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ABSTRACT but also to share it with other people and to explore othersuse

; P P tents. Examples of social-community platforms ardaelus,
Online communities have become popular for publishing @agch- ~ CONteNts ples 0
ing content, as well as for finding and connecting to otheraise ' ICKT, LibraryThing, Linkedin, MySpace, Facebook, andiabe.
User-generated content includes, for example, persoogsbbook- While differing in the type of content that they focus on (e.g
marks, and digital photos. These items can be annotatechsedi r 109 entries, photos, videos, books, bookmarks), most comityn
by different users, and these social tags and derived pseifi platforms follow a common patterrlJsersmust register in order
scores can be leveraged for searching relevant contentiscuive to Jl;)l!nht'he Cﬁ”?munr'g'- Then tgs‘ey grgduc(:j%_lnformatlon, idedly
ering subjectively interesting items. Moreover, the iielahips publishing their owrdocumentsand by acdingagsor ratings or

among users can also be taken into consideration for rasiaggh ~ cOmments to other content already available in the commwinite
results, the intuition being that you trust the recommeindat of platforms also offer a way to maintain a list biendsand means
your close friends more than those of your casual acquaiatan to keep friends informed about your latest content items: Sine
Queries for tag or keyword combinations that compute ank ran ©f Your friend network is often considered as an indicatibhigh
the top-k results thus face a large variety of options thatglzate reputation in the network. Many users initially populateithiists
the query processing and pose efficiency challenges. Thi - of friends with people they already know from the offline vebrl
dresses these issues by developing an incremental tow#ithtg or other online communities, but over time they typicallgntify
with two-dimensional expansions: social expansion carsithe ~ Previously unknown users that they share common interess w

strength of relations among users, and semantic expangitids and also add those users to their f.n.eno.ls lists. .
ers the relatedness of different tags. It presents a newitiign A key feature of social communities is the widely used opport

based on principles of threshold algorithms, by foldingrids and nity to a.ttach manually generqted annotations, .so.-caﬂgd to
related tags into the search space in an incremental onriema content items. Tags can prov.lde precise Qescrlptlons ofeabn
manner. The excellent performance of the method is denasesitr items, flavored with the respective personal interest ofitex who
by an experimental evaluation on three real-world dataseas/led generates the tag.

H ; ; : Social tagging offers an opportunity to exploit the “wisdarh
f deli.cio.us, Flick d LibraryThing. : S .
rom defl.cio.us, Fickt, and Library thing the crowds” by identifying valuable content that is recomuohed

by friends - either directly or indirectly (i.e., via frieaaf friends)

Categories and Subject Descriptors and explicitly (e.g., ratings) or implicitly (e.g., by intsive tag-
H.4 [Information Systems Applications: Miscellaneous; H.3.3  ging). To this end, the relationships among users shoul@kent
[Information Search and Retrieval]: Search Process into account for ranking, the intuition being that you trtre rec-

ommendations of your close friends more than those of yasuala
General Terms acquaintances. This situation resembles the paradigmliatbeo
Performance, Experimentation orative recommendation [19, 25], which applies data mirong

customer-product and similar usage data to predict iteatatters

Keywords are likely interested in. However, the fast growth of comitiaa

social networks, scoring and ranking, top-k query processi and the very high rate of content production and taggingresffo
calls for highlyefficientandscalablemethods. Existing algorithms

1. INTRODUCTION for fast Web search do not consider user relationships anagh

hsets from social tagging, and prior methods for collabeeatec-
ommendation do not provide the throughput scalability trae
needs for running millions of daily ad-hoc queries in sociain-
munities such as Flickr - with more than 2 billion contentite
many million users, and high dynamics.
This paper presents a solution to the above problem by develo
Permission to make digital or hard copies of all or part o twork for Ing an ef_f'C'e”t top-k algorl_thm for social search and ragkl'rﬁhe
personal or classroom use is granted without fee providatidbpies are method is based on principles of top-k threshold algoritiover

The advent of Web 2.0 has changed the way users interact wit
the Internet. Publishing content has never been easieneman-
line services offer not only the possibility to store peraontent,

not made or distributed for profit or commercial advantage taat copies inverted lists of different types, with various novel teajues for
bear this notice and the full citation on the first page. Toycoierwise, to the specific setting of large online communities. For legamg
republish, to post on servers or to redistribute to listguies prior specific 1 - - . . )

permission and/or a fee. For the remainder of this paper, we will use the familiar #Rgjpn
SIGIR’08,July 20-24, 2008, Singapore. term “document”, while actually referring to a more generation
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the “social wisdom”, the algorithm employs a new form of two-
dimensional expansions: social expansion considersitiegth of
relations among users, and semantic expansion considers|ét-
edness of different tags. For efficiency, these expansicnper-
formed incrementally on demand, by dynamically foldingifids
and related tags into the search space. The excellent penfice
of the method is demonstrated by an experimental evaluaiion
three real-world datasets, crawled from deli.cio.us,Keliend Li-
braryThing.

The rest of the paper is organized as follows. Section 2wnevie
related work and puts it into context. Section 3 introducegsagh
model to represent the entities in a social community anid the
lationships. Section 4 presents ways of quantifying thensfths of
different relationships, which in turn feeds into a model dom-
puting scores of user-specific search results and reconatiens.
Section 5 explains the algorithm for efficiently processiugries
in social networks. Section 6 presents experiments witketiheal-
world datasets to study retrieval/recommendation effengss and,
most notably, demonstrate the efficiency gains by the newyque
processing algorithm.

2. RELATED WORK

Social networks of the Web 2.0 style have received major at-
tention in the recent literature, with focus on applyingadatin-
ing methods on social relations and, most prominently,ticeia
among tags. [16] provides an empirical study of the taggitfualv-
ior and tag usage in online communities. [21, 31] discus$houx
for generating taxonomy-like relations among tags, stedéfolk-
sonomies”, based on statistical measures. Similar appesatave
been applied to query-and-click logs, e.g., in [5], but noh¢his
work considers social relations between different usedgntify-
ing important and emergent tags and visualizing them inadled
“tag clouds” (and corresponding time series) has been sixigy
explored; recent work along these lines includes [14, 17, BRe
dynamics of social relations among users (e.g., the rateafing
friends) has been studied, for example, in [2, 24, 33].

As for the exploitation of social tags for information retral, [3]
discusses the challenges of searching and ranking in somiad
munities. Various forms of community-aware ranking method
have been developed, mostly inspired by the well-known Rage
ank method [10] for web link analysis. [22] propog&skRankfor
identifying important users, data items, and tags. [36] paras
different methods for identifying authoritative usersiwitigh ex-
pertise. [6] introduce$ocialPageRankto measure page author-
ity based on its annotations, aS@cialSimRankor the similarity
of tags. [35] further extends this work by augmenting larggua
models with tag similarities. [13] shows that explicit usagging
can help to improve precision of queries for Intranet seaiihe
very recent work of [20] provides an empirical analysis ofvign-
cial bookmarking can influence Web search, with both paskind
negative insights. None of this prior work considers theantmf
user-friendship strengths on the scoring of search resuiis the
problem of efficient query processing in the presence of $soh
cial wisdom”.

Aspects of user communities have also been consideredédor pe
to-peer search, most notably, for establishing “socia! tieetween
peers and routing queries based on corresponding simitaga-
sures (e.g., similarities of queries issued by differeetrppe [8] has
studied “social” query routing strategies based on expli@nd-
ship relationships and behavioral affinity. [27] has depetban ar-
chitecture and methods for “social” overlay networks trareect
“taste buddies” with each other. [26] has proposed a comiywni
enhanced Web search engine that takes into account prakscli
by community members. [11] has proposed the notion of Peer-
Sensitive ObjectRank, where peers receive resources fnein t

friends and rank them using peer-specific trust values.

There is ample literature on collaborative filtering for gt
mender systems (e.g., [1, 18, 29, 30]), for example, to ptedi
movies or e-commerce items that customers are likely to muy o
to identify news that news-feed subscribers are likelyregted in.

In a nutshell, these methods aim to learn user preferencestfre
collective behavior - like purchases or tagging - of an entiom-
munity. Typically, statistical analysis and machine |éagntech-
niques are used offline for precomputations, and the actual r
time recommendations have limited flexibility and cannagilga
cope with high dynamics and ad-hoc interests of individisars
(as expressed by an ad-hoc query). One of the notable eanspti
is the recent work by [12] which addresses scalability issuleen
the number of users and items in a recommender system grows to
many millions and both undergo fast changes. However, in con
trast to our “social search” theme, this prior work conssdenly
the space of user-item pairs and there is no notion of ussniip
tags or annotations on items. Thus, our setting requiresiseaer

a three-dimensional user-tag-item space, as opposed twvthe
dimensional user-item space of the previous work on cottthe
filtering.

3. SOCIAL NETWORK MODEL

The entities that occur in social networks can be cast intinac
mon graph model, representing the different elements ofcalso
network and their mutual relationships. Figure 1 illusteathe
graph, which forms the basis of our scoring model and quesy pr
cessing algorithm.
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Figure 1: Social Network Model

A node in the graph can be of one of the following types: it can
either representaser, atag, or adocument(data item). Addition-
ally, social networks exhibit various relationships, bathong the
nodes of the same type and between nodes of different typese t
are represented by edges in the graph and described belgssEd
can be weighted in different ways, according to the appboat
built on top of the model.

3.1 Relations Among Nodes of the Same Type
The following relations exist between nodes of the same:type

Friendship(Userl, User2, FriendshipStrength):Social networks
allow users to maintain an explicit list of friends. The tra$
one user in another user (as far as potential recommendadien
concerned) is reflected in the FriendshipStrength. (Thetifaa
tive measures to this end are discussed in Section 4.) Additi
means of establishing implicit friendships include, foample, a
user subscribing to another user’s content (e.g., addiagther
user’s books to your set of InterestingLibraries in LibrEming)

or subscribing to the same user group as another user exgress
high overlap in thematic interests. Regardless of how tfreands



are defined, we may consider the transitive closure of thenBri
ship relation or a bounded set of transitive connectiongdigome
distance).

TagSimilarity(Tagl, Tag2, TagSim): As tags are freely selected
annotations and there is often a natural diversity in thevaglings
used by different users in a social network, different tagdsanay
express (near-)synonyms (e.g., “feline” and “cat”, “Wel®)"2and
“Social_Web", etc.) or other kinds of semantically relatssh-
cepts (e.g., hyponyms such as “dogs” and “German_shepherd”
“search_engine” and “Google”, etc.). The tag-usage sizdi$n

the social network can be harnessed to derive TagSim sitigkar
between tags (see Section 4 for quantitative measures).

Linkage(Document1, Document2, Weight)in some applications,
documents (data items) also exhibit relations among thimese
In the case of web pages, this linkage is obvious and giveméy t
hyperlink graph, with weights often chosen proportionatiythe
outdegree of the pages. For other types of documents, fiff@o-
tions of links and weights need to be defined; conceivabl®mogt
could include, for example, the geographic proximity offeiént
photos when GPS information is available.

3.2 Relations Among Nodes of Different Types
The following relations exist between different nodes gipe

DocContent(Document, Tag, ContentScore):By annotating a
document with a tag, users associate the two entities satibat
tag should be viewed as an indicator of the document's ctinten
We consider a ContentScore associated with a documentaiag p
to reflect how well that tag describes the document.

Tagging(User, Tag, TagScore):Each tag is associated with each
user who used it on at least one document; this captures piesto
that the user is interested in. The TagScore reflects howsiviely

a tag has been used by one user.

Rating(User, Document, RatingScore):in many social commu-
nities, users can explicitly rate documents, which is catiby a
rating score. Another naive instantiation of Rating is auhip of
a content item, which (e.g., in the case of bookmarks) carebe s
as an endorsement for the document.

Additional aspects can be considered as attributes assdeiith
edges. Our model aims to capture all relationships thatroiecu
social networks, but some of the above relationships mayde-u
fined for specific networks. In del.icio.us, for instancegnisiter-
actions are mainly through bookmarking and tagging, wrenea
Flickr, the vast majority of users has authored contentir(ihigo-
tos).

For the purpose of search result ranking and top-k query pro-
cessing, we will mainly focus on the Friendship and Tag Sinty
scores, as discussed next.

4. SOCIAL SCORING MODEL

In line with the free-text tagging of the social communitiee
consider aquery Q(u, q1 - - - g»), issued by a query initiatai, as
a set of tags (keywords), . . . g», possibly with weights for each
tag (which will be disregarded for the sake of presentatioipkc-
ity). Result documents should contain at least one of theyque
terms and be ranked according to a query-specific docusoemnt
In contrast to standard IR query models, our document sedses
contain a social component: the content-based score ofiartaa
is additionallyuser-specifici.e., it depends on the social context of
the query initiator. This resembles the personalizatiqoregches
offered by some search engines, but social networks ha\agttie
tional asset of knowing friendship relations and the frgnagging
behavior and are thus the most natural habitat to furthdoexpnd
improve this idea.

Our social scoring model extends the traditional IR sconmagl-
els (tf-idf-based, probabilistic IR, language models) ¢arsh in
social networks, with the following ingredients: (1) a maasfor
the importance of users, relative to the querying user, (rdext-
specific tag frequency relative to the querying user thagceslthe
relative importance of users which used a tag, and, optigr(8)
the expansion of query tags with related (“semanticallyilsirf)
tags. In the following, we denote Ly the set of users, by the
set of documents, and 4 the set of tags.

Friendship Similarity. The importance of a user, relative to
the querying user, is quantified by tfrgendship similarity func-
tion F,(u’). We defineF,(u) = 0 (as a user is not interested
in getting recommendations to her “own” documents/bookmar
which she knows anyway), and we normalize fiealues by set-
ting >/ cpy Fu(u') = 1 for all usersu € U. F,(u') may be
viewed as the probability that a random document that wagethg
by «’ will be interesting tou. The friendship similarity may be
a combination of syntactic measures (like overlap of tagyesa
social measures (like distance in the friendship graphj,giobal
measures (like a PageRank-style importance of users cechpat
the friendship graph). In our implementation, we first cotepan
overlap-based similaritY)(u, u') for directly connected users in
the friendship graphdjrect friends) as the Dice coefficient of the
sets of tags andv’ used:

2 X |tagset(u A u')|

/ j—
O, w) = [tagset(u)| + |tagset(u')|

We then extend this to usersandw’ that are indirectly connected
by one or more friendship paths by aggregating similaritilesg
each path and picking the path with highest similarity. Tie #nd,
similarities can be averaged, multiplied, or multipliedigiged by
(linear or dampened) distance, etc. In the implementatien,se

k—1
P, (v max H O(ws, wit1)
=0

path u=ug...up=u’ -
i

which favors users at small distances. Other types of direectd-
ship strength and aggregation over paths can be easilygdiigtp
the model and our implementation.

As not all users are connected in the friendship graph, we add
tionally use a uniform background model to assign a smakl; co
stant similarity also to unconnected users; so the final idiefinof
friendship similarity is:

1

F,(u)=a —
U

+(1—a)- P.(u)

Social Frequency. To reflect the similarity of the users who
tagged a document that may be of interest to the querying user
we introduce the notion o$ocial frequencywhich replaces the
standard term frequency (tf) and considers friendshiplaiities.
More formally, denoting by f.(d,t) the number of times user
used tag for document!, we define thesocial frequency f. (d, t)
for a tagt and a document, relative to a uset, as

Sfu(d7 t) = Z —Fu(u,) : tfu’(d7 t)

u' €U

Note thatt f..(d, ¢) is typically 1 (tagged once) or O (not tagged at
all) in most of today’s social-tagging platforms, but it isnceiv-
able that quantitative ratings are factored into this meseuuser
feedback leads to non-binasy values. By plugging the definition
of F,(u") into the above formula, we obtain

sfu(dt) =Y (

u' €U

o

|U| tfu’(d7t) + (1 - a) : Pu(u ) : tfu’(d7 t))



showing us that the social frequency can be split intglabal
party .y atfu(d,t) = oTF(d,t) that is independent of the
querying user and corresponds to a weighted global termérxy
TF(d,t), and a user-specific frequency (the second sum) that de-
pends on the friendship strengths of the querying user. Wle wi
make use of this decomposition for more efficient query psirgy

in Section 5.

Social Score for Tags.To compute the score,(d, t) of a doc-
umentd with respect to a single tagrelative to the querying user
u, We use a scoring function in the form of a simplified BM25 [28]
score:

(k1 +1) - U] - sfu(d,t)

Su(d7 t) = kl + |U| . Sfu(d7t)

idf(t)

wherek; is a tunable coefficient (just like in standard BM25) and
idf (t) is the inverse document frequency of tagnstantiated as

idf (t) = log Dl = df(t) + 05 d}(j{ S? 020‘5

with df (¢) denoting the number of documents that were tagged with

t by at least one user. Unlike the original BM25 formula, ouid@lo

has no notion of document lengths; the number of tags assigne

a document does not vary as much as the length of text docament
Plugging the definitions of f,(d,t) and F,,(u’) into the for-

mula, we obtairs, (d,t) =

(k1 + 1)(@TF(d,t) + (1 —a) X ey [UIPu(u)tfur (d, )
ki + aTF(d, 1) + (1 — ) 2y U Pa (W) fur (d, 1)

-idf (t)

As a special case, we can emulate socially agnostic glob&hsg
with just considering global tag frequenci@¥’(d, t) andidf(t),
by settinga. = 1.

Tag Expansion. Even though related users are likely to have
tagged related documents, they may have used differentdatgs
scribe them. It is therefore essential to allow for an exjmamsf
query tags to “semantically” related tags. A simple way tcoamt
for this would be to statically expand the query with a fixednau
ber of similar tags; however, experiments on text IR havevsho
that this can lead to topic drift and search results that afe- i
rior to those of the unexpanded, original query [9]. Our Bapr
model therefore adopts thmreful expansiorapproach proposed
in [34] that considers, for the score of a document, only thstb
expansion of a query tag, not all of them. More formally, we in
troduce thaag similaritytsim(t1,t2) for a pair of tagg: andts,

0 < tsim(t1,t2) < 1. The final scores;,(d,t) of a document!
with respect to a tagand relative to a querying user considering
tag expansion, is then defined as

s (d,t) = maxtsim(t,t') - su(d,t")
t'eT
In our current implementation, the similarity between twgg is
determined by the co-occurrence of the tags in the entirardeat
collection by estimating conditional probabilities:

df(t At

df (t)

wheredf (t A t') is the number of documents that have been tagged
by both tags (but possibly by different users). Other mezssuch
asSocialSimRankom [6] could be easily incorporated as well.

Social Score for Queries.Finally, the score for an entire query
with multiple tagsg: . . . ¢; is the sum of the per-tag scores:

Z 8;(d7 ql)

q1---dn

tsim(t,t') = P[t'|t] =

suld,qu .. qn)

Note that this score assumes a non-conjunctive query di@iua
However, it can easily be extended to conjunctive evalnakip
settingsy, (d, g1 . . . gn) = 0 when at least one of the, (d, ¢;) = 0.

5. QUERY PROCESSING

This section introduces thed®TEXTMERGE algorithm to ef-
ficiently evaluate the top- matches for a query, using the social-
context score introduced in the previous section. Thisrédlyn
generally falls into the well-established framework ofeinold al-
gorithms over impact-ordered inverted lists [15, 4] for @éit
top-k query processing. However, as the social score depends on
the user who submits a query, it is impossible to precompete p
tag scores for each document and each user. Standard lahgerit
that rely on scanning inverted lists cannot be applied Hestead,
CoNTEXTMERGEMakes use of information that is available in so-
cial tagging systems anyway, namely lists of documentsetddpy
a user and numbers of documents tagged with tags. It incremen
tally builds social frequencies by considering users thatelated
to the querying user in descending order of friendship sirity,
computes upper and lower bounds for the social score frosethe
frequencies, and stops the execution as soon as it can kengeed
that the best documents have been identified.

5.1 Preprocessing

CoNTEXTMERGEmMakes use of four different kinds of prepro-
cessed index lists that are built at indexing time and aeces®stly
sequentially in descending order of scores at querying. tialeli-
tionally, random accesses to look up the value of an item ista |
are possible, but more expensive than sequential accestssis
of access cost.

e DOCS(t) contains, for a tag the documentd tagged by at
least one user with tagand the correspondinglobal tag
frequencied F'(d, t) (the total number of times all users to-
gether have taggetiwith t), sorted by descendiffF'(d, t).

USERDOCS(u,t) contains, for a userand a tag, the (un-
sorted) set of documentstagged byu with ¢ and their user-
specific tag frequencyf.. (d, t) (the number of times tagged
d with ¢, often 1 for today’s social-tagging platforms).

FRIENDS(u) contains, for a user, all related users’ and
their similarity P, (u'), sorted by descending, (v’).

SIMTAGS(t) contains for a tagall similar tagst’ with their
similarity tsim(t,t), in descending order ofsim(¢,t’) -

idf ().

5.2 Algorithmic Framework

Figure 2 shows the general structure of our query processing
framework. To compute the topfesults for a querys . .. g, sub-
mitted by a usen, CONTEXTMERGE sequentially scans, for all
query tags, the DOCS lists and the USERDOCS lists of thedgen
of » in an interleaved way, maintains a list of candidate documen
seen during the scans and a list of current topandidates, and
terminates as soon as none of the candidates can move tgthe to
To improve efficiency, ©NTEXTM ERGEcan additionally perform
random accesses to the index lists to lookup the values lected
documents. Note that the algorithm can be further optimizeds
set to extreme values: Far= 0, no DOCS lists need to be opened
as the execution can be limited to the context.phnalogously, if
a = 1, there is no need to consider any lists of friends, so just the
DOCS lists are read andd® TEXTM ERGEbehaves like a standard
top-k algorithm. However, the interesting case is fobetween 0
and 1.

Sequential Scans. To limit the number of disk accesses, the
USERDOCS lists are opened only on demand, namely when the



procedure CONTEXTMERGEUSEru, QUEeryqi - . . gn, )
fori —1...ndo
FRIENDS]i] — FRIENDS (u)
DOCSi] «— DOCS(g:)
end for
candidates < ()
repeat
for b < 1...batchsize do
|+ CHOOSENEXTLIST( )
if | = FRIENDS][i] then
readUSERDOCS(FRIENDSi], q[i])
go to next entry i’ RIEN DS][
else ifl = DOCS[i] then
readDOCS[i
end if
end for
CHECKRANDOMACCESSES$)
if CHECKTERMINATION( ) then
break
end if
until termination
end procedure

Figure 2: CONTEXT M ERGE without tag expansion

each query tag;

® uf(dj,qi) = X usErpoCS(u) read for gi Lu (W) tfur (ds i),
the weighted sum of values read frfrom the USERDOCS
lists for eachy;

e E(d;) C {1...n}, the set of evaluated DOCS dimensions
in whichd; has already been evaluated,

e 7(d;, ¢;), the number of timed; has been seen in user lists
for q;,

e worstscoréd, ), a lower bound for the total score éf which
is computed from the values seen so fardgr

e bestscoré&d;), an upper bound for the total scoredjt

To compute the worstscore of a candidatg(d;, q) is evaluated
by settingT' F'(d;,q;) = 0 fori ¢ E(d;) and usinguf(d;, ¢:)
instead of the summatiol, ., Pu(v') - tfu(d;, ¢i). Note that
in conjunctive evaluation, the worstscore of a candidateaias 0
until the document has, for each query tagbeen seen in DOCS(i)
(by sequential or random access) or in one of the USERDOGS lis
read forg;.

To computel;’s bestscore, we assuriid’(d;, g;) = highli] for
i ¢ E(d;) (the current upper bound of the corresponding DOCS

score that can be read from a USERDOCS list is greater than thelist). Additionally, we need to estimate the contributi6hfrom

score from any DOCS list. The algorithm additionally scéios,
each query term, the list FRIENDS(u) ofs friends to determine

an upper bound for the score that can be read from the USER-

DOCS list of the next friend for the query term. In each itienat
of the main loop, ©NTEXTMERGEdoes a batch diatchsize list

users that have not yet been seen, and use theugiidy, ¢;) + C
in the social-context part of, (d;, ¢). As the algorithm considers
users in descending order of similarity, we know that for asgr
v’ that has not yet been considered for P, (u') < highF]i].

Denoting bymass: = 31, s rpocs(uryreadiorq, Pu(w’) the sum

accesses, where in each access a number of entries is read fro of the similarities of users already considereddpand bymazxt f

the list that can contribute the highest score. As we do nepke
precomputed scores in the list, but just frequencies, wel nee
compute the score contributions from each list at run-tinie.

do this, the algorithm maintains the last vallgh[i] read from
each DOCS]Ji] list (which is set to the top value in the list opo
initialization and updated when tuples are read from th# ¢iad

the last valugvigh F[i] read from the FRIENDS list in each query
dimension (i.e., original query tag). The upper bound fer lext
score read from the DOCS]i] list can be computed by evalgatin
su(d,t) with TF(d,t) = high[i] and setting the user-specific
part to 0. Analogously, the upper bound for the next USERDOCS
list in dimension i (which could be read if the USERDOCS list
for the next user in that dimension were opened) is computed a
T b mass ) idf (1), wheremazt f (q:) is the
maximal term frequency of any user and any document fogtag

the maximal tag frequency of any user for any document anthtag
the collection (which is usually 1), we can estimate the rieing
contribution asC' = (1 — mass;)maxtf, because thé, values
are normalized to a sum of 1. Moreover, if we additionally \kno
the maximal numbemazuli] of users who tagged any document
with ¢;, the maximal contribution from unseen usersdgrandg;
can beC = (mazuli] — r(dj, ¢:)) - maztf (mazuli] can be read
during the initialization of the algorithm; the initial Higvalue of
the corresponding DOCS list is an upper boundrferzw|i] which

is tight if maxtf = 1).

The bestscore estimation can be made more precise if
TF(dj,q:) is known, because we can replae@zu[i] in the for-
mula by T'F'(d;, g;) which often is much smaller. & > 0, i.e.,
if the algorithm scans the DOCS lists, we can replacerul[i|
by highli] if TF(d;,q:) is not yet known (if it was higher than

The idf values needed to compute these scores are fetched onc kighli], it would have already been read during the scan of the cor-

during the initialization of the execution.

The CHOOSENEXTLIST method of the algorithm then greed-
ily selects the list which has the highest expected scor¢hidfis
a FRIENDS list, the corresponding USERDOCS list is read com-
pletely and the FRIENDS list in that dimension is advancedriy.
Note that in most of today’s social-tagging applicatiorsdacu-
ments in the USERDOCS list will have the same tf value of 1, so
all of them are read in one shot. If the next list is a DOCS bst,
configurable number of entries is read from it (as DOCS lists a
usually much longer than USERDOCS lists).

Candidate Management and Termination Test. When scan-
ning the index lists, ©NTEXTMERGE collects candidates for the
query result and maintains them in two disjoint priority gas, one
for thecurrent top4 itemsand another one faill other candidates
that could still make it into the final top- For each candidat;,
the algorithm maintains the following information:

e TF(dj,¢:), the value read fot,; from the DOCS lists for

responding DOCS list).
In addition, the following information is derived at eacbst

e the minimum worstscorenin-k of the current tope docs,
which serves as the stopping threshold, and

e the bestscore that any currently unseen document can get,
which is computed by assuming that such an unseen docu-
mentd,, (for virtual document) appears right at the front of
the not yet seen parts of the lists. Its best score is then com-
puted by settindl'F'(d., t;) = highl[i], estimating the the
contribution from not yet seen users like explained above,
and evaluating the score in each dimension with these num-
bers.

The algorithm can safely terminate, yielding the corregtiare-
sults, when the maximum bestscore of the candidate queuthand
best score of any unseen document is not larger thank. Ad-
ditionally, whenever a candidate in the queue has a bestshat



is not higher thanmin-k, this candidate can be pruned from the
queue (which helps to keep the memory footprint of the execut
low as unneeded candidates can be removed early in the pyoces
To further limit the CPU overhead of testing the candidatbis
test is only performed after a full batch of scan steps, arg em
abled after the bestscore of the unseen docurigig not greater
thanmin-k.

Random Accessedn addition to sequential accesses (SA) to the
index lists, @NTEXTMERGE can also perform random accesses
(RA) to the index lists to look up missing scores of candidate
However, it is not feasible to check all USERDOCS lists of yit
seen users for a document, as this would require to explerfuth
range of (potentially many thousands of transitive) friendhere-
fore, the only type of RA applied by @ITEXTMERGEIs RA to
DOCS lists to look up the global term frequency of a document
for a tag. This serves two purposes: first, it can reduce tipe ga
between the document’s worstscore and bestscore beGdde
then known exactly for one more tag; second, the estimafitimeo
score contribution from the remaining friends gets moreigee(as
TF(d,t) can be used in the estimation insteadrafzt f(t)).

As RA are much more expensive than SA (in the order of 100
to 1,000 times for real systems), they have to be carefulcsed
and scheduled to avoid any unnecessary work. Our scheduoling
RA follows the LAST heuristics from [7]: our algorithm perfas
only SA until the estimated cost to perforatli RA to remaining
candidates is at most as high as the cost for all SA done s@r.
estimate the number of RA by summing up, for all candidates, t
number of query dimensions (i.e., original query tags) ttzae not
yet been evaluated.

5.3 Including Tag Expansion

Tag expansion adds another dimension thaNCEXTMERGE
needs to combine with the user-expansion dimension. Cencep
tually, we add, for each similar tag; of a query tagg;, a new
DOCSi][y] list (which corresponds td>OCS(t:;) and a list
FRIENDS]i][j] of similar users. The score for these lists is com-
puted like the score for lists without tag expansion, buitaattally
multiplied withtsim(q:, t:;). Candidate documents now maintain,
for each query tag;, the information shown above not only fgr
itself but also for each similar tag;. Following the max-semantics
of our tag-expansion score, we can now estimate worstsemes
bestscores of candidates as the maximum worstscore arstdest
for each similar tag, again weighted byim (g, ti;).

However, it would be very inefficient to directly include thsts
of all similar tags in the processing. InsteadpCrEXTMERGE
limits the number of expansion tags per original query tag.(b&y
a limit of 10) and incrementally adds lists for similar tagsthe
processing on the fly. To do this, the algorithm maintainsgfich
query tagg;, the listSTMT AGS(q;) of tags similar tog;, and in-
cludes these lists in the list selection process@OSENEXTLIST).

To compute the score bounds of a liSf MTAGS(g;), CON-
TEXTMERGE first reads the entry;;, tsim(q;, t;;) from the top
of the list without actually removing it from the list and ke up
idf (ti;). The score of the&STMTAGS(g;) list is then the maxi-
mum of the scores that tieOC'S and FFRI EN DS lists fort had
if they were opened for scanning. IfHOOSENEXTLIST chooses
the SIMT AGS (¢;) list, itaddsDOC S[i][j] andF RI EN DS[i][j
to the processing.

In this dynamic handling of tag expansions, the computation
worstscores for candidates must take into account thatdtuala
score of a document for a query tagis the maximum over all
similar tagst;; whose lists are open. In addition, the bestscore
computation needs to consider that not all lists for expdridgs
may have been opened already. For each querytaghere the
tag expansion limit has not yet been reached, it therefargotes

the maximal score thany document can get for the top tag

in SIMT AGS(g;), and the bestscore of a document is then the
maximum bestscore it can obtain in all open lists and the eext
pansion. Note that this bound is only correct because theestin
SIMTAGS(q;) are sorted bysim(qs, ti; - idf (ti;)).

6. EXPERIMENTS

6.1 Data Collections and Benchmark Queries

We evaluate the effectiveness of our scoring model and fie ef
ciency of the @NTEXTMERGEalgorithm on three different datasets,
crawled from social network websites of different kinds:

e del.icio.us:We have partly crawled the social bookmark site
del.icio.us (http://del.icio.us/) with a total of 12,38%ars,
175,754 bookmarks with 2,781,096 tags, aid, 306 friend-
ship connections.

e Flickr: We have partly crawled Flickr (http:/flickr.com/)
with a total of 52,347 users, 10,000,000 images with 29183 ,
tags, and 1,293,777 friendship connections. In addition to
explicit friends defined by the user (which rarely happens
in Flickr), we also considered two users as friends if one of
them commented a picture uploaded by the other.

e LibraryThing: We have partly crawled the social book cata-
log LibraryThing (http://www.librarything.com) with a tal
of 9,986 users, 6,453,605 books with 14,295,693 tags, and
17,317 friendship edges. As users in LibraryThing typicall
use tags that consist of multiple terms, we extracted timeger
from the tags and considered the set of terms used by a user
for a book as if she tagged the book with the terms. The
friendship here is again defined in a broader way, and con-
sists of explicit friends and users marked as having interes
ing libraries.

Finding a good set of queries and relevant results for thewotis
an easy task. Even though there has been some work on engluati
queries in social networks, most notably by Bao et al. [6] whe
DMOZ categories as global ground truth, such methods dan't fi
our user-centric search task. Here, it is not sufficient tosater
global relevance measures, as the notion of relevancetiy/tggb-
jective and dependent on the initiator of the query and hiesgpel
context. For example, a picture of a person may only be reteva
if she is known to the query initiator. However, when we execu
our queries in the context of a user taken from our collestidris
not possible to ask this user to assess the subjective neleva a
result item.

To solve this problem, we propose two independent evaluatio
methods, aiser-specific ground trutand auser studywith man-
ual relevance assessments for selected queries. For agiieen
Q(u,q1 . ..qn), we consider as user-specific ground truth the union
of all documents which were tagged with all query tagsdoyr any
of her direct friends. Our decision to consider also frisndoc-
uments as part of the ground truth is based on the fact thaethe
are also documents that the user has direct access to atidtetys
that the user has seen, and agreed with, the tags assignezk Si
documents on the ground truth set contain tags from the guery
evaluate the queries on a residual collection where quey s
u and her friends are removed as they are known to lead towards
relevant results. Note that this introduces a penalty fomoethod
as the transitive friends with highest scores cannot dmuteirel-
evant results by definition. Queries for the ground truthearan-
domly selected from tag pairs with medium frequency in the co
pus (between 1,000 and 2,000), the query initiator was chese
domly among users that have previously used the query tat)s an



Without Tag Expansion
« 0.0] 0.1] 0.2] 0.3] 0.4] 0.5] 0.6] 0.7] 0.8 0.9 1.0
Flickr 0.39/0.4210.41]0.41]0.41]0.41]0.41]0.41]0.41]0.41]0.3¢
LibraryThing[0.61]0.650.650.66/0.67]0.66[0.66]0.68/0.70]0.72[0.71]
With Tag Expansion
« 0.0] 0.1] 0.2] 0.3 0.4] 0.5] 0.6] 0.7] 0.8 0.9 1.0
Flickr 0.42/0.40{0.40/0.40{0.40{0.390.39/0.40[0.40]0.40/0. 3¢
LibraryThing[0.61]0.63/0.64]/0.65/0.65/0.650.650.67/0.69/0.72/0.71
Table 1: NDCG-10 for varying «, manual assessments
Without Tag Expansion
a 0.0] 0.1] 0.2] 0.3 0.4] 0.5 0.6| 0.7] 0.8 0.9 1.0
Delicious 0.150.250.27[0.33/0.34{0.350.350.37/0.39/0.390.36
LibraryThing[0.290.42/0.490.54]0.53/0.550.56/0.590.60/0.63/0.62
With Tag Expansion
a 0.0] 0.1] 0.2 0.3 0.4 0.5 0.6] 0.7] 0.8 0.9 1.0
Delicious 0.16/0.25/0.280.36/0.36/0.36/0.36/0.390.40/0.37[0.36
LibraryThing[0.30/0.41]0.46/0.53/0.52/0.53/0.550.57/0.59/0.61]0.60

Table 2: Precision@10 for varyinga values, ground truth ex-
periments

have at least one friend in the collection. This processigigl150
queries for delicious and 184 queries for LibraryThing;entitat
this method cannot be applied to the Flickr data because iker
almost no overlap in the pictures users tag.

For the user study on the LibraryThing data, we asked five col-
leagues to register with LibraryThing, tag at least 20 bablese,
and choose some friends among other users. They then seggest
28 queries related to the books they tagged. For Flickr, Weated
40 queries from other colleagues and randomly selectedti ({5}
query initiator among the users in our Flickr crawl who uséd a
query tags at least once on the same picture. We then ran¢hiesju
with different configurations of our algorithm and poolea: tie-
sults. In the assessment phase, a volunteer (which was #rg qu
initiator for LibraryThing) was shown, in addition to thestéts for
the query from the pool, the documents (i.e., pictures, braoks,
or books) from the query initiator that contain at least oh¢he
query tags, in order to understand the personal contexedafulery
initiator. This way, we try to overcome the aforementionealylem
of subjectively assessing result qualities with the eyabefjuery
initiator. The participant then marks each result as higalgvant,
relevant, or nonrelevant in the context of the query initigtvith-
out knowing which configuration generated the result).

6.2 Retrieval Effectiveness

We evaluate the effectiveness of our method by computing pre
cision and normalized discounted cumulative gain (NDC@G] &
certain cutoff levels, where relevant documents were deted
either by human assessments or by the ground truth.

Results for the User Studieg-he results from the user study are
shown in Table 1. For both the Flickr and the LibraryThingadset
the NDCG improved by increasing, but dropped of when setting
ato 1. This shows that while the semantic aspect is more irapbrt
than social aspect for these specific datasets, the socigdarzent
helps improving the search result, in particular for Flickhis can
also be seen with the precision@10, which for LibraryThitagts
at 0.50 for « = 0.0, increases t®.53 for « = 0.9 and drops to
0.40 for a = 1.0.

Results for the User-Specific Ground Trutfihe ground truth
based experiments (Table 2 show very similar results. Again
sult quality improves then increasing but drops when ignoring
the social aspect and setting= 1. For Delicious the social as-
pect seems to be more important than for the other data sgts, h
the optimal value isx = 0.8. Overall search effectiveness clearly
benefits from integrating social scores.

Efficiency Results
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Figure 4: Average Execution Cost with tag expansion

6.3 Retrieval Efficiency

Our main concern in this paper has beeen the efficiency ahd sca
ability of the query processing. To assess the efficienchie@fbN-
TEXTMERGEalgorithm, we evaluated the two sets of queries used
for the ground-truth based evaluation on the Librarythingd de-
licious data sets, and in addition a set of 164 queries on libkrF
data set that were computed similarly to the others. Theridfgo
was implemented in Java, with the index lists stored in arclera
10g database. The experiments were done on an Windows-based
server machine with four Opteron CPUs and 16GB of memory. We
measured wall-clock runtimes and abstract cost in termgs&fat-
cesses, where the cost for a random access was 100 and thar cost
a sequential access 1. We compared our algorithm with aatand
join-then-sort algorithm that reads all index lists invadvin the
guery execution into memory, uses an in-memory hash jointo-c
bine entries for the same document, and finally does an inanem
sort of the candidate set to compute the topesults.

For each collection, we performed a large variety of experita
to explore the space of alphas, thresholds for maximal tagrex
sion, and conjunctive vs. disjunctive evaluation. For spastric-
tions, we limit the discussion to selected results with aonfive
evaluation, results with disjunctive evaluation gengrétillowed
the same trends. Figure 3 depicts the average abstract eost p
query for the three collections and selected values,afvaluated
with CONTEXTMERGEand the baseline without tag expansion. It
is evident that our highly efficient top-algorithm has at most half
the cost of the baseline algorithm for most valuestpnd shows
even higher savings for the LibraryThing collection. Tabkhows
some additional details for the experiments on Library@hihis



Configuration timel[s] avg.#SA avg.#SA avg.#SAto avg.#RA #avg.
overall to DOCS USERDOCS | overall #exp
alpha = 0.0
CONTEXTMERGE 0.70 70,588 0 70,588 65 0
CONTEXTMERGEW/ tag exp. 1.37 126,772 0 126,772 194 7
Baseline 1.43 165,352 0 165,352 0 0
Baseline w/ tag exp. 6.10 67,0405 0 67,0405 0 20
alpha — 0.5
CONTEXTMERGE 0.68 76,012 21,834 54,178 23 0
CONTEXTMERGEW/ tag exp. 0.84 78,808 22,063 56,745 64 2
Baseline 2.0 248,093 82,742 165,351 0 0
Baseline w/ tag exp. 9.92 1,118,554 | 448,149 670,405 0 20
alpha — 1.0
CONTEXTMERGE 0.14 11,341 11,341 0 1 0
CONTEXTMERGE W/ tag exp. 0.21 12,223 12,223 0 9 1
Baseline 0.59 82742 82,742 0 0 0
Baseline w/ tag exp. 3.43 448,149 448,149 0 0 20

Table 3: Efficiency details for LibraryThing with conjuncti ve
evaluation

evident from the table that wall-clock runtime of our aldgm is
also at least 50% better than that of the baseline (whiclsis thie
case for the other two collections).

Figure 4 shows abstract cost for the same setup, but nowagth t
expansion up to a limit of 10 similar tags. Note that the bargHe
LibraryThing baseline experiment have been cut at 350,bléde,
the effectiveness of our dynamic tag expansion is cleaitjesy, as
it saves factors of 3-5 compared to the baseline method wigietls
to completely scan the lists of all 10 related tags for eaarytag.
Table 3 again shows details for some experiments on Libtangr
here, our highly efficient method manages to reduce runtiyngb
to an order of magnitude over the baseline. The colawvm#exp

shows the average number of similar tags considered pey.quer

Whereas the baseline methods needs to consider all tagselbur
throttling expansion technique requires only very few fmiags.

7. CONCLUSIONS

Social search is a promising direction to increase usereperd
query result quality. This paper developed an effectiveisgo
model for user-centric searches in social networks, amddoted
the CONTEXTMERGEalgorithm to efficiently evaluate queries in
such networks, dynamically including related users in tkeca-
tion. Combining a top: algorithm with dynamic tag expansion
and dynamic expansion to similar userQMrEXTMERGEIS up
to an order of magnitude faster in terms of measured runtimie a
cheaper in terms of abstract cost than the standard baseditied
of processing inverted lists.
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