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ABSTRACT be automatically inferred (e.g., by analyzing co-authorship rela-
tions), and thus the corresponding network topology can be built
with little or no manual effort at all. Second, this model also im-
plies a preferential attachment between peers with similar preoc-
providing an implicit personalization to the output results set. Ex- cupﬁtlons.’ Th's_ V;’qiy' :}he (rjesoques Qf mte_rest afr_e(;;s;lally St‘?reﬁ in
isting work in social networks investigating co-authorship relations €3¢ pﬁers Ql_e'g 1oor O?] » Making it ea5|ehr th ind them. !;_lna Y
has shown that scientific collaboration networks are scale-free. At s!ncet e publication Is the main item soug tfor na sqlentl Ic en-
the same time, P2P systems based on synthesized small-world net!ronment, we can base query evaluation on existing information
works have emerged, with a positive impact on search efficiency. retrieval approaches for keyyvo_rd search (such as TFxIDF or LS)
We propose to use existing social collaboration graphs as founda—and gﬁ_t relevant papers by. visting only Ia small numrl]ner of peers. h
tion for the P2P topology instead of creating purely technological Ir: . 'Sh pe_lp[:ar, we_lnfvestlg_ate se\{g_ra Pgi_seﬁrc st_raluegles that
topologies. To get an insight into the relationship between scientific exp oit the Inherent n ormation residing within t € social connec-
collaboration and co-authorship, we compared both for an existing 10nS between peers in order to enhance both retrieval quality and
collaboration network. Based on this analysis, we then genera,[edeffl_uency. Totest t_hese strategies, we need a true model of collat_)o-
a large P2P collaboration network derived from co-authorship data "2tion refations which are not completely covered by co-authorship
collections as basis for our experiments. The most prevalent searcl{e'_at'ons' Therefore, we star_t by analyzing (_:oIIaboratlons_ In an ex-
type in the scientific context is keyword search for relevant publi- Isting research group, including those that did not lead to joint peer-

cations. We investigate different search strategies suitable in that"€Vi€wed publications. This analysis is presented in Section 2. We
context and show our initial experimental results. apply the characteristics identified in this analysis to the generation

of a large simulated collaboration network, and use this as basis
for our search experiments. Section 3 discusses possible search
1. INTRODUCTION strategies and Section 4 presents the outcome of our evaluation.
P2P networks are powerful distributed infrastructures capable of Section 5 discusses related work on social and on P2P networks.
handling enormous amounts of resources while maintaining an or- Finally, we conclude and discuss further work in Section 6.
ganized and balanced structure. Yet the more data and peers avail-
able, the more efficient algorithms will be needed to accomplish 2. COLLABORATION NETWORKS
this task. On the other hand, systems (re-)producing social net-

works have emerged as a very effective way to find persons with As our research is focused on scientific collaboration networks
related activities, interests, etc. For example, networks like ®rkut in which peers share scientific articles, understanding the structure

or Friendstét currently already cover several millions of users or- and properties of these networks is very important for developing
ganized in linked subcommunities. a realistic model of the P2P infrastructure, as well as for designing
Can we increase search efficiency and results quality by bringing ef'ﬂ_ment search mechanisms to sefve It When. modeling collabo-
these two areas together? We claim that the answer is positive, es!ation nétworks, we face the following problem: on the one hand,
pecially when dealing with a scientific environment (i.e., in which co-authorship alone is a rather narrow definition for collaboration,
authors are writing and searching for articles). First of all, in such SiNce within research groups people often cooperate without pub-

an environment a significant part of existing social connections can /ISNing @ paper together, for instance for writing internal technical
papers or seminar presentations that are never published. In addi-

Laww.orkut.com tion, co-authorship relations can be crawled only for articles sub-
2w friendster.com mitted to conferences, workshops and journals that are indexed by
the digital libraries currently available (CiteSeer, DBLP, ACM, e-
Print Archive, ...). On the other hand, we strive to construct the
collaboration network automatically from available data, and that is
Permission to make digital or hard copies of all or part of this work for co-authorshlnp Inf_ormatlon. In this section we dls_cuss our analysis
personal or classroom use is granted without fee provided that copies areOf collaborations in our research group and describe how the results
not made or distributed for profit or commercial advantage and that copies can be used to extend a co-authorship network in such a way that it

bear this notice and the full citation on the first page. To copy otherwise, to approximates the (more connected) collaboration network.
republish, to post on servers or to redistribute to lists, requires prior specific

permission and/or a fee. 2.1 Co-authorship Networks

P2P-IR2005 Bremen, Germany . . .
Copyright 200X ACM X-XXXXX-XX-X/XX/XX ... $5.00. Exploiting statistical features of the graph structure for designing

Can we improve P2P search by looking into our social network? In
this paper, we argue that P2P networks built upon specific commu-
nities (e.g., scientific social networks) could achieve such a goal, by
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efficient network search algorithms has been successfully used not  ,
only in the context of the web (see for example [6], or [12]), but
also for guided search in P2P networks (see [2], or [1]).

Considering the specifics of the scenario that motivates our re- 81
search, co-authoship networks are the ideal starting point for the
development of our network model. Co-authorship networks of-
fer the largest database to date on social networks and have been
the subject of intensive research for understanding the topological @
and dynamical laws governing complex networks. In [19] and [4], ar
co-authorship graphs for scientists in a variety of fields (computer
science, physics, biomedical research, mathematics, neuro-science)
are analyzed. All the graphs showed a scale-free character, where
the node degree distribution follows a power-law with an exponen-
tial cutoff: ol . . . . .
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[No. of coauthors / 10]

P(.’L‘) — cx x_T % e_x/zc (1) Coauthorship size
T andz. are constants specific to the field of research; for com- Figure 1: Co-authorship links distribution for the L3S research
puter science the values are= 1.2, z. = 10.7. group
Two other properties making co-authorship networks suitable for
our model are the presence of a giant strongly connected com- ]
ponent (more than 80% of the nodes are interconnected to eachSolute value of the power law exponent, which stands for the fact
other by paths of intermediate co-authors), and the occurrence ofthatthe med_lum connected nodes get3|gn|f|car_1tly more links, while
the preferential attachement phenomena, in which nodes link with the degree increase for the two extremes (highly connected and
higher probability to those nodes that already have a large numberWeakly connected nodes) is relatively small.

of links [4]. Another parameter we have analyzed was the correlation be-
tween the number of collaboration links of each peer and the num-
2.2 Small Collaboration Network Model ber of articles she stores on the desktop. Even though there are

reasons to believe that peers with many collaborations store many
resources as well, by computing the Pearson correlation we found
that there is no real association between the two variables:

Identifying a generic model for scientifiollaborationis a dif-
ficult, if not impossible task, because we can only collect the social
relations by specifically requesting them from each petsbhere-
fore, we chose to address this task differently: We built a model

of the collaboration network of our group, and then validated this Y XY — X2 XNZ Y
model by manually examining the connections within the EPFL 7(X,Y) = — w5 0.1058
LSIR group. \/(Z X2 — %) (NYz— %)

L3S Collaboration Model: We consider that two people collab- (2)

orate if they are either co-authors on at least one paper (published Wwhere variableX stands for the number of collaboration links
or not) or if they weekly exchange articles and scientific references. and variableY” stands for the number of resources. By looking at
We have performed an experiment within the L3S research group, the data, we have noticed two types of user behavior: some peers
on 19 people that included professors, Ph.D. students and underdilter the articles thoroughly and store only the relevant ones, and
graduate students, and examined how our definition of collabora- some others, rather poorly connected, store a large quantity of ar-
tion affects the co-authorship model. ticles, downloading whole conference proceedings. Locating the
We have used the DBLP Computer Science bibliography databaséatter category is a challenge for the search strategies and a chance
to look for the number of co-authors of each test subject and then to improve search performance as we discuss in Section 3.
we asked each of them for an estimation of their number of collabo- .
rators according to our definition. We have also asked them for the 2.3 Large Collaboration Network Model
number of scientific papers they store. The results show that the fre-  Correlating the results of our analysis of the L3S group with the
quency distribution of the number of co-authors follows a power- co-authorship networks properties, we argue that extending a ba-
law distribution with an exponential cutoff (= cxz 12 xe~*/10) sic co-authorship graph with links such that the degree distribution
(as depicted in Figure 1). The power-law coefficient and the cutoff follows a power law with a smaller absolute coefficient is a valid
are similar to the results found in literature for computer science model for our target network. Since P2P networks are completely
co-authorship grapfs connected, we consider only the largest connected component of
The distribution of collaboration links (Figure 2) also follows the co-authorship graph as the starting point for the model and then
a power-law distribution with an exponential cutoff, but with a use preferential attachment for adding collaboration links.
smaller coefficientf = 0.9). Basically, the effect of the more We model preferential attachment by considering the edge clus-
comprehensive definition for collaboration is a decrease in the ab- tering coefficient [20]. The edge-clustering coefficient stands for
the number of triangles to which a given edge belongs); di-
®0One could in fact imagine some (semi-)automatic schemes thatvided by the number of triangles that might potentially include it,
crawl home pages, such as CiteSeer, but these are also error prongjiven the degrees of the adjacent nodes. More formally, for the

*Because of the small number of test subjects frequency was COM-edge-connecting node i (with degrég to node j (with degreé,),
puted for intervals of values of size 10. the edge-clustering coefficient is:

®Using the DBLP co-authorship information, we have also ana- '

lyzed the EPFL LSIR group and found that it follows the same zij +1

frequencies distribution as the L3S group. min[(d; — 1), (dj — 1)]

Cij =
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10 — . . . . . . . the query to them, again splitting the value of the TTL according

to the number of peers she forwards the query to. If a peer receives
a query she has answered before, she joins the query information
with the old value stored locally (i.e., she updates the local infor-
mation about the source peer ID, as well as the path followed by the
query) and then further forward the query. If a peer who receives a
query has no unvisited neighbor to forward it, she returns the query
to the peer she has received it from. Finally, if the TTL value for

a received query has reached zero, the query is not forwarded any-

Size

0 1 1 1

more.

We present the formalized version of our algorithm in pseudo

code.

0 2 4 6 8
[No. of collaborators / 10]

Algorithm 3.1. Generic Search Algorithm for P2P Social Networks.

Collaboration size

Figure 2: Collaboration links distribution for the L3S research
group

For an edge that is not present in the network, this coefficient can
be seen as a measure of the effect produced by adding it. The value
one is added to the numerator to avoid the degenerate effect caused
by zero values for the coefficient. This way, we can add new collab-
oration edges to the network according to a probability proportional
to the clustering coefficient of each edge.

3. EXPLOITING COLLABORATION LINKS
FOR P2P SEARCH

By their nature, social networks induce an unstructured topol-
ogy: A peer is connected to its acquaintances, and all members
have equal rights in the community. This model corresponds to the
“pure” Peer-to-Peer network architecture. Even though several im-
provements are possible, we focus on this basic model for the scope
of this paper, investigating the options for exploiting the implicit
information captured by the social network topology. We will first
present a generic framework for searching unstructured P2P net-
works, and proceed with an analysis of various search strategies,
utilizing three different types of information: connectivity, reputa-
tion, and peer similarity.

3.1 A Generic Search Framework

We consider unique identification schemes for both peers and
queries. Upon issuing a query, a peewill attach to the query
its own ID (or IP address) and a TTL value (equal to the number
of peers to visit). It will then send the query to tfé most rele-
vant neighbors, following some selection strategy, in this process
dividing the TTL value byK.

When a peer receives a queryriwill verify if she has already

1:

2:

Basic Data Structures:
class Peer:
id:int;
index: Documentindex;
neighbors: int[];
queriesMap: Map;
Class Query:
id: int;
query: Keyword[];
ttl:int;
visitedPeers:int[];
lastVisited:int;
source:int;

Query processing and forwarding:
2.1 forwardQuery(Peep, Queryq) :
selected Peers = selectKMostRelevantPeersg,k);
expandSize = selectedPeers.size();
setLastVisitedq,p);
if (expandSize > 0)
splitTTL(q, expandSize);
for eachr in selected Peers do receiveQuery(,q);
else
querySource = get neighbor who submitted the query;
receiveQueryfuerySource, q);
2.2 receiveQuery(Peer, Queryq):
if (not visited(r,q))
addVisited(,q);
addSourceNeighbouy(r.queries M ap);
decreaseTTLly);
retrieveLocalResults(q);
sendLocalResults(q);
if (moreHopsEXxists{))
forwardQueryt,q);
else
if (moreHopsEXxists{))
joinedQuery = joinQueryEntriest,q);
updateLocalMapf,q,joinedQuery);
forwardQueryt,joinedQuery);
2.3 initiateSearch(Peemitial, Queryq):
setSourcefitial,q);
setlnitial TTL(g);
setLastVisitedq,initial);
addVisited¢nitial,q);
forwardQuery{nitial,q);

answered this query. If not, she will start by adding her own ID to
the query, then decrease the TTL and locally save the information

about the peer from which she received the query. Furthermore,
she will check her local index for matches to the query and return
the result set to the originating péefThen she will select thé&

most relevant neighbors that have not yet been visited and forward

6An open issue is how to provide peers with reasonable IDF val-

collect document frequencies from their neighborhood and
let query issuers ask these peers for the required values;

e use a gossiping approach to gather document frequencies
within each highly connected graph component;

e collect and replicate frequency statistics during the query and
response distribution.

ues. A naive approach would be to compute IDFs based on the Each of these approaches has its own advantages and challenges,
local document collection only, and use these as basis for scoring.and we have to investigate which one yields the most accurate es-
However, this leads to biased scores depending on each peers’ doctimations, possibly under the least computational effort. For the
uments. Therefore, we must provide all peers with the same IDF simulations we provide the peers 'magically’ with correct global
values. We see several options to gather this information: IDF values. Note that the issue of collection-wide information and

e let some specific peers, e.g., the most highly connected ones,the query distribution strategy are independent choices.



3.2 Peer Selection Strategies

Selecting the most relevant peers for query forwarding is a chal- X NY|
lenging task and involve several questions. First of all and most Card(P1, P2) = xXuy]| (4)
important, what is relevant? We discuss the relevancy metrics we ) o .
have implemented in the following subsections, and propose some _Relative Similarity. Letx andy be the above mentioned vectors
additional ones in the discussion at the end of Section 4. Second,f scientific articles.
to how many peers should we send the query to achieve optimal

results? We investigate this issue empirically in the next section. Relative(Py, Py) = >|(X|Z (5)

3.2.1 Connectivity-based Selection

The algorithm presented in [2] makes use of the skewed de-
gree distribution of most P2P networks to find the desired results
quickly. In their approach the queries are sent only to the best con-
nected neighborK = 1), while in our search framework we also
experiment with different values d and empirically show that
K = 3is optimal. We set the connectivity based selection strate-
gies as a performance baseline for our investigations.

We think that an asymmetric measure of similarity is more suit-
able for query forwarding decisions than a symmetric one, since it
allows more sensitive decisions. For instance, if pgehas only
a subset of the article set of peBr, then P, will be very inter-
ested in sending queries &, while P; should not send queries to
P,. We model this scenario by a variation of tRelative( P, P2)
measure, and define tiRelative similarity ratio

3.2.2 Reputqtlon-based Se.lectlon . RelativeRatio(Py, Py) = (x ) - (MQ) ©)

We have shown in [7] that the previous approach could be slightly ||
improved by selecting th& mostreputableneighbors, rather than Similarity based decisions for query forwarding focus search in
the most connected ones. The reputation measure could be anysye community of interest of each peer. Our study gives an em-
thing from EigenTrust [11] to Distributed Personalized PageRank irjca| evaluation of this strategy, and analyzes the effect of using
[7] or some simpler metric [16]. When no personalization is in- ihe different similarity measures proposed above. We show that

volved, the only advantage is that peers with high quality content, i, Rejative similarity ratiocarries the most useful information for
but only few connections, are found faster. On the other hand, a per-ggjection decisions.

sonalized scheme would result in a significant increase in retrieval
quality and efficiency. And yet, such a scheme (either personalized 3.2.4 Hybrid Selection Models
or not) needs additional computational effort to generate the reputa-  \ye aiso investigated the possibilities to combine the similarity

tion values. Therefore, we propose here to alleaviate this problem 4y connectivity measures into a hybrid one. Such a scheme con-
by introducing the “personalization aspect” into an automatic or- gjgers poth orderings of each peer’s neighbors, i.e., according sim-
ganization of network topology, based on social relations between jj5 ity and to connectivity values. The algorithm then forwards the

people and their membership in different communities. The fol- 61y to thek; most connected neighbors that have not been vis-
lowing subsection discusses a solution which exploits thisidea.  jiag yet, as well as to th&'» most similar unvisited ones.

3.2.3 Similarity-based Selection

Our model consists of a network generated based on social re-
lations between people. We think it is reasonable to consider that
the members witﬁlin F())ur group (i.e., our co-authors) share similar 4.1 General Setup & Hypotheses
interests and store more relevant articles than other peers located We simulate both a 2000 node and a 10000 node collaboration
further away in the social network. Therefore, we investigate in graph. The nodes in our graphs are authors from the DBLP dafabase
this paper a new peer selection strategy: send the query t&our and the links represent co-authorship relations. We initiate the
most “similar” neighbors. graphs starting from Professor Wolfgang Nejdl and Professor Karl

Evaluating the similarity of peers is based on the observation Aberer, and then extend following a breadth first iteration over the
that users’ interests are defined by the articles they store on theirco-authorship links. For both extensions we have obtained the same
desktops, in a process of constantly filtering what is important for 7 = 1.2 coefficient for the power law distribution of the nodes’ de-
them. In addition, the stored documents are not isolated resourcesgrees of connectivity.
but, together with their references, form sparse graphs. For each In order for the co-authorship graphs to fit the proposed collab-
peer, we define her interest by the graph of stored articles and theiroration model we have added links considering preferential attach-
references, according to citation relations. We infer the similar- ment, such that the degree distribution followed a power law distri-
ity between peers by computing the overlap between their article bution with a coefficient of = 0.9 as discussed in Section 2.
graphs and propose several measures for computing this metric. As we repeated the same experiment using the CiteSeer OAI

Symmetric Similarity. Let x andy be vectors of scientific ar- metadata, we obtained a slightly modified coefficient for the power-
ticles together with references stored on the desktops of ggers  law distribution of the number of co-authors for each notde<{

4. SEARCH EVALUATION

and P, respectively. Then, thecosine similaritypetweenP; and 1.8). This is due to the fact that while DBLP uses manual annota-
P, can be defined as follows: tions and its information is very accurate, CiteSeer uses automatic
extraction for article metadata. Because authors may identify them-
X A ; i i
Cosine(Py, Py) = y 3) selves in different ways on different papers, e.g., either by using

x| - |yl full name, or by using only the initial for the first name, or even

Likewise, if X andY" are sets of scientific articles, then the car- Py using only initials, the information about each unique author
dinal similarity is defined as: is sometimes split among different nodes. Therefore, the average
number of co-authorship relations of each node is smaller, and the

"Clearly some peers will not be willing to disclose this information.
Then, hashed versions of each paper’s title should be used. 8We have used the DBLP published XML records.
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Figure 3: Collaboration links distribution for the 2000 nodes Figure 5: Distribution of the relative similarity values for the
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are her authored papers, together with their references. Because of
Frequency distrbution of similarity values for medium connected peer space constraints, for each article we only indexed its title, authors,
‘ ‘ and abstraét We chose 10 random peers so that their degrees of
connectivity are uniformly distributed. For each peer, we automati-
wr ] cally generated up to 400 one word and two word queries based on
the most frequent terms in their article detVe filtered out queries
that returned too many results (more than 5% of the entire article
set, because we considered them to be too general) and two word
queries that do not respect the constraint:
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Similary one. The lower bound stands for the meaningfulness of the asso-

ciation of terms, while the upper bound filters associations that are
too common. In the end the union of the query sets had 3600 items.
Figure 4: Distribution of the relative similarity values for the In the experiments we set the TTL to 100 (5% of the nodes). By
2000 node network further increasing the number of visited nodes, we found that all
query forwarding strategies will tend to have similar performance.
Moreover, our goal was to get as many best results as possible by
power-law coefficient is greater. However, for our investigations, visiting only a small percent of nodes (5-10%). Each peer returned
we used the CiteSeer OAl metadata, as it provides additional metaits top 50 hits?, by using TFxIDF with global IDF knowledge (see
information besides the title and the authors of each paper (e.g., theFootnote 6). As a performance indicator, we used the recall mea-
abstract, which is not available in the DBLP XML records). sure, i.e. the degree in which all Top-K matching documents in the
To validate our results from Section 2, we also performed sev- collection are returned (from a centralized perspective):
eral analyses on this data set. We computed the Pearson correlation
between the number of articles of each node, and its number of Number of TopK documents returned
collaboration links, and we have also found no real association be-  Recall =
tween the two distributions = 0.159, the result being similar to
the one obtained for the real network analyzed in Section 2.2. Both ~ We investigated the following hypotheses:
for the L3S group and the generated CiteSeer network, we plotted 1. Similarity based query forwarding decisions (using both the

®)

min(K, Number of matching documents)

the relative similarity between (a) a random node and its adjacent relative similarity and the relative similarity ratio) yield bet-
nodes, (b) a random node and all other nodes in the network (Figure ter results in terms of recall than the connectivity based ones.
4), and (c) all nodes with each other (Figure 5). We found thateach 2. Forwarding queries to th& most similar/most connected
of these distributions follows a power-law, thus indicating that each neighbors withK' > 3 will produce only a minimal recall
peer has a high similarity only to very few other peers (which pre- improvement over the strategies using smalfevalues.

sumably also hold the resources deemed interesting by the formergWe have used Lucene for indexing the document sets and an im-
peer). This result further motivated our investigation of the similar- plementation of Porter’s algorithm for stemming.
ity based search, since similarity provides an important influence 19,4 word queries were build by combining every two words from
factor for the selection process. the most frequent term list.

For the experiment we have considered the 2000 node P2P net'\we have experimented with the best 10, 20, 30, and 50 results and
work model discussed above. The resources we used for each peeobtained similar results.
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3. Combining the similarity and connectivity based strategies
improves the performance.
Let us now analyze each of these hypotheses in the following
subsections.

4.2 Basic strategies for query forwarding

In this experiment we have evaluated the performance of sim-
ilarity based selection versus connectivity based selection. Each
peer forwarded queries only to its best neighbor, according to each
strategy. The results (Figure 6) show that by using the relative sim-
ilarity ratio we obtain the best performance in terms of recall, while
using connectivity values or relative similarity values the recall is
pretty much the same. This result highlights the problem of us-
ing only simple similarity values in ranking the neighboring peers.
A very similar neighbor is not always the best place to search for
new results, since her article set may not contain too many differ-
ent items from the current peer’s article set. To avoid this problem,
the similarityratio should be used instead. Moreover, one also no-
tices that the similarity ratios allow for a good exploration of the
source peer’s community of interest, as after only 20 visited nodes
the results are much better than for the other strategies.

4.3 Top-K strategies for query forwarding

In this experiment each peer forwarded querie&tmost rele-
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Figure 8: K most similar (ratio)strategies comparison

show that there is no improvement over the best strategies investi-
gated so far, namelysénd to the best 3 peers using the similarity
ratios’. This showed that the most connected peers are not always
the repository of the best resources in the network.

vant of its neighbors, using the basic selection strategies described

in the previous experiment. The recall significantly improves over
the basic strategies only féf = 2 andK = 3, whereas fofS > 3
there is a very low performance incresgFigures 7 and 8). Our
experiments also showed that the similarity ratios lead to better
heuristics for searching in the peers’ community of interest than
the simple similarity values or the connectivity information.

4.4 Combined strategies for query forwarding

Motivated by the rather small recall values we also investigated
several combined strategies incorporating both the similarity based
selection to explore the local communities, as well as the connec-
tivity information to quickly reach distant communities. We ex-
pected that in addition to the local community of interest, other
nodes holding good results are organized in distant clusters cover-

4.5 Discussion

In order to further analyze our results, we plotted the path fol-
lowed by several queries in the network. One example is presented
in Figure 11: the blue nodes represent visited peers that did not pro-
vide any Top-K result (we useR” = 50 here, with thel'op — K
values calculated from a centralized perspective), the green ones
mark peers providing at least one such result, and the red ones de-
note not visited peers holding a Top-K item. As we can see, the
“valuable” peers are rather scattered around the network, and not
clustered as we expected from our social model (e.g., peers work-
ing on “Information Retrieval” should be somehow closely con-
nected). However, this effect could have also appeared because our
automatically generated queries are still rather general.

We are currently investigating a new approach to peer selection,

ing the same topic. However, the results from Figures 10 and 9) j, which the visited peers are selected also according to their ability

12This can be explained by the power law distribution of the number t0 @nswer each specific query (for example, in terms of their docu-
of connections and of the Peer-to-Peer relative similarity values, ment frequency), i.e., in which we combine our query-independent
since very few peers have many connections / similar neighbors. schemes with a query-dependent one.
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called topic segments, which arecharacterized by their centroid de-
scription. SETS uses a vector space model to represent documents,
peers and centroids. A query is first routed to the corresponding
segment, and then evaluated using the segment subnet structure.
An interesting evaluation result is that using the peer vectors for
segmentation outperforms the usage of document vectors as basis
e for clustering. pSearch [28] sorts peers into a CAN [22] network
ToSPS Mot connected according to their aggregated latent semantic indexing representa-
wl st s () - Mot connied —— | tion. Schmitz [24] shows how to achieve a small-world topology
Most comected 2+ most simiar o) - by organizing peers according to their content. In this approach, a
topic classification is used to score similarity. [10] also propose
to cluster peers according to their content, but without including a
definition for content similarity.

Combining statistics and peer contenin REMINDIN’ [29],

a connection is scored by the similarity of the query topic to the
topic(s) the target peer provides combined with a probability mea-
sure that the peer indeed will provide answers. To determine the
similarity between query and content, both are annotated using con-
cepts from a shared ontology.

P2P for scientific knowledge exchangeUsing P2P to support
scientific collaborations has already been suggested in [10]. [18]
propose a concrete architecture for Scientific Collaboration Net-
works (SCN). Both expect this will lead to a small-world topology
for the resulting P2P network. OverCite [26] is a project which
aims at building a new, P2P-based infrastructure for CiteSeer [13].
5. RELATED WORK Neither of them proposes a peer similarity score based on co-citation

Similarity-based network connections. Exploiting peer simi- or reference links.
larity for improved search is a common topic in P2P approaches. Among the related approaches, only Yu and Singh [30] use co-
Two different kinds of sources for deriving similarities are used, citations to establish connections between peers (agents in their
query results and peer content: context). As in our case, the experimental context is a simulated

Deriving similarity from query statisticsThe main idea here is  network of collaborating scientists. In contrast to their work our
to continouously optimize connections of each peer based on thepeers are not classified using a topic system, and we use another al-
responses it gets to its queries. In [21], an importance score isgorithm to increase the assumed collaboration degree. Also, while
introduced for peers, based on percentage of hits received via this[30] analyzes how experts can be found within in the network, we
connection, distance and (for direct neighbors) connection time. As investigate the efficiency and effectiveness of queries for content.
soon as an indirectly connected peer becomes more important than Small-world networks for P2P. Many recent systems build on
a direct one, a direct connection to this peer is established and thethe advantageous characteristics of small-world graphs to improve
connection to the least important immediate neighbor is dropped. search efficiency, e.g., [9, 14, 15, 17, 23]. These approaches gen-
[25] score a connection as ratio between the number of times it erate the network using various algorithm, but none of them uses
was successfully used (yielded hits) and the total number of times existing social relations as basis for the resulting topology.
it was used. They point out that after some time the network topol-  P2P information retrieval. P2P networks which evaluate key-
ogy starts to show small-world characteristics. [31] also do query word queries using information retrieval algorithms such as TFx-
profiling and select neighbors to forward a query to according to IDF are currently mostly based on structured and/or hierarchical
their relevance rank. The relevance ranking does only affect query networks (e.g., [8, 27, 28, 3]). To our knowledge, no work has
routing and has no impact on the topology. been published regarding the issue of collection-wide information

Deriving similarity from peer contenfThis approach is used in  in pure, unstructured networks. The only P2P IR approach based
P2P information retrieval networks which support keyword queries. on an unstructured network we are aware of just ignores this issue
SETS [5] is a hybrid topology where the network is split into so- and computes scores based on local peer collections [31].

Figure 9: Forward to two neighbors strategies comparison
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6. CONCLUSIONS AND FUTURE WORK [16] S. Marti and H. Garcia-Molina. Limited Reputation Sharing

In this paper, we have presented several strategies for search-  in P2P Systems. IRroceedings of ACM Conference on
ing scientific collaboration P2P networks by exploiting the implicit Electronic Commerce (EC042004.
social organization provided by this model. We have empirically [17] S. Merugu, S. Srinivasan, and E. W. Zegura. Adding
shown that similarity-based search strategies have better perfor- structure to unstructured peer-to-peer networks: the use of

mance than the connectivity based ones. We have also found that ~ small-world graphsJournal of Parallel Distrib. Compu.
selecting more than three peers at each step will not increase over-  65(2):142-153, 2005.
all performance. As future work, we intend to integrate the use of [18] J. Mitre and L. Navarro-Moldes. P2p architecture for

search performance history into our search framework and study scientific collaboration. IfProc. of the 14th IEEE Intl.
the performance gain under each technique. Workshop on Enabling Technologies: Infrastructures for
Collaborative Enterprises (WETICE-20Q48004.
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