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Abstract

We consider the network structure and query processing lilifi@s of social communities like book-
marks and photo sharing communities such as del.icio.usahr.flA common feature of all these net-
works is that the content is generated by the users and tleat useate social links with other users.
The evolving network naturally resembles a peer-to-pestesy, where the peers correspond to users.
We consider the problem of query routing in such a peer-&x-getting where peers are collaborating
to form a distributed search engine. We have identified thresy routing paradigms: semantic routing
based on query-to-content similarities, social routingséa on friendship links within the community,
and spiritual routing based on user-to-user similaritiels as shared interests or similar behavior. We
discuss how these techniques can be integrated into anngxjster-to-peer search engine and present
a performance study on search-result quality using reatlevdata obtained from the social bookmark
community del.icio.us.

1 Introduction

Peer-to-peer (P2P) information management and searctiigaing for scalability and availability. In addition,
a P2P network would be a natural habitat for exploiting thecial wisdom” of its users. We envision a P2P
system where each user runs a peer computer (e.g., on herBpak, or even cell phone) and shares in-
formation within a large community. Each peer would be afigiiged data management system for the user’s
personal information, scholarly work, or data that the usay harvest (and cache) from Internet sources such as
news, blogs, or specialized Web portals. Each peer woutdhalge a local search engine, which could be very
powerful (e.g., using advanced NLP, machine learning, andlogies), given that it operates on the user’s rela-
tively small-sized information collection on a dedicatennputer, and could be highly customized to the user’s
individual interests and behavior. The Minerva platformealeped in our group [4] follows this paradigm; other
projects along the same lines include, for example, pSdamhAlvis [23], and BestPeers [18].

As a futuristic application scenario consider millions eéts who use their mobile devices to record photos
and videos of all kinds of real-world events ranging fromibass meetings to vacation trips. Such digital-
perception information can be easily annotated with spaadhidevice-generated metadata such as GPS and time
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coordinates. Moreover, all this data could be made acdessiba P2P network instantaneously, for search and
further annotation - so-called “social tagging” - by otheets. For example, thousands of tourists on the Forum
Romanum can immediately share their photos and annotasortbat an uninitiated tourist could immediately
receive explanations about some lesser known remains fnenaminotations of other, more knowledgeable
users. The P2P search and social-networking technologwitiikerlies such a scenario would be embedded in
the application software and be virtually invisible to theleusers.

In such P2P settings, queries would first be executed lgaatithe peer where the query is issued. This
would utilize the locally available information and powdrfpersonalized search capabilities. In some settings,
this may be a local cache of annotated photos or MP3 files;harst it could be a collection of personally
relevant Web pages that have been compiled by thematiaadlyseéd crawling and subscriptions to feeds. If
the local search does not return satisfactory results, ¢lee ghould consider forwarding the query to a small
number of judiciously chosen other peers. This step towentlaborative search is known as theery routing
decision. It should consider both the expected benefits tafiibg better information from other peers and the
communication and execution costs of involving these peéhe literature on P2P information retrieval and
other forms of distributed IR contains many proposals farguouting strategies; see, e.g., [25, 14, 16, 22, 30,
5, 26, 3].

The routing decision is usually driven by various forms ofgomputed (and incrementally maintained)
routing indices, peer-content synopses, or distributegttbries, which in turn can influence the topology of the
P2P overlay network leading to so-called semantic overéaworks (SONs) [11, 31, 2, 21, 12, 1].

In the current paper, we do not make any assumptions abaunfrastructure or the overlay topology, and
rather assume that the query routing decision has all teengtion about other peers that it needs and chooses
peers solely by benefit/cost considerations. We will diardghe cost aspects for this paper and focus on the
much less explored benefit issues.

We investigate three broad families of strategies:

e Semantic query routingrhe peers to which a query is forwarded are chosen basecanritent similar-
ity between the query and the data held by the candidate targest f@we the corresponding peer synopses).

e Social query routing The target peers are chosen basedarial relationshipdike the explicitly listed
friends of the query initiator or peers that belong to thesaxplicit groups.

e Spiritual query routing The target peers are chosen basedemavioral affinitysuch as high overlap in
tag usage, bookmarked pages, or commenting and ratingtactitais aims to capture “brothers in spirit”,
hence the name.

We refer to the first family as “semantic” as the content corigpa could take into account metadata (e.qg.,
schema mappings), ontology-based similarities, and @bpects that go beyond purely syntactic or statistical
measures. For simplicity, the current paper considers kbeyyvord queries (referring to text terms or user-
provided tags) and consequently uses simple measures-efyly statistical similarity, but the approach could
be enriched and generalized. The second and the third agipaoa closely related and could be easily confused.
We refer to “social search” when explicit friendship or atecial-networking relations are used, and we refer
to “spiritual search” when considering users’ tagging, boarking, rating, and other behaviors.

This paper discusses how these three approaches can ben U2 query routing, and how effective they
are for delivering high-quality results. As we consider\weyd queries, we will use IR quality measures like
precision and recall. We also present hybrid strategigsctirabine elements from both semantic and social or
semantic and spiritual search. The rest of the paper is meghias follows. Section 2 briefly reviews the state
of the art on P2P information search and its relation to $o&avorks. Section 3 presents the Minerva system
architecture, which is our testbed and serves as a repatisendf the general architectures to which our work
applies. Section 4 introduces our query routing strateigigaore detail. Section 5 presents an experimental
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comparison of different strategies, using data extragtau the popular social-tagging sitiel.icio.us Section
6 points out lessons learned and future work.

2 Reated Work

One of the fundamental functionalities that a P2P inforomasystem must provide is to identify the most
“appropriate” peers for a particular query, i.e., thoserpdieat are expected to locally hold high-quality results
for the query. This task is commonly referred to as queryingutsometimes also as resource or collection
selection. We stress that query routing is more challentiiag it may appear at first sight: the set of peers to be
contacted is not simply the set of all peers that store ratevalex data. Such a set could contain a very large
number of peers and contacting all of them would be prokiitiVhile there exist a number of approaches for
query routing in the literature on distributed IR — e.g., AQ®, GIOSS [16], and methods based on statistical
language models [34] — these were typically designed foahlstand rather small set of collections (e.g., in
the context of metasearch engines). These techniquedyasslime that the document collections are disjoint,
which is a rather unrealistic assumption in P2P systemsewvtier peers are compiling their content (e.g., by
crawling the Web) at their discretion. In [5, 27] we have wegd the usage of overlap aware query routing
strategies. The proposed methods use compact data syrsygbeas Bloom filters or hash sketches to estimate
the mutual overlap between peers to avoid querying peetpibaide basically the same information, which
would waste both processing power and network resources.

The statistical summaries describing a peer are usualgnagd on a per-term basis, indicating the expected
result quality of a peer’s collection for a given term. Thisitation is considered unavoidable, as statistics on all
term pairs would incur a quadratic explosion, leading toesabh with the goal of scalability. On the other hand,
completely disregarding correlations among terms is a majpediment: for example, consider the following
extreme scenario. Assume pegrcontains a large number of data items for each of the two termsd b
separately, but none that contains batland b together. Judging only by per-term statistics, statelefdrt
query routing approaches would reach the conclusion ghas a good candidate peer for the qudry, b},
whereas the actual result set would be empty. In [26, 6], vesgnt a routing method that uses multi-key
statistics to improve the query routing performance. Wepgpse the usage of a distributed query-log analysis
to discover frequently co-occurring keys (terms) that amedtdates for being considered as additional keys in
the distributed directory. To decrease the directory l@aglintroduce a pruning technique to avoid considering
unnecessary key-sets.

Social networks have recently emerged in P2P systems tessldeveral issues such as improving content
discovery [13, 8, 19], reducing latency and speeding up dlmeds [32, 38, 35], and designing trust models
[24, 17]. In the following, we briefly present some approactmvards P2P search.

Pouwelse et al. [32] propose Tribler, a social-based P2Rayven top of BitTorrent. It connects peers based
on their similar “tastes” instead of considering similaesil Thus, peers exploit their social links and invoke the
help of their friends to improve content discovery and daadl cost. Similarly, Fast et al. [13] propose using
user interests to build social groups in a P2P network. Ugeeng the same type of files are connected to each
other even though their contents do not overlap. The maihajdhis approach is to capture important aspects
of download behavior by connecting peers to the potent@tigers of their required files.

Other social P2P networks are based on peer request trageerAises request relationships to other peers
to construct social links to them. Sripanidkulchai et ab][Bnplement a performance enhancement layer on top
of the flooding-based content location mechanism of Grautélach peer creates and maintains its shortcuts list
based on its request trace. Shortcuts are ranked accodasugte metrics such as the probability of providing
relevant content, latency of the path to the shortcut, alghal path bandwidth, shortcut load, etc. The work
presented by Tempich et al. [38] considers query tracesdatera human social network. It defines a query
routing strategy in which peers observe which queries areessfully answered by other peers and remember
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Figure 1: Metadata Dissemination, Query Routing, and Q&sm®cution in Minerva.

these peers in future query routing decisions.

Borch et al. [8] present a social P2P search infrastructurielwgroups peers based on the similarity of
their keyword searches. The authors describe differeniicapipn scenarios including distributed bookmark
sharing in which users create bookmarks, describe theng tesys, and share them with friends and colleagues.
The basic idea is to send queries to peers likely to havedaistiag resources. Khambatti et al. [19] introduce
the notion of peer communities that consist of active paemsived in sharing, communicating, and promoting
common interests. These communities are self-organizgmguistributed formation and discovery algorithms.

3 Minerva

We have developed a P2P Web search engine coined Minereaseel as open source and available under
http://www.minerva-project.otg We envision a network of peers, each with a local index andcal lquery
processor, that are crawling the Web independently, fomgika, to harvest blogs or scientific publications
according to the user’s thematic profile. Minerva maintansietadata directory that is layered on top of a
distributed hash table (DHT) [36, 33]. It holds very compagjgregated summaries of the peers’ local indexes
and only to the extent that the individual peers are willingdisclose. A query initiator selects a few most
promising peers based on their published per-term sums)axig., by executing a distributed tépalgorithm

like [10, 28]. Subsequently, it forwards the complete querthe selected peers which execute the query locally.
This query execution does not involve a distributed toguery execution since each peer maintains a full-
fledged local index with all information necessary to exedtie query locally. Finally, the results from the
various peers are combined at the querying peer into a siegist list.

Figure 1 illustrates the Minerva approach. First, every pablishes per-term summarig2ost3 of its local
index to the directory. The DHT (and its replication meclkam)i determines the peer(s) currently responsible
for this term. This peer (or these peers in the case of réitamaintains a&eerListof all postings for this
term from across the network. Posts contain contact infoomabout the peer who posted a summary together
with statistics to calculate IR-style measures for a term. {¢he size of the inverted list for the term, the average
score for the term’s inverted list entries, or other staidtmeasures). These statistics are used to support the
query routing decision, i.e., determining the most pronggeers for a query.

Minerva facilitates easy integration of new query routitgtggies, like the ones proposed in this paper. For
instance, users’ bookmarks can be crawled and indexed,handt¢rms can then be posted to the distributed
metadata directory. Similarly, tags used to describe tlokinarks can be stored in the directory. This supports
semantic query routing. For the social and spiritual quenting, the Minerva framework can be extended by
keeping, at each peer, a list of peers that are related dighgocial relationship or behavioral affinity. Note that



these lists tend to be very small, relative to the size of #ievark; so the approach scales up well.

In the spirit of social tagging communities, users can miyaad arbitrary attribute-value annotations by
a single mouse click. For example, users might rate Web pagbbgs with annotations such aating=5.
Additional annotations may be automatically generatechftbe content, such asuthor=weikumor confer-
ence=ICDE These annotations are also indexed and become part ofrdwtaty; so users can explicitly query
for documents withrating=5 and also combine such conditions with query keywords.

4 Query Routing in Social P2P Networks

4.1 Semantic Query Routing

The peers to which a query is forwarded are chosen based @omibent similaritybetween the query and the
data held by the candidate target peers (or the corresppmaiar synopses). The query is represented by its
keywords -termsin IR jargon —; the data of a peer can be represented by itsterrits tags or a combination
of both. With each term and each tag we can also associate p@oemputed frequency statistics, e.g., how
often a term or tag has been used by a given peer and how oftausitd in the overall P2P network. Following
query-routing terminology, we refer to the total frequenfyag or term¢ at peerp; as thedocument frequency
df;(t); this is the number of bookmarked pagegjis collection that contain or are tagged with term/tag
Semantic query routing estimates the benefit for differantiadlates based on the sum of document frequen-
cies for the query terms (as determined by the best entoestiie term- or tag-specific directory entries fetched
via DHT lookups), and chooses the highest-ranked peersdingdo this measure. Alternatively, one could also
employ more sophisticated methods such as CORI [9] that irsaddition to the document frequency, several
dampening and smoothing techniques partially based onatirennof collection frequencies, i.e., the number of
peers that have bookmarked pages that contains a partieutar

4.2 Social Query Routing

The target peers are chosen basedacial relationships We assume that there is an explitiendsrelation
among peers, and we choose target peers for forwarding & ipsered at peep; to be the “best” friends of
p;, provided the degree of friendships are quantified (e.gedb@n the frequency of interactions between peers
in the recent past). If there is no quantitative measurerfendiship strength, then we simply choose a random
subset of friends when we want to limit the number of targetrgeor all friends when there is no limit.

4.3 Spiritual Query Routing

The target peers are chosen basedenavioral affinitysuch as high overlap in tag usage, bookmarked pages
[7], or commenting and rating activity. We could use an infation-theoretic measure, the Kullback-Leibler
divergence (relative entropy) [20], on the tag frequencstriiutions of a peer’'s bookmarked pages (possibly
combined with rating information), and would quantify thm#arity for each pair of peers. We can then use
such a similarity measure to cluster peers that are sglsitanse to each other. A simpler approach with the
same intention considers the overlap in the bookmarkedspageng peers. This can be efficiently computed in
a P2P environment using distributed algorithms on compauipses like Bloom filters [5, 27]. Spiritual query
routing for a query initiated at pegf then chooses the peesgwith the highest estimatesberiap(p;, p;).

4.4 Hybrid Strategies

All the aforementioned routing strategies can be combiméa fiybrid methods. Here we outline only some
straightforward approaches and leave more sophisticatetbioations for future work. The goal of peer selec-
tion is to identify the topk peers for a particular query. A hybrid approach would selegteers with strategy
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S; so that) ", k; = k. The choice of the singlg; values is a nontrivial problem (cf. [29]). A simple approach
would, for example, usg; = ks, ... and a round-robin selection.

Combining the social routing strategy with a spiritual ingtstrategy would, for instance, decrease the risk
of obtaining mediocre results when the query does not fit Wighfriends’ thematic interests in a purely social
routing strategy.

45 Orthogonal |ssues

Besides the aforementioned query routing concepts thatafimd promising peers for a particular information
need, an overlap-aware technique [5, 27] can be employdihrtmate redundancy in the query evaluation. For
instance, it does not make sense to query both peers A and & ikmown that both have (almost) the same
information or A's collection is a subset of B’s collection.

5 Experiments

5.1 Data Collection

We have crawled parts of del.icioluith a total of13, 515 users4, 582, 773 bookmarks, and52, 306 friend-
ship connections. In addition, we have actually crawled iadéxed the actual HTML pages where the book-
marks point to, giving us the possibility to execute botimtdrased and tag-based queries.

Each peer in our experiments corresponds to exactly one Tiserocal collection of a peer consists of the
bookmarked pages, including their actual contents, andsbeprovided tags for each page.

5.2 Queries

For the workload we needed realistic queries and their &gsmt with specific users. Query logs with this kind
of information are not publicly available. Therefore, wengeated queries based on the users’ tags in a way that
the queries reflect the user interests. For a particulanuseonsider those tags that frequently co-occur for the
same bookmarks.

More precisely, to generate the benchmark queries, wediestified the tog users in terms of bookmark-
set cardinalities. Then we considered those tag pairs taeg used together at leastimes and not more than
1) times by the selected users. The first constraint is needelihinate rare tag pairs. The second constraint is
used to eliminate tag pairs that have a stopword characterodr experiments we choge= 5, ( = 200, and

1 = 900. Using this technique we identified 24 queries with two taggh as “music media”, “web design”,
“mac apple”, and “tech reference”.

5.3 Quality Measures

There are no standard queries and no relevance assessnalaisia for the pages bookmarked in del.icio.us.
We consider two different approaches for defining some natig‘ground truth”. a hypothesized ideal search
result to which our strategies can be compared.

(i) As a first approach, we use pages bookmarked by the quergtamitas ground truth. Consider a multi-
keyword queryQ = q1,¢2, ..., ¢m. The query initiator retrieves the tdppages from each of the peers
selected during the query routing phase. Then, to estirhatguality of the retrieved pages, the initiator
compares the obtained results with the pages she has bdadremd tagged with tags, ¢, ..., ¢n. The
rationale behind this evaluation is that the fact that a bhesrbookmarked a page can be interpreted as
relevance judgment.

http://del.icio.us



(74) As an alternative approach, which is independent of theyqumtiator, we consider all pages that are
bookmarked in the system and tagged (by some user) withealjtlery keywords as relevant. The goal
for the query execution then is to maximize the number oflte$tom this pool of relevant pages.

For the first approach, the “relevance judgments” highlyesiepon the query initiator. Thus, we have to
select as query initiators “power users” with a sufficieiligge number of bookmarks. We first select a query
by choosing a frequent tag pair. Then we rank peers that haeast50 friends according to the number of
bookmarks that are tagged with the chosen pair. For eacly guer, keyword pair) we consider the tépeers
as query initiators, i.e., we execute the same query fivestitmgemove the influence of an accidentally bad
choice for one of the initiators.

The second approach allows for relevance assessment thdésendent of the query initiator, whereas the
first approach depends on the choice of the query initiatowever, the social and the spiritual routing strategies
depend on the query initiator anyway, as, for instance, k&g a query related to pop music on a peer that is
primarily interested in soccer would not return good reshit design.

Once a peer receives an incoming query request, it exetaeguery locally and returrall bookmarked
pages that aréaggedwith the keywords in the query. In a real-world system one ldidty to return only
the top4 results by some meaningful ranking. However, as we deal petisonalized search here, it is not
straightforward to apply a standard scoring model. Theegfwe let peers return all bookmarked pages that
match the query.

The same situation occurs when we merge the result listedby the queried peers: as there is no widely
agreed merging strategy, we assess the quality of the ufhitwe oeturned results.

54 Strategiesunder Comparison

For multi-keyword queries of the for@ = {t1,..,t,,} we evaluate the retrieval quality, measured by recall
(relative to the ground truth explained in the previous saben), of the following strategies:

e Semantic Routing based on Tags. We rank peers according to the sum of document frequenagesthe
score of a peep; is given by}, dfi(t) wheredf;(t) is the number of bookmarks in pegfs collection
that are tagged with, cf. Section 4.1.

e Semantic Routing based on Terms. We rank peers according to the sum of document frequencies,
similar to the tag based semantic routing, but here we cengiims instead of tags.

e Social Routing: We let the query initiator send the query to the top friendeseltthe friends are ranked
according to the number of bookmarks they have.

e Spiritual Routing: For spiritual closeness we consider the overlap in the baoks

e Hybrid between Semantic and Spiritual Routing: This hybrid strategy combines the routing results
(peer rankings) obtained from the semantic and spiritualimg strategies in a round-robin manner, ig-
noring duplicates.

e Hybrid between Semantic and Social Routing: This is a combination of the semantic and the social
routing results using a round-robin selection processrigg duplicates.

e Hybrid between Spiritual and Social Routing: This is a combination of the spiritual and the social
routing results using a round-robin selection processrigg duplicates.



5.5 Experimental Results

Figure 2 shows the average recall for the benchmark withqueries (24 distinct queries, each issued by 5
different peers) when considering the query initiatorslkmarks as the ground truth. The semantic routing
strategy is the clear winner. The spiritual routing stratpgrforms reasonably well but cannot reach the per-
formance of the semantic routing strategy. For instancernwasking 10 peers, the semantic routing strategy
achieves a recall of nearli% whereas the spiritual strategy achieves approximaitlyrecall. The social
routing strategy performs worse than all other strated@sesprisingly, the term-based semantic routing strategy
performs poorly. This is probably due to the particular nawf the queries that have been created based on the
most popular tags as many tags are not “appropriate” searsist Examples are “Task Organizing” tags [15]
like “toread” or “jobsearch”. [15] gives a nice overview dretdifferent functions that tags can have.

The relative order of the hybrid strategies follows thathaf pure strategies: the semantic-spiritual strategy
is the best hybrid strategy, followed by the semantic-da&trategy, and the spiritual-social strategy performs
worst but still better than the purely social strategy.

Figure 3 shows similar results for the second choice of giduwth with bookmarked pages that are tagged
with the query words as relevant. The results confirmed oudlirfigs from the first experiment; so no further
discussion is needed here.
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Figure 2. Average Recall: considering the query ini-Figure 3: Average Recall: considering all
tiator's bookmarks that match the query tags as relebookmarks that match the query tags as rele-
vant. vant.

6 LessonsLearned and Future Work

Our experiments have shown that the semantic routing gtestéhat use per-tag peer summaries are superior to
all other strategies. The social routing strategy perfarwery poorly in our experiments, and it is disappointing
to see that it provided hardly any relevant results.

To understand this poor performance we have analyzed thterdooverlap among peers that are related
by friendship connections. For each user, we have calcllgie overlap between her bookmarks and the
bookmarks from her friends. It turned out that the overlapugprisingly small: considering only users that
have at least one friend, the mean value is about 7%, i.¢.ohthle peers share less than 7% of their bookmarks
with their neighbors. The minimum overlap observed was 0d3he first and third quartiles were 2.8% and
14.5%, respectively. Theses low numbers partially explarbad performance of the social routing strategy. In
our experiments, for half of the users, a recall of at most Mald/be obtained if we had asked all their friends.
Since we limited the number of friends queried to 10, theiobthrecall was even lower.
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We believe that this phenomenon is due to the particularausddhe friend relationships in del.icio.us.

It seems that users establish a new friendship connectian e bookmarks tagged by the new friend are
considered as interesting, and then the user does not gar®esnabout tagging the same pages. This interesting
feature of such networks may need further exploration.

Note that the social routing strategy does not require aogajlinformation like the semantic strategy and
the spiritual strategy. The semantic strategy needs algiadyaping from tags (or terms) to per-peer summaries
that cause some maintenance cost (to update the DHT-basetbdy). The spiritual routing strategy requires
continuous peer meetings to learn about thematically gheses, although these information exchanges could
probably be piggybacked on messages that are sent anywaghalt bf user queries.

Our intention in this paper was to outline our framework femantic, social, and spiritual query routing,
identify technical issues, and shed some light into the dxymantal behavior of these P2P routing strategies
within social networks. Our findings clearly dampen the mjim about social networks being able to boost
search result quality in a P2P network. More traditionaltentzoriented strategies were found to be way supe-
rior. However, our observations and insights are clearglipinary at this point, and should stimulate further
research in this area.
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