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ABSTRACT

The popularity of collaborativ e tagging sites preserts a unique
opportunit y to explore keyword seard in a context where
query results are determined by the opinion of a network of
taggers related to a seeler. In this paper, we presert the
rst in-depth study of network-aware seard. We investi-
gate e cien t top-k processingwhen the score of an answer
is computed as its popularity among members of a seeler's
network. We argue that obvious adaptations of top-k al-
gorithms are too space-irtensive, due to the dependene of
smres on the seeker's network. We therefore develop algo-
rithms basedon maintaining soore upper-bounds. The glolal
upper-bound approach maintains a single scoreupper-bound
for every pair of item and tag, over the entire collection
of users. The resulting bounds are very coarse. We thus
investigate clustering seekers based on similar behavior of
their networks. We show that nding the optimal clustering
of seelers is intractable, but we provide heuristic methods
that give substantial time improvemerts. We then give an
optimization that can benet smaller populations of seelers
basedon clustering of taggers Our results are supported by
extensive experiments on del.icio.us datasets.

1. INTRODUCTION

The unprecederted popularity of collaborativ e tagging sites
such as CiteULik e for academic papers, del.icio.us for web-
pages,Flickr and Snap sh for photos and YouTubefor videos,
preserts a unique opportunit y for incorporating sccial be-
havior into processingseard queries. In del.icio.us, users
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bookmark and tag URLs, form sccial ties with others, and
subscribe to their friends' feedsto discover which URLs are
being bookmarked. Although browsing by tag or by net-
work is currently the predominant way of reaching content
on these sites, ranked keyword-based seard is supported as
well, and seard will becomemore important as the size of
networks and tagged content expand. An important ques-
tion then is how to support network-aware search { a medch-
anism that will return the top-ranked answers to a query
consisting of a set of tags, given a user with a particular
network. Such a mecdhanism is important not only for sup-
porting seard within thesesites, but alsofor incorporating a
seeler's network and tagging behavior in generalweb seard.
In this paper, we revisit top-k processingin this context.

Information Retrieval (e.g., web seard) generally assumes
content to be relatively static, while user interests are dy-
namic, expressedvia keyword queries [1]. On the other
hand, Publish/Subscrib e assumesstatic publisher needsand
dynamic streaming content [20]. In collaborative tagging
sites, both content and interest are dynamic. Userstag new
photos on Flickr and new videos on YouTube every day and
develop interest in new topics. We model collaborativ e tag-
ging sitesasfollows: usersin the system can be either taggers
or seekers Taggersannotate items with one or more tags, a
query is composedof a set of tags and is asked by a sesker; a
linking relation connects seelers and taggers, thereby form-
ing the network assciated with eac seeler. In practice
seelers and taggers may be the same and our model and
algorithms will not preclude this possibility.

Given a seeler, a network of taggers, and a query in the
form of a set of tags, we wish to return the most relevant
items. Relevance of an item should certainly be a func-
tion of the number of taggers within the seeler's network
who tagged the item with a tag in the query. We formal-
ize network-aware seard in collaborativ e tagging sites and
de ne the problem of e cien tly processingtop-k queriesin
the presenceof dynamic scores(Section 2). We introduce a
general classof scoring functions that re ects this intuition.
This classcaptures the core of the ranking functions desired
in many application scenarios, such as hotlists, popularity
among friends, and popularity among a network of peersin
the same age group or geographic location. Our core ques-
tion is then how to achievee cient top-k processingof these
network-aware search queries



We consider what sort of storage structures are neededto
support such queries. In the network-unaware setting, one
would useper-tag inverted lists, listing items ranked by their
score. A naive extension of this is to generate similar lists
for each (tag,seeker) pair since items have a di erent score
per seeler's network. Items would then be sorted according
to their network-aware scorein ead inverted list. The well-
known top-k algorithms [4] could then be directly applied to
aggregateover tags in a query. Werefer to this storage strat-
egy as Exact, sinceit requires storing exact scoresfor each
item for each (tag,seeker) pair. This strategy can clearly
benet from the e ciency of traditional top-k algorithms.
However, materializing eadt of these lists would be pro-
hibitiv ein terms of space,sincethere are potentially asmany
lists per tag as there are seelers. Consequerly, we explore
dynamic computation of scores,given a seeler's network and
atag, asaway of achieving a balance between processingtime
and storage space. Note that while traditional top-k algo-
rithms aggregatescoreson di eren t keywords at query time,
they assumethe inverted lists are ordered by exact scores,
evenif exact scoresof list entries are not available. The most
straightforw ard dynamic approach materializes only per-tag
inverted lists. These inverted lists are seeler-independert,
so their entries cannot contain exact per-seeler scoresbut
only upper-bounds for eadch item, i.e., its max scoreover all
seelers. We refer to this strategy as Global Upper-Bound
We develop generalizations of top-k processingalgorithms to
incorporate network-aware seard. In particular, we modify
the classicNRANo Random Access)and TA(Threshold Al-
gorithm) to accourt for score upper-bounds and dynamic
computation of exact scores(Section 3).

The Exact and Global Upper-Bound strategies represen
two extremesin the space-timetradeo . While Global Upper-
Bound will oer considerable savings in space, we expect
query processingto take much longer, sincethe upper-bounds
may be very coarse. The ner the upper-bounds, the closer
they are to exact scoresfor a given seeler, which a ects
the order of entries in the inverted lists. We explore two
re nements in Section 4.

Our rst renement identies groups of seelers whose
\net work-aware" scoresare close. The score upper-bound
computed for such a group will then be tighter than the
global upper-bound. These groups represert seelers who
exhibit similar networking behavior. We refer to this strat-
egy as Cluster-Seekers . This strategy leads to one in-
verted list per (tag,cluster) pair. At query time, we nd the
(tag,cluster) inverted lists assaiated to that seeler and ag-
gregate over them. We will seethat the Cluster-Seekers
strategy performs faster than Global Upper-Boundand con-
sumeslessspacethan Exact.

The performance of Cluster-Seekers dependson nding
good clusterings. We explore quality metrics that measure
how well the order of entries in a per-cluster inverted list re-
ects their order in a seeler-speci c inverted list, for seelers
who belong to that cluster.

Next, we explore Cluster-Taggers , a strategy which aims
to group taggers in networks based on similarity in their
tagging behavior. Each tagger cluster is assaiated with an
inverted list, where items are ranked by their upper-bound
within the cluster of taggers. At query time, we determine
the tagger clusters assaiated with a given seeler and com-
pute scoreshy aggregating over the inverted lists assaiated
with these tagger clusters. Taggersin a seeler's network

may belong to dierent clusters, and so multiple inverted
lists per tag may be relevant for a given seeler. We thus
may have to aggregateover a larger number of inverted lists,
albeit with tighter upper-bounds per list.  In our experi-
ments, we found that Cluster-Taggers imposeslittle space
penalty comparedto Global Upper-Bound and outp erforms
Cluster-Seekers in both spaceoverhead and query time.
However, not every seeler will benet from this approach,
e.g., seelers whose taggers fall into many clusters.

We run extensive experiments on datasets from del.icio.us
(Section 5). We measure the performance of clustering in
terms of space consumption and the performance of top-k
algorithms in terms of the number of sequerial and random
accesses. To the best of our knowledge, this is the rst
attempt to incorporate social behavior into indexing and
top-k query processing

2. DATA MODEL

Our model represerts collaborative tagging sites where
users have ties with other users and can expresstheir en-
dorsemen of visited items { e.g., photos in Flickr and videos
in YouTube { by tagging. We model the underlying social
network as a directed graph G = (V;E) whose nodes are
usersand (directed) edgescorrespond to ties betweenthem.
The edgesmay correspond to explicit ties such asfriendship,
similar agegroup, or peopleliving in the sameneighborhood.
Alternativ ely, they may correspond to implicit ties, derived
through somefurther analysis. We describe examplesbelow.

We represert the data relevant to this application using
the following relations: (i) Link (u;v) which says there is a
directed edgefrom user u to userv. We assumeevery user
participates in at least one link. (i) Taggedv;i; t) which
says tagger v tags item i with tag t.

Often we will be interested in iterating over all usersin
one of the projections of Link or Tagged The projection on
the rst component of Link is the Seekers set; we will be
interested in queriesfrom theseusers. The projection on the
rst component of Taggedrepreserts the Taggers set. We
want the tags assignedby these usersto in uence the way
answers to queries are scored. It is conveniernt to use the
following notation. For a seeler u 2 Seekers, Network(u) is
the set of neighbors of u, i.e., Network(u) = fv j Link (u; v)g.
We will usethe notation Items (v;t) = fi j Taggedv;i; t)gto
denote the set of items tagged with t by tagger v 2 Taggers.

2.1 Example Networks

We elaborate on a few natural implicit ties that may exist
betweenusersin G. Let Items (v) be the set of items tagged
by user v with any tag. Then we could de ne Link (u; V) to
mean that of the items tagged by u, a large fraction are also
tagged by v, i.e., jltems (u)\ Items (v)j5jltems (u)j > thr es,
where thr es is a given threshold.

Alternativ ely, we could de ne Link (u;v) i v tags a suf-
cient fraction of the items tagged by u with the sametag
asu, i.e., jfijot: Taggedu;i; t) » Taggedv;i; t)gj5fi j ot :
Taggedu;i; t)gj > thres.

Figure 1 shows our running example. The network of
seeler Jane overlaps with Leia's and Amanda's. This is re-
ected in Tagged where taggers common to Jane and Leia
tag various items.

The techniques of the paper do not assumeany particular
semartics of how the networks are obtained.
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Figure 1: Seekers, Net works and Tagging Actions

2.2 Queriesand Scoring

Seelers issue queries in the form of a set of keywords.
In order to focus on the aggregation problems rather than
the (orthogonal) text matching issues, we treat keywords
and tags alike, and our scoring method is based on exact
string match. More speci cally , given a seeler u and a query
Q = ti1;:;th, we de ne the scoreof anitem i for u w.rt. a
tag tj as a monotone function of the number of taggers in
u's network who tagged i with tag t;, i.e.,
scorey; (i; u) = f (jNetwork(u)\f v j Taggedyv;i; tj)gj), where
f is a monotone function.

We de ne the overall query scoreof an item i for a seeler
u 2 Seekers asa monotone aggregation of the scoresfor the
individual keywords in the query, i.e.,
score (i; u) = g(scorey, (i; u); ::1; scorey, (i; u)), wheregis a
monotone aggregate function.

While the framework is generalenoughto permit arbitrary
monotone functions f and g, we will usef = count and
g = sum for easeof exposition. Prior work [18] has shown
that when these scoring functions are applied to networks
based on implicit common-interest, the resulting lists are
good predictors of relevance to the seeler. Hence we use
common-interest networks in our experiments.

2.3 Problem Statement

Givenaquery Q = ty;:::;tn, issuedby useru, and a num-
ber k, we want to e cien tly determine the top k items, i.e.,
the k items with the highest overall score.

In the next section, we addressthe following questions:
giventhe input data modeled using the logical relations Link
and Tagged what information should we pre-compute in
order that well-known top-k algorithms can be leveraged,
and how should we adapt these algorithms to work correctly
and e cien tly in our setting?

3. INVERTED LISTS AND TOP-K

We wish to compute the top-k items which have been
tagged by peoplein a seeler's network with query relevant
tags. We organizeitems in inverted lists and study the appli-
cability of typical top-k processingalgorithms to our setup.

3.1 Computing Exact Scores

Typically, in Information Retrieval, one inverted list is
created for each keyword [1]. Each entry in the list con-
tains the identier of a document along with its score for
that keyword. Storing scoresallows to sort entries in the
inverted list thereby enabling top-k pruning [6]. While in
classicIR eat document has a unique score for a keyword
(typically, tf*idf [1] or probabilistic [7]), one characteristic
of our problem is that the score of an item for a tag de-
pends on who is asking the query, i.e., the seeler's network.
One straightforw ard adaptation is to have one inverted list
per (tag,seeker) pair and sort items in ead list according to
their scorefor the tag and seeler. Therefore, ead item will
be replicated along with its exact scorein eac (tag,seeker)
inverted list. This solution is illustrated on the right-hand
side of Figure 2. We refer to it as Exact and useit as our
baseline for experiments on spaceoverhead.

Clearly, for eadh tag, Exact would store as many inverted

lists asthere are distinct networks { and there could be one
for each seeler in the worst case. Consider a collaborativ e
tagging site with 100,000 users, 1,000,000items, and 1000
distinct tags. Supposethat on an average eadh item re-
ceives 20 tags which are given by 5% of the users. Now,
were we to maintain an inverted list for each (tag,seeker)
pair with entries of the form (item,score), the size of the
index would be:
100,000 seelers  1;000,000items 20tags 5% size
of each entry. Assuming 10 bytes per entry, the size of the
index is then = 10'? bytes = 1 terabyte. The space re-
quirement of 1 terabyte was obtained by using modest sizes.
Actual numbers in real social tagging sites may be much
higher [9]. The spacerequirements of Exact can easily be-
come prohibitiv e as the network and tagging activity ex-
pand.

We now review top-k processingin the context of Exact.

3.2 Top-K Processingwvith Exact Scores

Existing top-k algorithms are directly applicable to Exact.
Rather than describe them in detail, we give a brief overview
of NRANo Random Access)and TA(Threshold Algorithm) [6],
two represertativ e algorithms.

In NRAthe inverted list for eadh query keyword is assumed
to be sorted on the exact score of items. In the rst phase,
the algorithm maintains a heap which contains the current
candidate entries for the top-k (there could be many more
than k of these). The inverted lists are scannedsequetially
in parallel. When a new entry is found, it is added to the
heap along with its partial (exact) score. If the item was
seenbefore, its scorein the heap entry is updated. For ev-
ery heap entry, a worst-case score and a best-casescore is
maintained. The worst-case score is based on the assump-
tion that the item doesnot appear in those lists where it is
so far unseen. The best-casescore assumesthat the item's
score in a list where it is unseen equals the bottom score
of the heap (for that list). Items in the heap are sorted
on their worst-case score, with ties broken using best-case
scores, and subsequen ties broken arbitrarily . The algo-
rithm stops when none of the entries outside of the top-k
items examined so far has a best-casescore higher than the
worst-casescoreof the kth item in the bu er. The output of
NRAconsists of the set of top-k items in the bu er, for which
we have only partial score and hence no rank information.
Subsequen work (e.g., [11]) has adapted NRAso as to ob-
tain exact rank information. Clearly, NRAcould be directly



applied in the context of Exact by picking the lists which
correspond to the current seeler and query keywords and
aggregating over them as described above.

In TA the inverted lists are sorted on scoreas for NRAbut

random accessis assumedin addition to sequerial access.

The algorithm accessestems in the various lists sequertially
and in parallel. It maintains a heap, where items are kept
sorted on their complete score. When a new entry is seenin
any list under sequertial accessjts scoresfrom other lists are
obtained by random access.If its overall scoreis more than
the score of the kth entry in the heap, they are swapped.
Otherwise this new entry is discarded. At any stage, the
bottom score (seen under sequeriial access)is maintained
for every list and is usedto compute a threshold. No unseen
item can have a scorehigher than the threshold, soif the kth
highest heap entry is greater or equal to the threshold, then
the algorithm stops. The output consists of the top-k list in
the buer, including items and their scores(and hencetheir
ranks). Unlik e in NRAmuch lessof the lists will needto be
explored, and the heap never needsto contain more than
k items. This may result in more random accesses. The
applicabilit y of TAin the context of Exact is straightforw ard
oncethe lists corresponding to the current seeler and query
keywords are identi ed.

We now turn to describing our space-saing strategy and
how top-k processingis adapted to t it.

3.3 Computing Score Upper-Bounds

In order to save spacein storing inverted lists, we factor
out the seeler from ead per-tag list and maintain entries
of the form (item,itemT aggers) where itemT aggers are all
taggers who tagged the item with the tag. In this case,
every item is stored at most once in the inverted list for a
giventag, asopposedto being replicated potentially oncefor
eadh seeler. The question now is which sare to store with
each entry, which will in turn determine how the lists are
ordered. Sincescoresare usedfor top-k pruning, it is safeto
store, in eac per-tag inverted list, the maximum scorethat
an item could have for the tag across all possible seskers
Given a query keyword t;, we have

ub(i; tj) = maxuzseekersif v j Taggedyv;i; tj)g &

v 2 Network(u)j

In other words, the scoreupper-bound is the highest score
an item could have for a tag. We refer to an inverted list or-
ganization basedon theseideasasthe Global Upper-Bound
strategy. We will assumethat the inverted lists are supple-
mented by the Link relation indexed by the seeler and the
Taggedrelation indexed by tag and item; these will support
our equivalent of random access.They also support e cien t
computation of exact scores,given a seeler and an item.

Figure 2 shows the inverted list for tag music according
to the Global Upper-Bound strategy and its counter-part
in Exact. Notice that Exact may store one item multiple
times acrosslists (e.g., item i19 is stored with seelers Jane,
Amanda, and Leia). In the caseof Global Upper-Bound an
item is stored only once with its highest scoreever (e.g., the
score of item i19 in Global Upper-Boundis higher than its
score in the lists of Leia and Amanda since it corresponds
to its scorefor Jane). While the per-seeler inverted lists in
Exact are shorter than in Global Upper-Bound the overall
spaceconsumption of Exact is expected to be much higher.
However, the relativ e ordering of items in the inverted list

Global Upper-Bound strategy

taggers upper-bound Exact strategy

w;%#elv--- 73 item exact score| (jtem exact score) [item exact score)
Sam, ... i8 73 i5 53 i8 25
Miguel, ... 19 65 9 36 i19 23
Peter, ... 7 62 i19 30 30 22
Jane, ... i15 40 i39 15 i24 20
Mary. ... 24 39 24 141177 9g
Miguel, ... 39 18 27 10 15 45
Kath, ... 21 16 2110 o7 g2

Mary, ... 27 16 i 5 21 10

seeker Jane seeker Leia seeker Amanda

all seekers

Figure 2: Inverted Lists Organization for Global
Upper-Bound and Exact, for the tag music .

for Global Upper-Bound does not necessarily re ect that
of any per-seeler order in Exact (e.g., i19 is scored lower
than i5 in Leia's list while it is scored higher in the Global
Upper-Boundlist). This may causeGlobal Upper-Boundto
scan many more entries in the inverted lists than Exact,
thereby increasing query processingtime. We next describe
adaptations of NRAand TAthat use score bounds; their ap-
plication to the boundsin Global Upper-Boundwill serve as
another baseline (for processingtime) in our experiments.

3.4 Top-kProcessingvith ScoreUpper-Bounds

We assume a function that does a \lo cal aggregation”,
taking a seeler and a pair (item,itemT aggers) from an in-
verted list and calculating the number of itemT aggersthat
are friends of the seeler. We also assumea function
computeExactScore(i; u; tj), which both retrieves the tag-
gersof item i (for tag tj) and counts the number of friends
of u who tagged with t;. Such a function can be imple-
mented as a SQL aggregate query over the join of Link and
Tagged

3.4.1 NRAGenesmlization

Algorithm 1 showsthe pseudo-cale of gNRAFor any query,
the inverted lists (IL) corresponding to eac query keyword
t are identied and are accessedsequerially in parallel, us-
ing a criterion such as round-robin. When an item is en-
countered in a list, we: (i) record the upper-bound of the
item and (ii) compute the exact score of the item for that
tag using the itemTaggers componert of the IL entry. If
the item hasnot beenpreviously encourtered, it is added to
the heap along with its score. If it is already in the heap,
the scoreis updated. Thus scoresof items in the heap are
partial exact scoresand correspond to the notion of worst-
casescore of classic NRAThe set of bottom (i.e., last seen)
bounds of the lists is used to compute best-casescores of
items: for any item, its best-casescoreis the sum of its par-
tial exact scoreand the bottom bounds of all lists where the
item has not beenseen. If an item is unseenanywhere, its
partial exact scoreis 0 and its best-casescoreis the sum of
bottom bounds over all lists. The heapis kept sorted on the
worst-casescore, with ties broken using best-casescore,and
then arbitrarily . The stopping condition is similar to that
for classic NRA none of the items outside the top-k of the
heap has a best-casescorethat is more than the kth item's
worst-case score. However, for classic NRAiIt is sucien t to
comparethe kth item's worst-casescorein the heapwith the



largest best-casescore of an item in the heap outside of the
top-k items. In our case,this would not be sound, since the
lists are only sorted on bounds, not necessarily on scores.
Thus, a completely unseenitem can have a best-casescore
higher than the largest best-casescorein the heap. Thus, we
compare the maximum of the largest best-casescoreoutside
of top-k in the heap and the sum of all bottom bounds with
the worst-case score of the kth item in the heap, stopping
when the latter is higher.

Algorithm 1 Bounds-Based NRAAIgorithm (gNRA

Require:  seeler u, Query Q;

1: Open inverted lists IL{ for each keyword t 2 Q;

2: while worstcase(kth heap item)
max f BestcaseUnseen max f bestcasdj) j j 2 heap top-kgg
do

3.  Get next list IL{ using round-robin;

4.  Get entry e= (i; ub;itemT aggers) in IL¢;

5. Update the bottom bound of IL¢;

6: Compute partial exact score of i for t using itemT aggers;

7. If i is not in heap add it, otherwise update its partial exact
score;

8. Update best-case scores of items in heap, and re-order
heap;

9: BestcaseUnseen= sum of bottom bounds over all lists;
10: end while

11: Return top-k set of items from heap.

At this point, we are guaranteed that the set of items in
the top-k of the heap belong to the nal top-k list. If the
exact score(and rank) is of interest, we needto compute the
exact scoreof items in the heap on those lists where they are
not seen. We can do this by computing exact scores (our
analog of Random Access) for the remaining terms of the
top-k heapitems. * We omit the pseudocode of phase 2 for
brevity.

Note that during exact scorecomputation when a cursor is
moved we get the entry e = (i; ub;itemT aggerg in memory
without a seard, and can thus get the exact score using
a local exact score computation. We will reuse the term
\sequential access" (and the abbreviation SA) to refer to
the combination of advancemert of a cursor and local exact
scorecomputation. In our algorithm, thesetwo always occur
in tandem. We will reusethe term \random access"(RA)
to refer to the calls to computeExactScore, which in this
algorithm occur only in phase 2. The ability to quickly
get the scoresto be aggregatedin memory allows sequerial
accessto be much more e cien t than random access,as in
the classical case. We discussthis further in Section 5.

Seweral optimizations are possible to the basic algorithm
above. Clearly, we have no needto update scoresof items
in the heap whose best-caseis below the worst-case of the
kth highest heap item, nor do we needto re-order these as
the lower bounds are updated. It is also possible to ched
whether an elemert is a candidate for entry into the top-k
prior to performing an exact scorecomputation, by cheding
its new upper bound against the worst-casescoreof the cur-
rent k™ item; this optimization can be easily incorporated
into the algorithm above.

3.4.2 TA Genealization
We now presert gTA{ our adaptation of TAthat works

1Thus, gNRAN our setting is really \generalized Not many
Random Accesses".

with score upper-bounds. Algorithm 2 shows the pseudo-
code. Givena query Q from a seeler u, all relevant inverted
lists are identi ed. We accessthem sequerially in parallel.
When an entry is seenfor the rst time under sequeriial
accessin a list, we compute its exact scorein that list (as
part of SA) and perform exact score computations on the
other lists (a set of RAs). Thus, we always have complete
exact scoresfor the items in the buer. For ead list, we
remember the bottom bound seen. The threshold is the
sum of the bottom bounds over all lists. The algorithm
stops whenevwer the scoreof the kth item in the heap, which
is kept sorted on score, is no lessthan the threshold. At this
stage, we can output the top-k items together with their
scoresand hencerank them.

Algorithm 2 Bounds-Based TA Algorithm (gTA

Require:  seeler u, Query Q
1: Open inverted lists IL for each keyword t 2 Q;
2: while score(kth heap item)

sum of bottom bounds over all lists do

3:  get next list IL{ using round-robin;

4. Let e= (i; ub;itemT aggers) be the next entry in IL¢;

5. Update the bottom bound of IL;

6: if i not in current top-k then

7. Use local aggregation to get exact scoreof i in ILt using
itemT aggers,

8: Use computeExactScore to get exact score of i in other
lists;

9: if i's overall score> kth scorein heap then

10: Swap kth item with i; keep top-k heap sorted;

11: end if

12:  end if

13: end while

14: Output the heap asis.

As with gNRAthere are slight modi cations that can save
accesses:when we nd a new item i we could iterativ ely
retrieve scoresin other lists, curtailing the iteration if we
nd that the best-caseof i is below the exact score of the
kth item in the heap.

To summarize, both variants of Global Upper-Bound(gNRA
and gTA dier from Exact in that the former needsto com-
pute the exact scoreof an item for atag and seeler at query
time. Using a simple variation of the argument in [6], we can
show that both Global Upper-Bound variants are instance
optimal over all algorithms that usethe same upper-bound
basedstorage. In the caseof gTA this meansthat gTAbased
on a round-robin choice of cursors usesno more sequerial
accesseshan any other \reasonable" algorithm, up to alin-
ear factor. Reasonablehere meansthat the algorithms can
not make a call to computeExactScore for an item until
the item has beenreached under sequernial access.This is
the analog of the \no wild guesses'restriction of [6]. Similar
statements can be made for gNRAAlgorithm 1 is optimal, up
to a constant factor, in number of sequenial accessesnade,
over algorithms that perform only sequeriial accesseslf we
consider the optimization where exact score computations
are done only for items that have a best-casescore above
the current kth highest-score,we nd that it is optimal in
terms of the number of exact score computations.

However, any of these optimalit y statements only justify
the use of these query processingalgorithms once a storage
structure is xed; they do not justify the storage structures
themselves. The accuracy of upper-bounds in the inverted
list is clearly the key factor in the e ciency of top-k prun-



ing. The ner the upper-bound, the closerit is to the item's
exact scoreand the faster an item can be pruned. Therefore,
we needto explore further optimizations of our inverted list
storage strategies. The clustering-based approaches intro-
duced in the next section work by identifying upper-bound
based inverted lists for a (query,seeker) pair and then ap-
plying either gNRAor gTA They will dier on which lists are
identied and on how the clusters are formed.

4. CLUSTERING & QUERY PROCESSING

As discussedin Section 3, it is intuitiv ely clear that the
greater the distance betweenthe scoreupper-bound and the
exact scoreof an item for a tag, the more processingmay be
required to return the top k results for a given (seeker,query)
pair. The aim of this section is to describe methods which
reduce the distance between exact smres and upper-bounds
by re ning upper-bounds. The coreidea is to cluster users
into groups and compute score upper-bounds within ead
group. The intuition is that by making a cluster contain
users whose behavior is similar, the exact scoresof usersin
the cluster will bevery closeto their upper-bound score. The
remaining question is thus: which users should the clustering
algorithm group together to achieve that gaal.

4.1 Clustering Seelers

Sincethe scoreof an item dependson the network of tag-
gers, a natural approach is to cluster the seelers based on
similarity in their scores. Given any clustering of seelers,
we form an inverted list IL.c for every tag t and clus-

r C, containing all items tagged with t by a tagger in

u2c Network(u), with the scoreof an item being the max-
imum saore over all seekersin the cluster. That is, an item
i in the list gets score maxyz c score(i; u). Query process-
ing for Q = t1:::t, and seeler u proceedsby nding the
cluster C(u) containing u and then performing aggregation
(using one of the algorithms in Section 3) over the collection
of inverted lists IL, ;¢ (u)-

inverted list for tag “music” inverted list for tag “news”

item exact score item exact score item exact score item exact score

i8 73 i7 53 i3 99 i5 23
i7 62 i9 42 i2 87 i6 21
i19 61 i19 30 i21 73 i17 19
i5 53 i8 25 i5 40 i8 17
i24 43 i24 22 i19 35 i15 1
i9 40 i39 22 i8 32 i9 5
i39 21 i15 19 i24 18 i21 3
i21 16 i21 17 i48 11 i18 2
cluster C1 cluster C2 cluster C1 cluster C2
{Jane, Leia,...} {Amanda,...} {Amanda, Leia,...} {Jane,...}

Figure 3: Example of Cluster-Seekers

Global Upper-Boundis a special caseof Cluster-Seekers
where all seelers fall into the same cluster and the same
cluster is used for all tags. That is not the casein general
with Cluster-Seekers asillustrated in Figure 3 where Jane
and Leia fall into the samecluster C; for the tag music, but
into di eren t clusters for the tag news Upp er-bounds within
ead list are computed for members of the assaiated cluster,
which makes the bounds necessarily tighter. For example,
item i7 hasatighter upper-bound in cluster C, for tag music

than in Global Upper-Bound in Figure 2. It is necessary
to compute seelers' clusters on a per-tag basis in order to

reect (i) the overlap in networks among dierent seelers
and (ii) the overlap in tagging actions of taggersin clusters.
Indeed, if we generated a set of clusters which are agnostic
to the tags, we could end up creating a cluster containing

Jane, Leia and Amanda (since they share some taggers in

their networks). The score upper-bounds for such a cluster
would be coarser(e.g., i19 would have a scoreupper-bound
equal to 65 for tag newswhile it is equal to 30 in C5!).

One can easily show that, for single keyword queries, aswe
re ne the clustering, the upper bounds can only get tighter,
and hence the processingtime of the generalized threshold
algorithms of the previous section can only go down, regard-
less of the seeler. In particular, Exact is optimal over all
algorithms that use Cluster-Seekers , for any clustering,
assuming single-keyword queries.

For multi-k eyword queries, this is not the case. Consider a
seeler u and a top-1 query Q = ti;t,. Assumethat, for this
seeler, the lists of scoresfor the two keywords are I L,y =
(x:10;i1:2;i2:1:5;:::), wherethe :::isalong tail of scoresbe-

pose a clustering puts this seeler in her own cluster, thus
making the bounds exact for her! Under gNRAwe would
have to keep making sequeriial accesseauntil we reach the
entry x:15 in the secondlist. However, it is possible that
in Global Upper-Bound (the coarsest possible clustering),
the global inverted lists for the two keywords are: I Ly, =

The entry x might have a much coarser (i.e., higher) bound
in Global Upper-Bound and hence may bubble to the top
of the secondlist. Now, gNRAafter one round-robin, gets
the full exact scoreof x (still 25 for u). After this the algo-
rithm will stop, sincethis scoreis higher than the sum of all
bottom scores. This example shows that an ideal clustering
would take into accourt both the scoresand the ordering.

How do we cluster seekers? Ideally, we would nd clus-
ters that are optimal for the running time of one of our
algorithms in Section 3. We could look at the worst-case
running time over all users (for, say, a particular tag or set
of tags). For simplicity, we consider the caseof single key-
word queries, where the distinction between gNRAand gTA
will not be important. Consider a seeler u asking a query
for a single keyword t, where we want to return the top
k answers. For a xed data set D, set of seeler clusters
Ci1:::Cq, let CompTime(Cy:::Cn;D;t; u;k) be the num-
ber of sequeriial accessesnade in gNRAor gTAfor u while
doing top-k processingfor query t over D, where processing
is done using the inverted lists ILc; as discussedabove.
Let WCompTime(Cy:::Cn;D;t; k) be

maxuy 2 seekersCompTime (Cy ::: Cp; D; t; u; k)

Given (n; D;t; k), onewould liketo nd Cj:::C, that min-
imizes WCompTime(Cy :::Cn;D;t; k).

It is well-known that nding clusters of points that min-
imize the diameter within a metric spaceis NP-hard, even
for metrics in 2-dimensions[8]. This does not immediately
imply that clustering is hard in our setting, since our objec-
tive function WCompTime(C1:::Cy;D;t; k) doesnot cor-
respond to the diameter in a metric. Indeed, the behavior
of gNRAand gTAdepends not on pairwise interactions of the
items tagged by usersin the cluster, but the relationship
between all the ordered lists. Nevertheless, we can show:



Theorem 1. The problemof nding Ci:::C, that mini-
mizesWCompTime (C1:::Cn;D;t; k) (given D, t, k) is NP-
hard, evenfor n=2and k= 1. |

The proof is by reduction from the independent task schelul-
ing problem which is known to be NP-hard [8] even for 2
processors. The rough idea of the reduction is that tasks
are mapped to items tagged by taggersin distinct networks,
with the number of userstagging an item corresponding to
the time delay induced by the task. A clustering will yield
inverted lists that partition the items, henceyielding a par-
tition of tasks.

Similar results can be shown for the average case comput-
ing time for a cluster. We state here only one result, which
shows that one cannot easily nd the clusters that minimize
the sizeof the inverted lists for most users. Given a data set
D, a set of seeler clusters C;:::Cp, atag t, and a seeler
u, we let SZ(C;:::C,,D,t,u) be the size of the inverted
|ISt lLt;C (u), and |et AVGSZ(C]_ e Cn , D,t) = AVGuzseekers
SZ(C1:::Cpn;D;t; u). Wethen have:

Theorem 2. Finding the clusters that minimize
AVGSZ(Cy :::Cp) is NP-hard, evenfor n = 2. |]

The proof is by reduction from the minimum sum of squares
problem [8]. Again a collection of items is used that are
tagged by distinct networks, with the networks assaiated
with many users.

Given the above results, we must rely on heuristic meth-
odsto nd clusters of seelers. One natural approach is based
on overlap of the seelers' networks. The intuition is that,
given two seelers u and u® the higher the number of com-
mon taggers in their networks, the higher the chance that
the scoreof an item for those networks be similar. However,
two taggers may have di eren t tagging behaviour for dier-
ent tags. Therefore, we proposeto compute per-tag network
overlap between seelers.

Given the set of all seelersin Seekers, we can construct
a graph where nodes are seelers and an edge between two
seelersu and u®iscreatedi jNetwork(u; t)\ Network(u® t)j
thr es, where Network(u; t) is the set of usersin Network(u)
who tagged at least oneitem with tag t. The threshold thr es
is application-dep endent. Oncethe graph is instantiated, we
apply o -the-shelf graph clustering algorithms in Section 5
to generate clusters. We report the space/time performance
of Cluster-Seekers in Section 5.4.

4.2 Evaluating and Tuning Clusters

The Cluster-Seekers approach dependson nding good
clusterings, which in turn depends on being able to predict
the performance of a clustering. Clearly, we cannot test a
clustering on all keyword combinations for all users,and for
all values of k. We begin with a measure comparing the
orderings produced by the clustering with the exact order-
ings for a particular user; we will average this over users.
Although there are many metrics on lists consideredin the
literature (see, e.g. [5]), we need one that is both corre-
lated with the performance of our algorithms and simple to
compute. We discuss here one such measure, a variant of
Normalized Discounted Cumulativ e Gain (NDCG, [12]).

Fix atag t and seeler u, and let L;qeq be the ranked list
of items for u and t, ranked by exact scores,with Mqegg
being the length of Lijeg- Let Lapprox be the ranked list
of items in a cluster, ranked by cluster upper-bounds. The
underlying domain of L approx is a superset of the domain of

Ligeal- Let D (i) bethe maximum overj i of the position

of the j™ item in Ljgeg Within Lapprox. The Gain Vector
for u; t is a vector of length Mgy SUch that G(i) = i=D (i).
That is, D(i) represens the delay in getting to the top i
items of Ljqeg, hence a low gain G(i) represerts a high
delay for using this list, and vice versa. G(i) is at most one,
since we must wait at leasti to reach i items.

Intuitiv ely, G(i) represens the quality of the clustered
list if we are looking for the seeler's top i items. For top-
k multi-k eyword queries, the highest scoring item may be
signi cantly further down on an individual list than k, and
we do not know beforequery time how far down it may come.
Wewill thussumthe quantit y G(i) overi, discounting higher
valuesof i, sinceit is lesslikely that the tail of the seeler's
list will be relevant.

Given a \discount factor" b, let G%i) = G(i)=log,(i) and
1%) = 1=ilog,(i) for i > b, and let G%i) = G(i) and 1%i) =
1=i otherwise. (Weuseb= 2in our experiments.) Wede ne
the Normalized Discounted Cumulative Gain (NDCG) of the

clustered list with respectto u as %(IGD?% The denomi-
nator is an additional normalization factor that guarantees
that the entire quantity is at most one.

NDCG measuresthe quality of a clustered list for a given
seeler and keyword. A value of 1 is the optimum, which is
realized only by the ideal list, while valuescloseto 0 indicate
a list that is far from ideal. The quality over all seelers can
be estimated by averaging over a randomly selected collec-
tion of seelers. We will seein Section 5 that the run-time
performance of Cluster-Seekers is correlated with NDCG.
The performance of a multi-k eyword query Q is a function of
the \aggregate NDCG of Q", with the aggregation ranging
over a sample of seelers and over the keywords in Q.

The NDCG can be usedto compare two clusterings { for
example, those done via dierent clustering algorithms, or
di eren t parameters within a clustering algorithm. It can
alsobe usedto decidewhether increasing the number of clus-
ters will signi cantly impact performance. Sincethe NDCG
is a per-keyword quantity, it can be calculated o ine.

4.3 Clustering Taggers

Another clustering alternativ e is to organize taggers into
di eren t groups which re ect overlap in their tagging behav-
ior. We refer to this strategy as Cluster-Taggers . That is,
for each tag t we partition the taggers into clusters. We
again form inverted lists on a per-cluster, per-tag basis,
where an item i in the inverted list for cluster C and tag
t gets the score:

maxuy 2 seekersjNetwork(u) \ C\ fv j Taggedv;i; t)gj;

i.e., the maximum number of taggers in cluster C who are
linked to u and tagged item i with tag t, over all seelers u.
To processa query Q = ty:::ty for seeler u, we nd the set
of clusters of the taggersin Network (u), and then perform
an aggregation over the inverted lists assaiated with all
(tag,cluster) pairs. Members of a seeler's network may fall
into multiple clusters for the sametag, thereby requiring us
to processmore lists for eat tag (as opposedto one list per
tag in the caseof clustering seelers).

How do we cluster taggers? We instantiate a graph where
nodes are taggers and there exists an edge between two
nodesv and v%i: jltems(v;t)\ ltems(v%t)j thr eswhere
t is any tag. Again, thr es depends on the application.



We now summarize the di erences betweenclustering seek-
ers based on network overlap (Cluster-Seekers ) and clus-
tering taggersbasedon overlap in tagging behavior (Cluster-
Taggers). At query time, Cluster-Seekers identies one
inverted list per (tag,seeker) pair since a seeler always falls
into a single cluster for a tag. In Cluster-Taggers there
are potentially multiple inverted lists per (tag,seeker) pair,
given that a seeler will generally have multiple taggers in
his network which may fall into dierent clusters.

Unlik e Cluster-Seekers , Cluster-Taggers doesnot repli-
cate tagging actions over multiple inverted lists. In fact,
we will show that there is no signicant penalty in space
of Cluster-Taggers over Global Upper-Bound Spacecon-
sumption of clustering is explored in Section 5.

As for processingtime, while Cluster-Seekers bene ts
all seelers, Cluster-Taggers does not. Indeed, we nd
that Cluster-Taggers canhinder seelersthat are assaiated
with many tagger clusters and hence many inverted lists.
Still, we show that there is a signi cant percertage of seek-
ers that can benet from Cluster-Taggers and that this
population can be identied in advance Cluster-Taggers
also has advantages for maintenance under updates; while
Cluster-Seekers requires multiple exact score computa-
tions and updates to maintain as new tagging events occur,
Cluster-Taggers requires only a single exact score com-
putation and a single update per tag. This is becausein
Cluster-Taggers , items are not replicated acrossclusters.

5. EXPERIMENTAL EVALUATION

5.1 Implementation

We implement the gNRAand gTAalgorithms in Java on top
of an Oracle 10g relational database. Our experiments are
executed on a MacBook Pro with a 2.16GHz Intel Core 2
Duo CPU and 1GB of RAM, running MacOS X v10.4. The
database sener is running on a 64-bit dual processorintel
Xeon 2.13GHz CPU with 4GB or RAM, running RedHat
Enterprise Linux AS4.

Our schema consists of the following relations:
TaggingActions(itemld,tagger Id,t ag) storesraw tagging
actions.

Link(tag,seekerld,taggerld) encades the Link relation
between seelers and taggers, on a per-tag basis. The net-
work of a seeler is a union of all taggers assciated to it.
InvertedList(tag,clusterld,i temld,ub) stores inverted
lists of items per tag, per cluster. A tree index is built on
(tag;ub) to support ordered access. This table also stores
per-tag inverted lists for Global Upper-Bound
SeekerClusterMap(seekerld,cl usterld, tag) storesthe as-
signmert of seelersto clusters.
TaggerClusterMap(taggerld,cl
sult of clustering Taggers.

Given a seeler u, and a tag t, an SA is implemented as
moving a cursor over the result of the query:

usterld, tag) storesthe re-

Select IL.itemid,
From InvertedList
Where L.seekerld u And Titag = it

And L.taggerld T.taggerld And T.tag = L.tag
And Ttag = ILtag And T.temld = IL.itemlid
Group by IL.itemid, IL.ub

Order by IL.ub descending

IL.ub, count(*) as “‘score"
IL, TaggingAction T, Link L

Appropriate indexes are built on the join columns to en-
sure e cien t access. The role of aggregation in this query
is to compute partial exact scoresof items with respect to
the current \in verted list". An RA, i.e. a calculation of
computeExactScore on a single item i, is given as follows:

Select count(*) as “'score"

From TaggingAction T, Link L

Where L.seekerld= :u And T.tag= :t And T.itemld= :i
And L.taggerld = T.taggerld AndL.tag = T.tag

Both queries are for Global Upper-Bound and are aug-
mented by ajoin with SeekerClusterMap for Cluster-Seekers
and by a join with TaggerClusterMap for Cluster-Taggers .

We usea SQL-basedimplementation for convenienceonly.
The exact dierence in cost between SAs and RAs, and
hencethe overall performance time of the algorithms, may
vary signi cantly from a native implementation of the algo-
rithms using inverted lists. However, we will quantify the
query execution time of all our algorithms via the number of
SAs and RAs. This will thus suce to give a picture of the
relative performance of our algorithms both in comparison
to Exact and to ead other.

We found that, asis the casewith traditional top-k al-
gorithms, the RAs in our implementation are signi can tly
more expensive than SAs. The relativ e cost varies slightly
depending on the tag, but a single RA is about 10 times
more expensive than a single SA.

We useGraclus [3], an e cien t clustering implementation
over undirected weighted graphs Graclus provides two clus-
tering methods. Ratio Asscciation (ASC) maximizes edge
density within ead cluster, while Normalized Cut (NCT)
minimizes the sum of weights on edgesbetween clusters [3].
More formally, given two setsof nodesV; and V;, we denote
by link s(Vi;V;) the sum of edge weights between nodes in
Vi and nodesin V;. We denote by degregV) the sum of
weights on edgesincidenlg on the nodesin V. The objec-
tive of ASC is: maximize [, M<S(1VIL The objective of
n jlink s(Vi;VnV;)j

NCT is: minimize L, —g=emws

5.2 Data and Evaluation Methods

We use del.icio.us datasets for our experimental evalua-
tion. del.icio.us is a collaborativ e tagging site where users
bookmark URLs (to which we refer as items) and option-
ally annotate them with tags. The dataset is very sparse
and follows a long tail distribution [13, 9]: most items are
tagged by only a handful of users, and many tags are only
usedby afew users. We were given one month of data by the
del.icio.us team. In order to reducethe sizeof the dataset for
easier processingby Oracle 10g, a commercial RDBMS, we
removed all items that were tagged by fewer than 10 distinct
users. Additionally , we removed tagging actions that include
uncommon tags: only tags used by at least 4 distinct users
are included in our dataset. This dramatically reduced the
cardinalit y of the group by queriesusedto compute inverted
lists with upper bounds (see Subsection 5.1). The impact
on the run-time results of our top-k algorithms is limited,
since only items that were \unp opular" over all tags and all
userswere removed. As aresult, the dataset was reduced to
27% of its original size, and contains 116,177 distinct users
who tagged 175,691 distinct items using 903 distinct tags,
for a total of 2,322,458tagging actions. For the purp osesof
our evaluation we focus on users who contributed at least



[ tag | jNetj [ avgjNetj(v) j [ max jNetj(v) j |

Software 25545 8 607
Programming | 21853 21 983
Tutorial 16895 23 1068
Reference 24697 34 1098

Table 1: Characteristics  of Network for four tags.

one tagging action to the cleaned dataset.

We choose 4 tags (software, programming, tutorial , and
referenae) from the 20 most popular. Popularity of a tag is
measured by the total number of tagging actions involving
it: the most popular tag has beenusedabout 100,000times,
while the 20th most popular was used about 34,000 times.
We evaluate the performance of our methods over 6 queries
of varying lengths, to which we refer by the rst letters of
ead tag (e.g. SP for software programming). We chosethese
four tags becausethey are thematically related and may be
meaningfully combined in a query.

del.icio.us has an explicit notion of friendship, but users
may have various semartics for it. Since we were interested
in networks that re ect anities in item preference,in our
experiments we usea network derived from the tagging data
via common interest There is a link betweena seeler and a
tagger if they tagged at least two items in common with the
sametag. Table 1 lists the number of usersper tag (jN etj),
as well as the average and maximum cardinalities of Link,
i.e., the size of a seeler's network.

We usethe following sampling methodology to selectusers
for our performance evaluation. For eac tag and for each
seeler we compute the total number of tagging actions that
are relevant to that seeler (i.e., the total number of tagging
actions by all taggerslink ed to the seeler), and rank seelers
on this value. We notice that the top 25% of the seelers
together correspond to 75%-80% of all tagging actions for
the four tags in our experiments. For eat query we identify
three mutually exclusive groups of seelers: Seskers-25 are
in the top 25% of ranks for each query keyword, Seekers-50
are in the top 50% of ranks for ead query keyword, but not
in the top 25%, Seekers-100are the rest. For each query we
draw 10 seelers uniformly at random from ead group, for
a total of 30 seelers per query. This methodology allows us
to capture the variation in performance for dierent types
of seelers: popular tags correspond to many more items for
Seekers-25 than for Seekers-100.

We evaluate the performance of our algorithms with re-
spect to two metrics. Space overhead is quantied by the
number of entries in the inverted lists. Query exeution
time is expressedby the number of sequenial and random
accessegSAs and RAs). The raw number of accessewvaries
signi cantly between seelers even when the query is xed.
Hence, we focus on relative improvement obtained by gNRA
and gTAcompared to Global Upper-Bound Unless other-
wise stated, we report average percert improvemert over
the baselinefor 30 seelers per query, with separate averages
given for Seekers-25 Seekers-50 and Seekers-100 We use
truncated mean, and remove the minimum and maximum
values before computing the average.

5.3 Performanceof Global Upper-Bound

We sstart with somegeneralcommerts about how the num-
ber of SAs and RAs increaseswith k, for both gNRAand gTA
The qualitativ e behavior depends on the characteristics of

Seekers-25 Seekers-50 Seekers-100
query GUB [ Exact | GUB [ Exact | GUB [ Exact
SP 1674 52 12920 134 18036 61
PR 479 13 3923 87 12982 61
TR 1262 14 4813 92 18476 121
SPT 938 78 4107 112 17985 195
SPR 1495 67 8972 194 14976 131
SPTR 907 119 2229 119 10986 189

Table 2: gNRASA) in Global Upper-Bound and Exact.

the seeler's network. Consider the query software program-
ming for 3 selectedusersin Figure 4. For a xed user, gNRA
and gTAexhibit the sametrend in both SAs and RAs. How
the number of accessesncreaseswith k is a function of the
distribution of exact scores. For example, the number of SAs
for gNRAfor seeler u, increasesdramatically for k = 40.
When looking at the distribution of exact scoresfor this
seeler we notice that the items can be classi ed into 3 cat-
egorieswith respect to their score: the rst 36 items score
higher than 3, followed by 60 items with a score of 2. The
remaining 405 items (79%), have a score of 1, and consti-
tute the tail of the distribution for seeler u,. The spike in
accesseccurs when k becomeshigh enough that the long
tail needsto be explored.

Space overhead of Global Upper-Bound is preserted in
Figure 5; comparedto Exact, Global Upper-Boundachieves
savings of over two orders of magnitude. However, asargued
in Section 3, the Global Upper-Bound strategy, while opti-
mal with respect to space overhead, may suer from high
query execution time. Table 2 comparesthe number of SAs
for gNRAunder Global Upper-Boundto the number of SAs
for Exact. We obsere that Global Upper-Bound under-
performs Exact by up to two orders of magnitude, and that
usersin Seekers-100are at a particular disadvantage. gTA
under Global Upper-Bound shows a similar trend.

5.4 Clustering Seelers

We experiment with 3 clustering algorithms: ASC, NCT
(Section 5.1) and a random clustering for reference, RND,
which assignsseelers to random clusters. We cluster over
the common-interest network of seelers: there is an edge
betweentwo nodesu; and u; if these userstagged at least
one item in common. This graph is undirected, and edges
are weighted by the number of items tagged in common.
Space. Figure 5 (left) summarizesthe spaceoverheadof clus-
tering as the cluster budget varies from 10 to 500 clusters.
Global Upper-Bound has lowest overhead, with 74,181 to-
tal inverted list entries, while Exact has 62,973,876entries.
Space overhead of NCT ranges between 533,346 rows for
10 clusters and 4,284,854 rows for 500 clusters; ASC stores
between 472,401 and 6,794,890rows; while RND stores be-
tween 643,994 and 14,543,547rows. ASC and NCT both
achieve an order of magnitude improvemert in space over-
head over Exact. At this stage, we discard RND due to
relatively poor spaceutilization, x the number of clusters
at 200, and contin ue our experiments with ASC (4,448,717
rows) and NCT (2,984,377 rows).

Time. Tables3 and 4 quantify the performance of gNRAand
gTAwith Cluster-Seekers when NCT and ASC are usedfor
clustering. Welist improvemert in the number of sequerial
accesseg# SA) and in the total number of accesseswhich
is simply # SA + # RA. We obsene that both gNRAand
gTAwith Cluster-Seekers signi cantly outperform Global



Figure 4: Performance of gNRAand gTAas K varies.

Figure 5: Space overhead of Cluster-Seekers

Upper-Boundwith both typesof clustering. Consider the av-
erageimprovemert in the total nhumber of accesseschieved
by gNRAWith NCT, gNRAnakes38-72%fewer total accesses
compared to Global Upper-Bound and with ASC the total
number of accesseds improved by 67-87%. We obsere a
similar trend for gTA NCT improves averagetotal accesses
by 42-69%, while ASC improves by 72-83%. Further, we
obsene that ASC outperforms NCT on both sequertial and
total accessesn all casesfor gTA and in all casesexcept one
in gNRAquery TR for Seekers-5Q where NCT is better by
2%. Finally, note that in most cases% improvemert over
Global Upper-Boundis highest for Seekers-10Q followed by
Seekers-50 However, this trend needsto be related to the
ndings in Table 2: for Seekers-100 Global Upper-Bound
performs worst compared to Exact, and so there is signif-
icant room for improvemert. Also note that improvemert
in # SA is similar to improvemert in the total number of
accesses. This is because performance of gNRAis heavily
dominated by sequeriial accesseswhile in gTA # RA is
bounded by # SA (n 1) for a query of length n.

In Section 4.2 we described a variant of NDCG, a cluster-
ing quality metric that is correlated with the run-time per-
formance of our algorithms. NDCG captures the run-time
degradation compared to Exact, and we now demonstrate
the correlation betweenNDCG and run-time performance of
gNRAIn Tables5 and 7 we show that NDCG is predictiv e of
% degradation over Exact for Global Upper-Bound NCT
and ASC, for all groups of usersin our experiments. For
gNRASAs dominate the run time by a large margin so we
use SA to quantify run time in this experiment. Higher val-
uesof NDCG correlate with lower valuesof % degradation in

and Cluster-Taggers .

Seekers-25

NDCG % degr. over Exact
query GUB [ NCT [ AsC GUB [ NCT [ ASC
SP 0.0575 | 0.0841 | 0.2232 | 2594 1128 306
TR 0.1155 | 0.1653 | 0.2602 796 382 180
PR 0.0796 | 0.1215 | 0.1745 | 2034 737 354
SPT 0.0936 | 0.1366 | 0.2963 963 569 123
SPR 0.0737 | 0.1283 | 0.2170 | 1571 626 286
SPTR 0.1098 | 0.1674 | 0.2883 739 362 135

Table 5: Using NDCG to predict run-time

mance of clustering for Seekers-25.

perfor-

# SAscomparedto Exact. Global Upper-Boundhas consis-
tently lower NDCG, leading to poor query-execution times,
while ASC has highest values of NDCG, and best run-time
performance compared to other methods. A similar trend
holds for gTA It alsoholds when the total number of accesses
rather than the number of SAs is usedto measurerun-time.
Recall that NCT outp erformed ASC for Seekers-50for query
TR (seeTable 4). NDCG captures this, assigning the high-
est value to NCT for this query and user sample. NDCG
does mis-predict the relativ e performance of ASC and NCT
in a single case,for the query TR on Seskers-100

We conclude with a scatter-plot (Figure 6) that preserts
the correlation between NDCG and the number of SAs for
Seekers-25 for all clustering methods and all queries.

5.5 Clustering Taggers

We cluster taggers using a variation of the underlying link
relation in our experimental network: there is an edge be-
tweentwo taggersif they tagged at least oneitem in common



NCT (% impro vement over GUB) ASC (% impro vement over GUB)

Seekers-25 Seekers-50 | Seekers-100 | Seekers-25 Seekers-50 | Seekers-100
query SA [ Total [ SA [Total [ SA | Total SA [ Total [ SA [Total [ SA | Total
SP 35 34 76 75 78 77 83 79 85 84 89 89
TR 54 53 78 7 78 80 80 72 76 75 85 84
PR 37 35 75 74 70 70 63 59 82 81 82 82
SPT 31 28 41 38 73 71 74 66 80 76 85 83
SPR 52 46 58 55 73 71 73 67 81 78 89 87
SPTR 40 34 49 45 64 60 68 56 78 70 82 7

[Average | 42 | 38 | 63 [ 61 [ 73] 72 [ 74 ] 67 |8 [ 7/ |8 | 84 |
Table 3: Performance of gNRAover Cluster-Seekers with 200 clusters.
NCT (% impro vement over GUB) ASC (% impro vement over GUB)

Seekers-25 Seekers-50 | Seekers-100 | Seekers-25 Seekers-50 | Seekers-100
query SA [ Tota SA [ Total SA [ Tota SA [ Tota SA [ Tota SA [ Tota
SP 36 34 66 65 73 73 80 80 82 81 87 87
TR 54 54 72 72 76 75 72 72 77 77 82 82
PR 38 37 74 74 68 67 64 64 81 81 79 78
SPT 34 35 46 45 74 73 72 73 81 80 84 84
SPR 53 52 57 56 67 66 74 74 78 77 85 85
SPTR 41 42 50 49 63 61 68 67 77 78 82 81

[Average | 43 | 42 [ 6L ] 60 [ 70 69 [ 72] 72 |79 ] 79 [8] 83 |
Table 4. Performance of gTAover Cluster-Seekers with 200 clusters.

Clus. _Seekers | Clus. Taggers Time. In the best case,given a keyword, all taggers relevant
query | # SA | Total [# SA [ Total to a seeler will residein a single cluster; then, only one in-
'Sr; % % 3471 3471 verted list will be processeda.t query time for that keyyvord.
PR a7 57 57 96 In the worst case,all taggersin the seeler's network will re-
SPT 83 83 97 97 side in separate clusters. For 200 clusters and tag reference,
SPR 36 36 95 95 there are 34 taggers per seeler, on average (T able 1).

SPTR 83 83 96 96 Cluster-Taggers haslow spaceoverhead; here, query ex-
ecution time is the bottleneck. Since we found ASC to per-
Table 6: % impro vement of Cluster-Seekers and form well in terms of time in other contexts (e.g. seeSection

Cluster-Taggers over Global Upper-Bound

Seekers-25:NDCGvs.d egr adatio n over E XACT
8000

7000

6000

5000

4000

dearad ation

3000

%
@
=
o

2000

oo e

1000 oF 7
gk s x
4 T

0 0.1 0.2 03
ND CG

Figure 6: Correlation
tial

between NDCG and #sequen-
accesses for Seekers-25.

with a giventag. Edgesare weighted by the number of items
tagged in common.

Space. Figure 5(right) preserts the spaceoverheadof Cluster-
Taggers on a logarithmic scale. As expected, spaceoverhead
of this method is signi cantly lower than that of Exact and
of Cluster-Seekers . Spaceoverhead of NCT ranges from
115,168 rows for 10 clusters to 167,141 rows for 500 clus-
ters; the overhead of ASC is between 100,922 and 180,881
rows; RND consumes between 160,432 and 259,216 rows.
These numbers are all comparable to the optimal spacecon-
sumption of Global Upper-Bound 74,181 entries, which is
explained by the lack of duplication of entries in the lists.

5.4), we now focus our attention on ASC with 200 clusters.
Even under the most e ectiv e clustering, a seeler may still
be mappedto many clusters. An extreme casein our dataset
is a seeler who mapped to 80 clusters for the two-keyword
query SP (this seeler has323taggers). As aresult, the num-
ber of SAs of gNRAIncreased 26 times compared to Global
Upper-Bound clearly an unacceptable performance. We ob-
served empirically that gNRAwith Cluster-Taggers outper-
forms Global Upper-Bound when at most 3 querylLength
clusters are identi ed for the seeler. Therefore we propose
to use Cluster-Taggers for a subset of the seelers { those
who map to at most 3 queryLength clusters. In our dataset
between46-68%of seelers map to at most 3 clusters per tag.
Table 6 comparesthe run-time performance of Cluster-
Taggers and Cluster-Seekers to Global Upper-Bound We
used ASC with 200 clusters for both Cluster-Taggers and
Cluster-Seekers . We used a di eren t sampling methodol-
ogy for this experiment. For ead query, we identied the
set of seelers who map to at most 3 clusters for each key-
word and sampled 10 seelersuniformly at random from that
set. Cluster-Taggers outp erforms Cluster-Seekers for all
queries in our experiments, and achieves 94-97% improve-
ment over Global Upper-Bound for this classof seelers.

6. RELATED WORK

Top-K Pro cessing: Top-k algorithms aim to reduce the
amount of processingrequired to compute the top-rank ed
answers, and have beenusedin the relational [2], XML [15],
and other settings. The core ideas of these algorithms are
overviewed in [6, 4]. A common assumption is that scores
are pre-computed and usedto maintain dynamic thresholds



Seekers-50 Seekers-100

NDCG % degr. over Exact NDCG % degr. over Exact
query [GUB [ NCT | ASC | GUB [NCT [ASC | GUB [ NCT | ASC | GUB [ NCT [ASC
SP 0.0270 | 0.0735 | 0.1088 | 8605 1893 1229 | 0.0100 | 0.0802 | 0.1080 | 26238 | 5388 2707
TR 0.0435 | 0.1206 | 0.1084 | 3935 728 813 | 0.0176 | 0.0728 | 0.0895 | 31835 | 4198 3609
PR 0.0391 | 0.0894 | 0.1093 | 4268 945 753 | 0.0183 | 0.0933 | 0.0430 | 19179 | 5051 3562
SPT 0.0459 | 0.0766 | 0.1436 | 3221 1735 537 0.0261 | 0.0857 | 0.1023 | 7597 1664 977
SPR 0.0381 | 0.0846 | 0.1319 | 4039 1407 487 | 0.0277 | 0.0833 | 0.1034 | 9293 1927 892
SPTR | 0.0670 | 0.1099 | 0.1847 | 1684 766 154 | 0.0421 | 0.0914 | 0.1236 | 4103 1376 606

Table 7: Using NDCG to predict run-time performance of clustering for Seekers-50 and Seekers-100 .

during query processing,in order to e cien tly prune low-
scoring answers. Even in work where the underlying query
model is distributed [16], or where the aggregation compu-
tation is expensive [10], this assumption of pre-computation
remains in place. In our work, we extend Fagin-style algo-
rithms to processscore upper-bounds { since pre-computed
scoresfor ead individual seeler are too expensive to store
(giventhat they depend on a seeler's network) { and we ex-
plore clustering asa way to re ne upper-bounds and reduce
the size of the inverted lists.

Socially Inuenced Search: Although the potential of
using social ties to improve seard has been recognized for
sometime, this is still subject of ongoing work. Current re-
seard has focusedon judging the impact of various notions
of user anit y and socially-in uenced scoring functions on
seard quality [17, 18, 21, 14]. In contrast, our work devel-
ops indexing and query evaluation methods which apply to
a wide classof scoring functions and networks.

Collab orativ e Tagging Sites: Scocial graphsobey a\p ower-

law" distribution [19]. This applies to online tagging, where
a large number of items are tagged by a handful of usersand
a large fraction of tags are useda small number of times [9,
13]. We believe that improving seard results on tagging
sites is a good step towards encouraging user participation

and reducing data sparsity.

7. CONCLUSION

We preserted network-aware seard, a rst attempt to
incorporate social behavior into searding content in collab-
orativ e tagging sites. These sites presert a unique oppor-
tunit y to accourt for explicit and implicit social ties when
scoring query answers. We de ned a top-k processingmodel
which relies on a family of scoring functions that compute
item popularity among a network of users. We extended
traditional top-k algorithms, and explored clustering users
as a way to achieve a balance between processingtime and
space consumption. Our solution improves on the current
state of the art in seard in collaborativ e tagging sites, but
also reaches beyond social tagging sites, and constitutes a
rst attempt at incorporating a social dimension into web
searhh. One immediate improvemert is the veri cation of
our results on other collaborativ e tagging sites. Another is
to explore alternativ e user clusterings, e.g. a combination
of Cluster-Seekers and Cluster-Taggers .
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