ble 3. Due to the spacelimit, we did not show the returned
papers in theseresults. In Table 2, our query is \SIGIR" of
conferencetype. We can seethe rst researder is \Bruce
Croft" and the relevant words include \information", \re-
trieval", and \query". All these words accurately describe
the researd focus of \SIGIR" conference. The similar con-
ferencesto SIGIR are \TREC", \CIKM", and\ECIR", etc.
All these are very meaningful. In Table 3, we show the
results when the SHINE-query is \ChengXiang Zhai" of au-
thor type. We can seethat all the returned words and con-
ferencesprovide useful information to know the researd in-
terests of this researtier. This conrms the e ectiv enessof
our solution to SHINE. Furthermore, SHINE can also fa-
cilitate users'information exploration. For example, a user
may rst issue\SIGIR" asa query along the conferencedi-
mension. After reading the results, she may want to know



( Text-queries | Web pages | Keywords | Text-queries | Web pages | Keywords |
xbox 360 www.microsoft.com/xb ox xbox map quest www.map quest.com map
xb ox xb 0x360.teamxb ox.com 360 mapqust ndme.map quest.com mapquest
xb ox.com www.teamxb ox.com game wwwmap quest.com maps.yahoo.com direct
www.xb ox.com www.xb ox.com/en-us xb ox360 www.map gwest.com | www.map quest.ca/directions guest
microsoft xbox 360 www.xb ox.com microsoft map quest.com yp.map quest.com ca
xbox 360 news xb ox360.ign.com box www.map quest.com/ www.map quest.com/maps mapqest
xbox 360 locator www.xb ox.com/liv e cheat mapgest maps.google.com online
buy xbox 360 www.xb ox.com/en-us/games link mapquest.com www.map quest.ca/maps city
xbox 360 in stock xbox360.1up.com online www.map quest.com www.randmcnally .com map qust
xbox 360 in stock now forum.teamxb ox.com news mapquest www.m ultimap.com travel

Table 4: SHINE
type

results for \xb ox 360" of text-query

more about researtier \ChengXiang Zhai" and issuethis as
a SHINE-query with author type. All these can be easily
satis ed by SHINE and the results will change from Table 2
to Table 3.

6.2 SHINE Search on Click-Thr ough Logs

Seard engine logs contain useful information about the
interactions betweenWeb usersand searc engines,and have
beenstudied intensively for various applications. For exam-
ple, seard engine companieswant to provide better services
for advertisers in order to help them bid high quality adver-
tising keywords; Web masters hope to provide personalized
contents to their users;and general userswant to get assis-
tance to formulate better queries. In this section, we apply
SHINE to click-through log data to satisfy the above needs.

6.2.1 DataSet

Seard engine logs generally have the following informa-
tion: at what time, which user submit what query and visit
what pages[24]. In our experiment, we do not consider the
time information. For privacy concern, we do not include
user information either. Thus we have 3 types of objects in
this experiment: text-queries, Web pages, and words. The
multiple-t ype graph in this application is a triangle with 3
vertices and 3 edges.

Our click-through log data is a sample from one month's
log data of a commercial searh engine. After preprocess-
ing, we have 1,161,248 text-queries, 2,044,147 pages, and
252,102 words. In Figure 1, their exists a containing re-
lation between pagesand words. An intuitiv e way to build
this relation is to usethe contents of pages. In order to avoid
crawling all the Web pages,we build this relation by pooling
all the text-queries which refer to a certain pagetogether as
the pseudo-conent of this page. Therefore, the log data is
enough for us to build all the 3 co-occurrence relationships
in this application. We again setall j 'sto 1.

6.2.2 ExperimenResults

The interface for this application is similar to the one
shown in Figure 3. Users can also exploit this searh en-
gine to answer various interesting questions. As illustrated
in Table 4 and Table 5, given the input \xb ox 360" of text-
query type, the top returned text-queries include \xb ox",
\microsoft xbox 360", \xb ox.com", and etc; the top re-
turned Web pagesinclude \www.microsoft.com/xb ox" and
\www.xb ox.com”, etc. Given the input \www.map quest.-
com" of Web pagetype, the related text-queries, Web pages,
and keywords are shown in Table 5. All these show the e ec-
tivenessof SHINE and can indeed facilitate the information

Table 5: SHINE
of Web page type

results for \www.map quest.com"

[ Text-query type | Web page type | Word type ||
xbox 360 www.microsoft.com hotel
ibm www.ibm.com toyota
digital camera www.dell.com weather
hotel www.y ellowpages.com perl
free samples www.y ahoo.com java
harry potter www.xb ox.com depression
pizza hut www.go ogle.com harry potter
depression www.msn.com music
free music www.uiuc.edu yellow page
toyota www.map quest.com pizz hut

Table 6: 30 SHINE-queries comp osed from search
logs: 10 with text-query type, 10 with Web page
type, and 10 with word type.

needsof general users, Web masters, and advertisers as we
discussedabove.

In order to evaluate SHINE's seard accuracy, we select
30 SHINE-queries from our log data: 10 of text-query type,
10 of Web page type, and 10 of keyword type. All these
SHINE-queries are listed in Table 6. For eadh SHINE-query,
we have 3 lists of objects in SHINE seard results (e.g., Ta-
ble 5). To evaluate these results, human subjects are asked
to judge ead returned object given a SHINE-query. We use
precision at N documents (P@N) and let N range from 1 to
10 for evaluation. The results are shown in Figure 5. In this
gure, the \Av erage" line corresponds to the evaluation on
all the 90 groups of seard results. \T ext-query type input",
\W eb pagetypeinput”, and \W ord type input" correspond
to the evaluation result when text-queries, Web pages, and
words are used as input type respectively. From Figure 5,
we can seethat our solution to SHINE is quite promising:
The averageP@1lis 93.1% and P@10is 75.8%. For SHINE-
queries with di erent types, most of P@N's are larger than
70.0% and this shows that E-VSM is an e ectiv e model to
handle di eren t SHINE-queries.

6.3 SHINE Searcch on RecommendationData

In this section, we show that traditional Collaborativ e Fil-
tering (CF) can also be modeled in our SHINE framework.
In CF, there are two typesof objects: n usersand m items.
The task of CF is to recommend items to an active user
based on a historical user by item rating matrix R = [rj ]
with rj being the rating value of useri to item j. In the
SHINE framework, we regard CF asto retrieve (recommend)
items given a user as SHINE-query. We will show that our
SHINE framework can model user-basedCF [13], item-based
CF [20], and also their combination. In this paper, we use
SHINE-CF to denote CF in our SHINE framework.
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6.3.1 Traditional CF

Given an active user, user-basedCF rst nds its simi-
lar usersand then recommendsitems basedon these similar
users[13]. The most popular method to calculate the simi-
larity betweentwo usersv and u is Pearson correlation:

inll (rvii rv)(ru; ru)
in;l (rv;i rv)? imzl (rui ru)?

where m is the number of items, ry; (rui) is the rating
of userv (u) for item i, and ry (ry) is the averagerating of
userv (u). wy., isthe similarit y scorebetweenthe two users.
We use Ny to denote the set of selected nearest neighbors
for v, then the prediction of v's rating for an unseenitem i
is calculated as

Wy =

(13)

u2Nv(ru?i ru) Wv;u

i =1y +

14
uznN, Wvu ()
and the items with the largest prediction values are recom-
mended to user v.
Item-based CF [20]isto rst nd similar items for eacth of
the items that the active user rated. Then the recommen-
dation scoreof a given item i is computed as

x: similar to i v rated x Wxi Tvix

;i = (15)

x: simiar to i v rated x WX

6.3.2 SHINE-CF

The Pearsoncorrelation is indeed the cosinescorebetween
two vectors if we transform ry; of R by ryi ry, and thus
obtain the matrix R. We compose the unied matrix in
SHINE as

I R

U= o | (16)
Given a user as a SHINE-query, SHINE-CF is to retrieve
both similar usersand similar items with cosine similarit y.
It is easyto verify that in the unied spacede ned in Equa-
tion (16), the similarity betweentwo usersv and u is the
same as Wy, in Equation (13). The retrieved items are
those which have beenrated by the current user. In the sec-
ond step, we do the feedbadk to modify the SHINE-query
using Equation (11) and then only retrieve items. If we
only useretrieved usersin feedbadk (denoted as user-based
method in the following), SHINE-CF will be the same as
user-based CF. If we only use retrieved items in feedbadk
(denoted as item-based method in the following), SHINE-
CF will be similar to item-based CF. Apparently if we use

40 T T : :
Iltem-based ——
User-based --—--»----

35 b

30 F PR e Xmeeenn Xemmmnee emmenns ES—

half-time utility

25 X’ 4

20 L L L L L L L L
10 20 30 40 50 60 70 80 90 100

number of objects in feedback

Figure 6: The impact of number of feedbac k ob jects
in SHINE-CF
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both usersand items in feedbad, we can combine thesetwo
methods together. In the following experiment, we will show
that the combination can help improve the recommendation
accuracy.

We use half-time utilit y metric to evaluate the recommen-
dation accuracy [5]. For a user v, the expected utilit y of a
ranked list of items is:

max(rv; rv;0)

Ry = 206 D=( D

i
where is the half-time parameter ( = 5 in our experi-
ments) and ry; is v's rating for the item which is at the

j-th position in the current rank list. The nal score over
all usersin the test set is:

VRV

max
\ RV

R = 100

where R is the maximum possible utilit y obtained when
all test items are ranked at top according to user v's rating.

We use the benchmark MovieLens’ data set to compare
di eren t methods. Figure 6 shows the impact of number of
objects used in feedbadk on both item-based method and
user-basedmethod in SHINE-CF. The best result of user-
based method is achieved when the number of feedbad
objects is 60 and the best result of item-based method is
achieved when the number is 40.

In Figure 7, we combine both item-based and user-based
method by a parameter and we vary from 0.0 to 1.0
with step 0.1. When = 0, it is the item-based method
and when = 1, it is the user-basedmethod. Clearly, the

"http:/iww.grouplens.org/
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combination can improve the recommendation utilit y. We
get the best result when = 0:6. The combination method
achievesrelativ e improvemert 7:2% over item-based method
and 3:5% over user-basedmethod.

6.4 Ef ciency Evaluation

In this section, we study the e ciency of our SHINE so-
lution. In particular, we study the averageoine indexing
and online seardiing time in our E-VSM model.

In this paper, we study the scalability of SHINE and re-
port the experiment results on the seard engine logs. We
preprocessa large scale data set which contains 2,643,752
queries, 4,275,622 Web pages, and 6,888,081words. In or-
der to investigate the scalability of our method, we randomly
selecta certain percertage of the objects (from 20%to 100%
with step=20%) from the whole data set to measurethe av-
erageo ine indexing and online searding time. The results
are shown in Figure 8. We measurethe o ine indexing time
by secondand the online searding time by millisecond. The
online time is the averagetime of 500 SHINE-queries ran-
domly selectedfrom our seard logs. From Figure 8, we can
seethat the oine indexing time is linearly increasing with
the data size. The online time is approximately sublinear.
For example, when we increase the data size from 80% to
100% (25% relativ e larger), the averagetime increasesfrom
357 to 373 ms (5% relativ e slower). These conrm that E-
VSM is an e cien t solution to the SHINE problem.

7. CONCLUSIONS AND FUTURE WORK

In this paper, we de ne and study a novel searcd problem:
seardh heterogeneousinterrelated ertities (SHINE). Com-
pared with traditional seard services, both the query ca-
pability and the seard result richnessare extended in our
SHINE framework. We discussand compare two methods,
M-LSA and E-VSM, in this paper. Experiments with E-
VSM on three data sets (a literature data set, a search en-
gine log data set, and a recommendation data set) show the
e ectiv enessand exibilit y of our SHINE framework.

SHINE is a promising framework and there are seweral
natural future work. First, we only focus on the query de-
pendert relevancebasedranking in this paper. In the future,
we will study how to better combine it with link-based static
ranking to further improve the seard results. Second, we
set matrix weights i 's to 1 in our experiments. It would
be interesting to study how to set j 's automatically and
a compelling method that we will study is to use machine
learning techniques to learn these weight parameters.
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