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Abstract. Peer-to-Peer systems have proven to be an effective way of
sharing data. The focus of this paper is on distributed search based on
Peer-to-Peer technology. In this paper we present the pRoute system
where peers advertise a short description of the content that they share,
namely a set of terms. Peers remember the advertisements of related
peers and thereby form a semantic overlay by which we mean that peers
with similar content are grouped together. Peers calculate the similarity
between their content descriptions by a term similarity function which, in
the ideal case, is identical for all peers. In simulation experiments we com-
pare the performance of different advertisement- and forwarding policies
with respect to precision, recall and the number of messages. The results
indicate precision and recall increase when the policies take semantics
into account, without an increase of the number of advertisement- and
query messages.
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1 Introduction

Undisclosed content, lack of privacy and the possibility to censor data are seen as
important disadvantages of the centralized approach of today’s popular search
engines. Firstly, in such a centralized approach, the owner of the server has
complete control over which content and in which order the content is presented
to the user. The drawback of this approach is that authorities could force the
search engine not to show some content that they do not like. Secondly, much
data on the web is dynamically generated via databases and therefore are very
difficult to crawl by search engines. Often this is by intention of the provider
because it wants a unique access point for users to find its data, guaranteeing
user traffic to the web-site and /or keeping full control over the data. Thirdly, also
privacy is an important issue that is in principle not guaranteed by centralized
search engines. Namely, search engines easily can associate IP-addresses with
queries and can make a profile of the users behind it. Peer-to-Peer systems,



where nobody is in control, are in principal much more difficult to be used for
tracing the behavior of users. These three issues are important reasons for doing
research on P2P-based search engines.

A big advantage of centralized search engines is that the number of messages
needed in the query process often is only 2 and the number of hops is only 1,
guaranteeing efficient bandwidth usage and quick response times. In Peer-to-
Peer systems, the number of messages and hops mainly depends on how quickly
the relevant peers are found. Needless to say that much of the current research
on P2P-based document searching is focussed on reducing the number of mes-
sages and hops to generate an attractive alternative to the centralized approach
especially when privacy, undisclosed content and censorship play a role.

In our short literature study we try to give an impression of the different dis-
tributed search approaches and indicate respectively their strengths and weak-
nesses. One of the approaches described in this overview is peer selection based
on semantic overlay networks (SONs), which will also be the way we organize
our P2P network. More precisely, we adopt the model of expertise-based peer
selection using a shared data-model as is described in our previous work [11]. In
this model, peers (automatically) summarize their content in so-called expertise-
descriptions, being a set of terms provided a shared data-model. These descrip-
tions are spread to some other peers in the network via advertisement messages.
In this way, peers become aware of the expertise of other peers, enabling them
to route queries only to those peers whose expertise is semantically close related
to the content of the queries.

By this paper we present our pRoute system and hope to contribute in the
following ways: first we propose a method to automatically generate a similarity
matrix that can be used as an instantiation of the shared term similarity function
needed by our expertise-based routing approach. Second, we compare different
query and advertisement policies via simulation results based on large peer-
sets and realistic data-sets. The results should be interpreted as guidelines for
those who want to build a system that uses expertise-based peer selection for
routing query messages. Important to note is that the routing method can be
easily combined with other techniques like using Super-peers or Distributed Hash
Tables.

The structure of this paper is as follows: first we discuss related work in
section 2. Section 3 describes expertise-based routing model and the different
query and advertisement policies. Section 4 proposes a method for automatically
making a term similarity matrix which can be used as an instantiation of the
shared term similarity function. Section 5 is about our experimental setup where
the data set, the research questions and the simulation are described. Section 6
shows the results of our experiments and finally, section 7 interprets the results
and indicates our future work.



2 Related work on distributed search

In this related work section, we organize the different systems found in the
literature by methods that do not exclude each-other, meaning that a system can
combine two or more methods together. Due to our focus on reducing messages
and hops and increasing recall, we judge these systems on criteria concerning
efficiency (network band-width, memory and cpu usages) and robustness (fault-
tolerance, network dynamics).

Broadcasting Although a very simple technique, broadcasting has already proven
its usefulness in small networks and in larger P2P file-sharing systems like
Gnutella! [12]. The idea is that peers keep forwarding a query to their neigh-
bors until a sufficient number of answers has been found or until the maximum
number of forwards (hops) has been reached. This approach is not very scalable,
because a query can result in many messages which consumes much network ca-
pacity. Thus, finding the expert that can answer a given query results in a blind
search, where it is possible that even if the data is somewhere in the network,
it will not be found due to the maximum number of hops. The big advantage
of broadcasting approaches is that they have very low maintenance costs and
dependency, meaning that almost no messages are needed to keep the network
alive and it is very robust to frequent peer drops and joins (network dynamics).
In case where broadcasting really is needed, Hypercup [19] guarantees that only
N — 1 messages are needed to reach all peers and O(log N) hops, where N is
the number of peers in the network. Moreover, they show how their scheme can
be made even more efficient by using a global semantic network to determine
the organization of peers in the graph topology. Namely, when peers describe
their content in terms of this shared data-structure, peers are able to cluster
themselves with similar peers. However, this approach based on a structured
hypercube overlay has more maintenance overhead and is therefore also more
sensitive to network dynamics than traditional broadcasting approaches.

Central registries A very popular approach is to have one central registry where
systems can store their content descriptions or where the registry itself searches
the network for the content descriptions. A well known example is Napster?,
which has one large repository which combines filenames with peers that offer
those files for downloading. Such a repository can be seen as a kind of yellow
pages, where each member in the network can look op the person or system that
fulfills its needs. In small organizations, such an approach could work very well
because the network is small and stable, so that the registry does not have to do
much query processing and updates. In larger networks the approach is not very
robust and has the same disadvantages as completely centralized approaches:
undisclosed content, lack of privacy and censor possibilities.

! The Gnutella protocol specification v4.0. http://dss.clip2.com/GnutellaProtocol04.pdf/
2 Napster. http://www.napster.com/about_us.html, 2002



Brokering The Multi-Agent community proposed the concept of "broker agents’
such as in InfoSleuth [3]. These brokers semantically match information needs
(specified in terms of some shared data-structure, e.g. an ontology) with currently
available resources which are found by the broker or registered by the providing
agents themselves. In InfoSleuth, agents advertise their services to the broker via
the KQML [10] language. Broker agents respond to an agent’s request for service
with information about the other agents that have previously advertised relevant
services. The literature on broker agents has a clear focus on finding services.
Therefore, it is not surprising that the brokering approach is very popular in
the literature on finding web-services which are semantically described [15]. One
thing where the literature is not clear about is on how scalable and robust this
approach is. In a network where millions of agents offer their services, one broker
agent probably will not be enough and will have the same problems as with a
central registry.

Super Peers/nodes An approach that looks very similar to brokering but with a
different goal in mind, comes from the P2P research community. The technique,
that seems to work well for file sharing, is to make use of the different capacities of
the nodes in the P2P network. The fact, that some peers have more processing
power, memory or network bandwidth than other peers is used to give them
a harder job in the network. For example, KaZaa [13] let peers voluntary be
a super-peer where they have big routing tables (kind of yellow pages) where
information is stored about the content of other peers. This approach is thus a
hybrid solution between real P2P (all peers playing the same role) and centralized
systems. Although better than broadcasting in a network without super-nodes,
it remains broadcasting and therefore can be improved by techniques that do
more efficient routing described in the next paragraphs.

Distributed Hash Tables A technique from the P2P research community makes
use of Distributed Hash Tables (DHT) [17,18,21,1]. DHT’s are based on the
idea to route content (or a pointer to the content) to the peer whose identifier
lies closest to the unique identifier of the content. This technique assumes that
all peers share the same ’hash’ function to assign a unique (mostly 128 bit)
identifier to content, which could be anything like documents, music, URL’s or
words. The characteristic of this technique is that it allows to route content and
queries in log(N) steps (where N is the number of peers in the network) to the
right peers. A disadvantage of most DHT approaches is that they have high
maintenance costs, due to continuous changes in the overlay network as a result
of peers joining and leaving. P-Grid [1] is a Peer-to-Peer search system based
on a virtual distributed search tree, similarly structured as standard distributed
hash tables however with an unstructured way of building the DHT overlay.
Namely, they use randomized algorithms for constructing the access structure,
updating the data and performing search. In this way probabilistic estimates can
be given for the success of search requests, and search is more robust than the
previously described DHT approaches against failures of nodes. A disadvantage
of all DHT approaches is that content which is not hashed, cannot be found,



which is especially a problem with full-text searching. Namely, in a document
sharing case, one could roughly do three things (1) the file itself is hashed to
a unique key with the disadvantage that the user has to know this key too, in
order to find the file, or (2) the title of the document is hashed. This is also a
problem because one typing error would result in a completely different hash
key. (3) All the words in the document are hashed and the document or the
location of the document is stored at the peers whose id’s are closest to the
hash keys of the words. Although now someone is able to find the documents
that contain the keywords, the procedure of distributing the hash keys is not
efficient because all these keys have to be distributed to the right peers in the
network. Another disadvantage of DHT-based approaches is that load-balancing
is not an emergent property of the topology. Due to the fact that content and
queries follow a powerlaw distribution [5], some peers (responsible for popular
keys) are much more loaded than other peers that accidently are responsible for
less popular keys. Imagine that one peer is responsible for the hashed key of
'Britney Spears’, and that this peer joined the network with a slow 56K modem!
Therefore, active load balancing policies have to be developed on top of DHT, [6]
which is not needed for broadcast-based and expertise-based (described in next
paragraph) alike approaches. Also, a pure DHT-based approach is less robust
than broadcast-based and expertise-based approaches, because normally only
one peer is responsible for one key, and if that peer does not respond on queries
(for example behind a firewall), no content can be found that is hashed to that
key.

Semantic Overlay Networks Peers that keep pointers to other peers which have
similar content as themselves form a Semantic Overlay Network (SON). Edutella
[16] is a schema based network where peers describe their functionality (i.e.
services) and share this with other peers. In this way, peers know about the
capabilities of other peers and only route a query to those peers that are probably
able to handle it. Although this provides complex query facilities, there is still
no sophisticated means for semantic clustering of peers and their broadcasting
does not scale well. Gridvine [2] uses the semantic overlay for managing and
mapping data and meta-data schemas, on top of a physical layer consisting of
a structured Peer-to-Peer overlay network, namely P-Grid, for efficient routing
of messages. In essence, the efficiency of the search algorithm is caused not by
smart forwarding of the queries based on the semantic overlay, but by applying
the underlying DHT approach for mapping terms to peers.

From here on, due to our focus, we only consider systems where the goal is
an efficient search mechanism based on routing queries to peers that are seman-
tically closest to the content of the query.

One way to do this is that the content of a peer is classified into a shared
topic vector where each element in the vector contains the relevance for that
given peer for the respective content. pSearch [22] is such an example where
document indices are distributed through the P2P network based on document
semantics generated by Latent Semantic Indexing (LSI) [9]. The search cost (in
terms of different nodes searched and data transmitted) for a given query is



thereby reduced, since the indices of semantically related documents are likely
to be co-located in the network. In pSearch each peer has the responsibility for
a range for each element in the semantic vector, e.g. ([0.2—0.4],[0.1 —0.3]). Now
all vectors that fall in that range are routed to that peer, meaning that, following
the example vector, the vector [0.2333,0.1939] would be routed to this peer and
[0.1322,0.1939] not. One disadvantage of pSearch is that new documents in the
network are ’folded’ into the existing semantic vector, which means that when
there are new terms in the documents that are not in the existing vector, they
will not be used in the routing process. This means that when the content in
the network changes frequently, also the computationally expensive LSI method
has to be applied very often.

Another approach is based on random walk clustering, where peers with
similar content are going to know each-other [23]. The assumption is that queries
posted by (the users of) peers are semantically closely related to the content of
the peer itself. This results in a high probability that the neighbors of the peer
(the peers in the cluster of that peer) have answers to the query. The problem
of this approach in the domain of full-text searches, is what information a peer
has to tell to another peer so that they are able to determine if they are related
or not. When there is no shared data-structure (like a fixed set of terms) in
which they can describe their content, the whole content has to be shared. This
results in the fact that much data has to be shared between peers for determining
closeness. In [20], peers cluster passively by remembering peers that previously
provided them with satisfying answers using a Gnutella overlay. This means
that for each peer, clustering is achieved after an initial 'warm-up’ period, which
could take a while. In terms of performance, they achieve a workload reduction
by a factor of 3 to 7 in comparison to Gnutella. The system described in [7] uses
a similarity measure based on keyword overlap between the set of terms in a
query and the set of terms that describe the content of a peer. Unfortunately, in
the paper there is no information about the clustering overhead in the number
of additional messages to form the overlay, which makes it difficult to compare
with other approaches. Like most papers on semantic overlays, this paper does
assume a peer availability of 100%, which is unrealistic.

In contrast to the previous clustering approaches, the last SON approach that
we discuss here lets peers describe their content in a shared set of terms. Mostly
these terms are organized in a topic network or hierarchy making it possible to
determine the semantic similarity between terms. Thus a peer has a set of topics
which describe its expertise, similar to the model described in our previous work
[11]. A peer knows about other peer’s expertise topics by analyzing answers or
advertisement messages. In this way peers form clusters of semantically related
expertise descriptions. Given a query, a shared distance metric allows to forward
queries (described by a shared set of terms) to neighbors of which their expertise
description is semantically closely related to the query. The advantages of this
approach are threefold:

— Peer autonomy Each peer can, in principle, have its own distance measure,
peer selection mechanism and advertisement policy. This allows peers, for



example to keep their neighbor list or similarity metric secret. Also peers
can decide at any time to change their visibility on the network by sending
advertisement messages. Also a peer can choose a shared distance matrix or
create its own matrix that it could share with other peers. The quality of the
routing process only depends on the overlap of the matrices, which means
that the bigger the overlap, the better the routing performance.

— Automatic load balancing When some content is queried very often, most
systems will also have copies of that content on their machines, due to down-
loading the results of the queries. This means that the semantic cluster on
that content will contain many peers. In this way, load balancing is an emer-
gent property of the network when popular content is distributed over many
peers.

— Robustness/fault tolerance When peers leave the network or do not respond
to a query, the only consequence is that they probably will not be asked a
next time until they send new advertisement messages or are recommended
by other peers. In contrast, most DHT approaches have to move routing
tables to other peers in order to restore the overlay.

The problem of most SON approaches is that they either rely on a shared
data-structure (distance matrix, topic-hierarchy or term-vector) in which the
content has to be described and/or rely on the assumption that the queries of a
peer are related to its own content and that a peer also has content that allows
it to cluster itself into the overlay. These assumptions are not always realistic.
For example, imagine that a peer has some documents containing the word
’hound’, but the shared data-structure only contains the term ’dog’, then two
things can be done (1) extend the shared data-structure with the word "hound’
so that peers are able to query and describe their expertise with that term. (2)
the functions that extracts the expertise description and abstract the queries
should be intelligent enough to see that 'dog’ is a good replacement for "hound’.
Note that in this case the original query still contains ’hound’, but the routing
mechanism uses the shared term 'dog’ to route it to the peer that registered itself
on that term. The problem with the first solution is that it will lead eventually
to very large data-structures. To reduce this problem it is important to keep
unimportant terms (e.g. stop-words) out the data-structure. The problem with
the second solution is the strong dependency on the quality of the extraction
and abstraction algorithms.

In the next section we introduce our SON approach where routing is also
based on matching queries on content-descriptions described in terms that occur
in a shared data-structure.

3 Expertise-Based Peer Selection based on a Shared
Similarity Matrix

In this section we explain our expertise-based selection method by showing the
individual building blocks of the system and describing the different advertise-
ment and query policies.



3.1 Elements

Neighbor set Peers joining a network are assumed to know an initial random
set of other peers called its initial neighbor set. More formally, each peer ini-
tially has a bootstrap neighbor list in a small, fixed-sized cache of entries (with
typical value 5, 10, or 20). A cache entry contains the network address (i.e.,
IP-address and port) of another peer in the overlay. This set could, for example,
be downloaded from a web-site, a gate-way peer or come with the download of
the implementation. This set of peers is used by the advertisement policy that
sends the expertise descriptions (discussed later).

Ezxpertise Description Each peer has an expertise extraction function
€: docs, — T, (1)

which maps the content of the documents of the peer docs, into a set of terms 7,.
These terms describe the content of the peer’s documents. This function could
be based on an automatic NLP algorithm or be performed by a user that selects
a set of terms which classifies the documents.To improve the semantic overlay,
in our simulations we always let peers describe their expertise in terms occurring
in a shared term similarity matrix on certain domain, which will be introduced
in on of the next paragraphs. The assumption of a globally shared similarity
matrix is clearly a limitation. We expect that our approach still works with only
partial overlapping matrices, but we do not explore this in our experiments. So
this is future work.

Query Abstraction For simplicity reasons we assume that a query posted by a
user is just a set of words, thus without boolean operators or other constructs
except an implicit AND between the words. An answer on the query is therefore
correct when all the words are in each of the result documents. The words in the
query are mapped by a mapping function

T query — T, (2)

into a set of terms 7, C 25T¢, These terms could exactly match the terms in
the users query, but also be stemmed terms and with stop words removed. In our
simulations we instantiate = by mapping queries into a set of terms occurring in
a shared similarity matrix. This means that 7, C Tgop,.

Term Similarity Matriz A term similarity matrix is a matrix Sgom : Zdom X Zdom
about a certain domain dom which contains semantic distances [0, 1] between
the set of (popular) terms 7y, in dom. In this way a peer is able to look up the
semantic similarity sim : (t1,%2)dom — [0, 1] between two terms ¢; and ¢. These
similarity values are used by the similarity function which will be described
in the next paragraph. A user could download the domain matrices of interest
(e.g. computer science or biology) from a web-site or develop its own although
it is recommended to re-use similarity matrices as much as possible (will be



discussed later). There are numerous ways to determine the semantic distance
between terms. One way is to do it manually namely by letting a group of domain
experts giving the distances. Another way is to use an ontology [11] or another
kind of semantic graph where the minimal path distance between topics is an
indication of similarity. Our approach, which we will discuss later, is letting
statistical algorithms automatically analyze a representative set of documents
and determine the most descriptive terms and the similarity between them.

Similarity Function According to the expertise-based selection method, each
peer has complete autonomy to choose its own similarity measure between two
expertise descriptions or between an expertise description and a query:

o (U7 T) = [0.1] (3)

where 7. consists of sets of terms from expertise descriptions and 7., is the
union of sets of expertise terms and abstracted query terms. In our simulations
we assume that all peers in the network share documents about the same domain
dom and therefore use the same term similarity matrix to determine the semantic
similarity between terms. As said, future work should answer on what would be
the effect of peers having different distance matrices from different domains and
variations of them within the same domain. We instantiate o in the following
way:

- 1

0 (tegs te) max  (sim(t;t;)dom) (4)

Tl & e,

€q

where t. € 7, and t, € 7. |J7,. This formula takes the sum of the maxima of
term similarities and divides it by the length of the expertise description t.. Note
that this function is asymmetric, o (teq,te) # o(te,leq), because the elements in
teq are all relevant in the match algorithm. The elements in ¢, are only needed to
determine how related ., is to them. For example, imagine a query [ferrari,
mercedes| and an expertise description [car, environment]. The similarity ma-
trix probably has values like: (ferrari,car)=0.8, (mercedes,car)=0.9, (ferrari,
environment)=0.3, (mercedes,environment)=0.3, (car,environment)=0.8,
(ferrari,mercedes)=0.8. In this case, o(fcq, ) = 1 x (0.840.9) = 0.85. This
value is high because for both the 'mercedes’ and ’ferrari’, the expertise of ’car’
is relevant (the elements in the expertise descriptions are connected via a logical
OR). If the query would be car, environment and the expertise description
ferrari, mercedes, the value is 1 x (0.9+0.3) = 0.6 which is much lower. This
is reasonable because ’environment’ is also part of the query (please recall that
we assume that terms in the query are connected by a logical AND) and has
only a low relevance to the terms ’ferrari’ and 'mercedes’ and therefore should

lower the value.



3.2 Messages

There are three kinds of messages in our system needed to fulfill the functional-
ities of our algorithms:

— Advertisement messages These messages each contain a message iden-
tifier to prevent that a peer forwards the same message more than once,
an expertise description, a list of peers that forwarded the message and the
creator of the message. The purpose of making advertisements is that peers
share expertise in order to increase the probability that peers in the network
know the right peers to forward a query to. This should reduce the number of
(forwarded) messages needed to satisfy a query. We have to find the optimum
between two sides: (1) There is no advertising at all, which results in the
fact that peers only know about others expertise if they received an answer
on a query. This often results in many forwarded query messages. (2) Peers
initialize and forward advertisements to all peers they know, which results
in the fact that peers have a rich overview of knowledge in the network and
almost no query forwarding is needed, but many (forwarded) advertisement
messages. In our experiments we try to find some indication on what is a
good balance between the two, but we think that a good trade-off mainly
depends on how static the content is in the network.

— Query messages These messages each contain a message identifier, a query,
the query abstraction, the origin of the message and a list of peers that
forwarded the message.

— Query result messages These messages each contain the identifier of the
original query message, the creator of the message and the query result (or
pointers to it).

3.3 Policies

In this subsection, we describe the policies that concern how queries and adver-
tisements are handled in our pRoute system. These policies are needed to fulfill
the basic requirements of our SON based P2P system: distribution and accep-
tance of expertise descriptions, distribution of queries and dealing with joining
and leaving nodes. For each policy we give instantiations that we tested in our
simulations. More precisely, for each policy we provide one instantiation based
on a random selection method and one that uses the shared similarity matrix
in the selection process. This allows us to see when and in which degree using
the shared similarity matrix is beneficial. For all policies it holds that when a
message is sent to a peer that is off-line, the sender will select a new peer from
the neighbor list. This means that in a very dynamic system and/or a network
where not many peers are on-line, a significant number of messages will be lost.
We record this in our statistics and just count them as sent messages.

Query forwarding policy Besides that a peer tries to answer a query, peers also
select peers to forward the query via the query forwarding policy. This policy is



applied when a peer receives a forwarded query, or when a query is initialized
by the peers user. We simulated the following instantiations:

— QF1(j,5): Queries are maximally forwarded h hops, each step to maximally
n random neighbors. We call this respectively the forwarding depth and
forwarding breadth

— QF2j, n: Queries are maximally forwarded h hops, each step to maximally n
neighbors where peers whose expertise descriptions are semantically closest
to the terms in the query.

Advertisement interval policy This policy regulates at which moment the peer
automatically starts to advertise its automatically generated expertise descrip-
tion. For all policies hold that when a peer (re)joins the network is advertises its
expertise. More on this issue in the paragraph on the join/leave network policy.

— Ally : Advertising is periodically triggered after r expertise description
updates.

— AI2(,) : Advertising is only triggered when the similarity (see formula 4)
between the expertise description from the last advertisement round and its
new expertise description is lower than a certain threshold s (i.e. when the
content of a peer has been significantly altered since the previous advertise-
ment).

Advertisement distribution policy When the previous policy decides to adver-
tise or when a peer receives an advertisement that it perhaps wants to forward,
the advertisement distribution policy determines to whom to send the adver-
tisements. This policy thus both applies to peers that want to advertise their
own expertise and to peers that want to forward expertise descriptions to other
peers.

— AD1, ) : In the first hop, advertisements are sent to all neighbors and
from the second hop, advertisements are distributed to a random subset of
n neighbors until a maximum of A hops.

— AD2}, 1) ¢ In the first hop, advertisements are sent to those peers of which
the expertise description has a similarity to the query above a threshold ¢. For
two hops and more, the advertisements are sent to the n peers of which the
expertise descriptions are semantically closest to the expertise description
until a maximum of h hops.

Advertisement acceptance policy When a peer receives an advertisement it can
decide to keep it or to ignore it. In the situation when the maximum number of n
advertisements that a peer wants to store is not reached, we decide either to store
every advertisement or the semantically close ones until all free advertisement
slots are filled. After that, it can be the case that a new advertisement replaces
an advertisement that exists in the receivers storage.

We tested the following two instantiations:



— AAl,): Only those advertisements are stored of which the expertise descrip-
tions are semantically closest to the receivers’ own expertise description. This
means that when the new advertisements description is closer than the worst
description in the storage, it replaces this description.

— AA2(,): A received advertisement randomly replaces one of the stored ad-
vertisements.

Join/leave network policy In our experiments we only use one constant network
join and leave policy:

— Joining: when a peer joins the network we assume that is has an initial
(random) list of gateway-peers, or has the list of peers that it had before it
left the network. When the peer successfully joined the network it starts the
advertising initialization policy.

— Leaving: when a peer leaves the network, by a network failure or intension-
ally initialized by the user, we do not assume any policy: the peer is just
unreachable. We implemented the policy that when a peer sends a message
to an off-line peer, it will recognize this and remove the peer from its neighbor
list.

Now that we have introduced all elements of the pRoute system, we show a
method to build a term similarity matrix which is one of these elements.

4 Method for making a Term Similarity Matrix

This section describes a method for automatically building a term similarity
matrix.

Literal matching schemes suffer from synonyms and noise in documents. La-
tent Semantic Indexing (LSI) overcomes these problems by using statistically
derived concepts instead of terms for retrieval. LSI uses Singular Value De-
composition (SVD) [9] to transform a high-dimensional document vector into
a lower-dimensional semantic vector, by projecting the former into a semantic
subspace. In this section we adopt a method using SVD to make a term simi-
larity matrix on a certain domain which can be shared among a group of peers.
This method also is used to calculate the shared matrix for our experiments.

Our method contains five steps:

1. Get representative document set. For text collections spanning many
contexts (e.g., an encyclopedia), the number of terms is often much greater
than the number of documents: ¢ > d. However, in our case where the In-
ternet is the document collection, the situation is very likely to be reversed:
there are much more documents than terms. Even if we divide the set of
documents in popular domains, it is likely that there are much more docu-
ments than items. In that case we only need a representative subset of the
documents to get most terms used in that domain.



2. Extract the keywords for each document. Use a keyword extraction
algorithm like those which are developed in the Natural Language Processing
(NLP) research domain [8], to extract for each document a set of keywords
which are the terms that describe the content of the documents. The size of
the set depends on the trade-off between the size of the term-by-document
matrix and the possibility to classify the assumed queries into one or more
of the terms. Many keywords will lead to a big term-to-document matrix,
for which it becomes computationally very expensive to calculate the term-
to-term similarity matrix. However if there are many terms, the algorithm
of abstracting a query into these terms will be very easy because many of
the strings in the query (after stemming) match the terms in the matrix.
Based on our experiences with the SVD tool ’SVDLIBC’?, we can say that
for 100.000 documents containing together 200.000 terms it is still doable
to do the calculations as described in step four of our method (AMD dual
Athlon 3000+ 2G RAM roughly taking 1 hour)

3. Create a term-by-document matrix. Create a database containing the
total d document sets described by ¢ terms (the union of all document key-
word sets) is represented as a t x d term-by-document matriz A. The d
vectors representing the d document descriptions form the columns of the
matrix. Thus, the matrix element a;; is the weighted frequency at which
term ¢ occurs in document description j.

4. Calculate the SVD of the term-by-document matrix. Each document
vector in the term-by-document matrix can be placed as a point in a large
multi-dimensional term space. The Singular value decomposition (SVD) al-
gorithm can be used to reduce the term space to a smaller number of di-
mensions. In doing so, terms that are semantically similar will get squeezed
together, and will no longer be completely distinct. We re-use the description
of [22] to describe the SVD algorithm. Let A be a ¢ x d matrix as described
in the previous step, whose entry a;; indicates the importance of term 7 in
document j. Suppose the rank of A is r. SVD decomposes A into the prod-
uct of three matrices, A = UX VT, where U = (uy,...,u,) is a t X r matrix,
Y = diag(ay, ..., ;) is an r x r diagonal matrix, and V = (vq,...,,v,) is a
d x r matrix. a;’s are A’s singular values, a; > ag > ... > «,.. Now the ’trick’
of LST is to reduce the dimensionality of the matrix by simply removing the
singular values that have a low value. The result of this reduction is term
clustering based on similarity, which we discuss in the next step. [4] give
a good overview how such fundamental mathematical concepts from linear
algebra can be used to manage and index large text collections.

5. Use the SVD to generate the term-by-term similarity matrix Be-
fore we explain how the SVD can be used for generating a term-by-term
similarity matrix from A, we first explain how it already can be done by
simply comparing the term vectors in 4. The term-to-term comparison is

3 SVDLIBC: http://tedlab.mit.edu/ dr/SVDLIBC/ version 1.34 (2004)



carried out by computing the cosines of the angles w;; between all pairs of
term vectors ¢ and j:

(AT o)
[ AT e[| AT e; |

where ¢ and j is the number of terms in A and where e; denotes the [th
canonical vector of dimension ¢ (the {th column of the ¢ x ¢ identity matrix).
The cosines can now be listed in a ¢t X ¢t symmetric identity matrix S, where
Sij = cosw;j. The entry S;; reveals how closely term 4 is associated with
term j. If the entry is near 1, the term vectors for the two terms are nearly
parallel meaning that the terms are closely correlated. The problem with this
approach is that in our case A is sparse because on average each document
description only contains a small subset of the terms. This means that many
entries in S will be 0. Recall that our goal of the similarity matrix is to find
terms that are related to other terms, which means that it would be better
that for many terms a set of terms can be found which are at least not 0 but
still reflect a correct similarity value. This would allow the advertisement-
and query forwarding mechanisms to route messages to peers on which the
expertise descriptions are close to the content of the received advertisement
or query. This is where SVD becomes a good candidate, because reducing the
rank of the matrix uncovers the associations among terms in a large collection
of terms [9]. Because it falls beyond the scope of this paper to go into detail
on LSI, we only show how this term matrix based on the reduced rank
SVD is constructed. By the reduced-rank method, Ay = Uy X Vi replaces
the original term-by-document matrix 4, where k is the reduced number of
singular values (and therefore the rank of the new matrix Ay). Recall that
the columns of U}, forms a basis for the column space of Ay, and so those
columns could be used in place of the columns of Ay for query matching.
In the same way, the rows of V}, are a basis for the row space of A and
so can replace the rows of Ay. Thus, in a reduced-rank approximation, the
term-by-term can be constructed by calculating for each pair 4, j the cosine

1] :
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fori=1,..,t and j =1, ...,d. Defining b; = Z‘kZ/lkTej, we have
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fori=1,..,tand j=1,...,d.

In this section we proposed a method to automatically build a term similarity
matrix, which is an important element in the pRoute system. In the next
section we will show our experimental setup and introduce our simulation
platform by which we test the characteristics of our approach.



5 Experimental Setup

We designed and implemented a simulation platform to test the performance of
the different policies. As we will see, the semantics-based policies always outper-
form their random-based counterparts, although it will turn out to be situation
dependent which combination of policies is the optimal one. For example, when
the content of peers in the network remains fairly static, it is worthwhile to
‘invest’ in the visibility of peers by sending relatively many advertisement mes-
sages resulting in a reduction of the number of query forwards due to better
peer selection. Also the recall rate that a user likes to see will turn out to be an
important factor in selecting the policy.

5.1 Scenario and the data-set

Although the characteristics of our system are probably independent from the
domain, we base our experiments on a realistic scenario where we can also easily
get the needed data-set. Namely, we simulate a scenario in which our P2P system
runs in a scientific domain where researchers share their publications with other
researchers via a P2P network. This means that in our simulation researchers
are represented by peers that share the publications of those researchers and
publications that are interesting for them. We do this by letting the peers also
include a (small) subset of the documents that are returned for queries posted
by those peers. Each time when a peer adds a document of its user or includes a
set of documents by the query process, the expertise description of that peer will
be updated. The expertise descriptions will contain the most important terms
of the researcher it represents, which reflects the content of the documents it
shares. In this way we get a realistic overlap of document ownership and also
a realistic growth of the document set over time. The queries that peers post
are based on the content of those peers which supports the assumption that in
our research scenario, the interests and expertise of users are closely related. We
make the queries by selecting some terms which are in the document descriptions
of that peer.

Our data set contains a crawled set of research articles from the computer-
science domain sorted per author. The crawling procedure was first to extract
the authors and titles from the DBLP resource?, a popular database containing
bibliographic items, and use Citeseer® to fetch the PDF document. We used the
unix tool PDF2Text to extract the textual version of the PDF documents. Only
when the tool was able to extract the text, the entry (author + text) is added
to our dataset.

Peer set, document description set The document set contains 101,133 scientific
documents in the computer science domain, namely a subset of those cited in
the DBLP-database. The document crawl procedure is based on a breadth-first

4 DBLP: http://dblp.uni-trier.de/
% CiteSeer: http://citeseer.ist.psu.edu/



search over co-authors, starting by one author. More precisely, we started by
crawling and storing all documents and co-authors from the author 'Maarten
van Steen’. Next, for all the co-authors we crawled their documents and their
co-authors and removed the doubles. This procedure is continued until a given
maximum that we put on 82.054 peers. The characteristics of our data-set are as
follows: Each document in our data-set has on average 2.71 authors (see Figure
3), and each author has on average 3.22 documents (see Figure 4). We used
an NLP tool called 'TextToOnto’ [11] to extract for each document a set of
descriptive terms (around 10 terms per document, see Figure 2), which resulted
in 175,008 unique terms.

Shared similarity matriz In our experiments we assume that peers all share
the same term similarity matrix created via the methodology of the previous
section. We used a random subset of the 101K document descriptions from the
previous paragraph as a source for creating this similarity matrix. The number of
documents that is selected clearly needs to cover most of the shared terms from
the 101K documents. We define a term as a shared term, when it is shared by
at least three peers (an arbitrary number). This resulted in a set of 25K shared
terms (see Figure 1). Now that we have this shared term set, we have to find out
how much we can reduce the document set before the number of shared terms
decreases below an acceptable ratio. Also here we choose an arbitrary threshold
of 90%, which means that we stop reducing the set when the reduced shared
term set covers less than 90% of the original shared term set. In our case we
could randomly reduce the document set by 90% which means that in our case
we only needed 10K documents to get 92% of the shared terms. This reflects the
realistic situation that the initial set of shared terms is created based on a small
initial data-set. Now for each of the 10K documents a term vector is created of
25K elements, with value 1 at places where the term occurs in the document and
value 0 (most of them) where the term does not occur. We use the method as
described in the previous chapter to calculate the Term x Term matrix, based
on these 10K document vectors.

Ezxpertise descriptions As said in previous sections, an expertise description de-
scribes the ’expertise’ of a peer by a set of terms from the shared distance matrix.
The expertise descriptions in our experiments are made by taking the union of
all document descriptions of the peers and filter out the terms which are not in
the distance matrix.

Query abstractions We create the set of query abstractions for a peer p by tak-
ing random sets of 3-5 terms from randomly chosen document descriptions dges.
owned by the peer, where the terms should also occur in the term matrix.

We believe that the creation of this data-set in itself is a contribution of this
paper. The data-set is available from the authors on request.
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Fig.1. Term popularity. This figure shows the distribution of the number
of documents per term. There are a few terms that occur in many term vec-
tors, and many terms only occur in three term vectors. Most terms (175008-
32718=142290) have three matching vectors (we fixed this minimum to this
value and discarded the terms that have less matching vectors).
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Fig. 2. Terms per document. This figure shows the distribution of the number
of terms per document(vector). Most documents have around 9-13 terms in its
vector. We fixed the maximum number of terms to 15.
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Fig. 3. Authors per document. This figure shows the distribution of the
number of authors per document. Most documents have 1-4 authors.
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Fig.4. Documents per author. This figure shows the distribution of the
number of documents per author. There are only a few authors that have more
than 10 documents (in our data-set).

5.2 Simulation platform and Scenario Generator

We wrote a simulation platform to examine the different characteristics of our
pRoute system. The platform is composed out of two elements: the ’scenario
generator’ and the 'scenario executor’. The generator is used to create a sequence
of events to be used as input for the scenario executor. Having a different program
to create the scenario yields several benefits compared to having a single program
for both creating a scenario and applying it as input to our scenario executor:

— Firstly, comparing the output of the Peer-to-Peer system is more straight-
forward when exactly the same sequence of external events is used as input.

— Secondly, it yields performance gains when simulating several configurations
of the Peer-to-Peer system.

— Finally, its output, the scenario, is in XML format, making the platform
reusable and allowing user modifications to the scenario.

Each scenario script contains a large set of events from three different types,
query events, document inclusion events and ’leave/join network’ events, which
normally would all be initiated by the users in a real network. A document
inclusion event lets a peer include one of its own documents (i.e. of which the
user is the author of that document) into its existing set of documents that it
already shares on the network. A query event has the effect that a peer sends
a query on the network which has to be logged for our statistics. But also it
means that when documents are returned as an answer on the query, some of
them will be included into the shared document set. A ’leave/join network’ event
has the effect that a peer temporally disconnects from the network. A system
parameter in the scenario executor determines the time that the peer stays off-
line. This means that after a certain amount of time, the peer goes back on-line.
The scenario generator is described by algorithm 1, which we briefly describe as
follows: In step 1, a set of document descriptions is generated from the complete



set of documents that possibly will be shared in the network. These descriptions
are sets of terms that occur in the shared term matrix. Step 2 combines authors
(represented as peer identifiers) with their documents. Step 3 initializes an empty
set of scenario events. From step 4 to step 27, the set is iteratively filled with
three different types of events until a maximum number of events (which is a
system parameter, given in step 4) is reached or when the set of documents that
a peer may add to the network is empty. The type of event that is added per
iteration is determined by the determineEventType() function (step 8), which
is a probabilistic function that decides if the next event that will be added to
the script is a query event, a document inclusion event or a leave/join network
event.

Algorithm 1 Scenario script generator

1: Let Dgese := describe(D, S) be the set of document descriptions generated from
the complete set documents D by terms occurring in the shared term similarity
matrix S

2: Let C := Dgesc X ID the set of tuples that combines each document description d €
Dygesc with the peers (identified by peer identifiers p € I D) that have a document
that matches the description

3: Let E := ) be a list of scenario events

4: Let TotalNrO f Events be the total number of events that the generated scenario
script will contain.

5: while E.size < Total NrO f Events AND C # () do

6: //select a random tuple from C

7. [p,d] := getRandomTuple(C)

8:  eventType := determineEventType()

9:  if eventType == events.query_event then
10: //get a random set of terms g from d
11: q := getRandomSubset(d)
12: //create a query event for peer p and query ¢ F
13: queryEvent := createQueryFEvent(p, q)
14: //add the query event to E
15: E := E.add(queryEvent)
16:  if eventType == events.inclusion_event then
17: //create an inclusion event for peer p and document d
18: inclusionEvent := createInclusion Event(p, d)
19: //add the doc inclusion event to E
20: E := E.add(inclusion Event)
21: //remove the tuple from the C
22: C:=C\ [p,d]
23:  if eventType == events.leave_join_network_event then
24: //create a leave/join network event for peer p
25: leaveJoinEvent := createLeaveJoinEvent(p)
26: //add the leave/join network event to E
27: E := E.add(leaveEvent)

28: return F




The scenario executor parses a scenario script which is generated by the
scenario generator. Mechanisms that implement various policies can be easily
added without modification to existing code. The simulator runs in a single
process. Furthermore, it is capable of handling up to 100,000 Peers and hundreds
of thousands of documents. Performance has been an important issue on the
development of the simulator. We do not assume a reliable message delivery,
which in our case is limited to the situations where peers send messages to peers
that are not online. In such a case, besides that the message is counted by the
statistics, the sender also knows that the message was not received. In that case
the peer, to which the message was sent, is removed from the neighbor list.
We assume the following simplified ordering of messages: a message only can
be forwarded for the ny, time if all previous messages have been forwarded for
the (n — 1) time. This assumption is made because it simplifies our simulator
and considerably improves its execution time. We do not expect any significant
changes in the results when the message delivery is more parallel.’

5.3 Evaluation criteria

We evaluate the different policies and the influence of other parameters by indi-
cating user satisfaction (measured as document description recall), system effi-
ciency and robustness. Please recall that each document and query is described
by a set of terms from the shared term similarity matrix. Our precision and
recall measures are based on these descriptions and not on the actual queries
and documents. We expect that this is not a problem because the most impor-
tant stemmed terms are in the 160K terms from the similarity matrix and many
queries will contain (after stemming and removing the stop-words) these terms.
Our evaluation is reflected by the following criteria:

— Document description precision

.. |D7’ele7jant n Dreturned|
Precisionpy. =

(®)

indicates how many of the returned document descriptions are relevant, with
Dy eievant being the total set of matching document descriptions in the net-
work and Dyeturneq being the set of returned document descriptions for
queries. A document description is seen as relevant when all the terms in
the query description occur in the document description. We determine the
set of relevant documents D,.cjevant by evaluating the query against a cen-
tralized database which contains the complete set of document descriptions.
In our model we work with exact queries, therefore only correctly matched
documents are returned. The precision will therefore always be one, since

|D7'etu7'ned|

Dreturned - Drelevant:

_ |D7’eturned | o

Precisionpee = 1 9)

|Dretu7"ned| B

and will therefore not be an evaluation criterion.



— Document description recall Doc,..

|Preturned ﬂ Prelevant| _ |Preturned|

|Prelevant‘ |Prelevant| (10)
The recall on the document level states how many (|Pretyrned|)of the total
amount of relevant documents for the queries (| Pyreievant|) are returned and
can be seen as an indication for user satisfaction. As we will see, the optimal
policies differ for distinct recall levels. Therefore, recall level can also be seen
as a requirement.
— Peer precision Peerp,.. The peer precision is defined as:

‘Prelevant ﬂ Pqueried| _ |Prelevant| (11)

|Pquem'ed| B |Pqueried|

, which is the percentage of queried peers during the query process qucricd
which are ’correctly’ queried 9, ejevant, i-6. where ate least one document of
the peer was correctly matched. This measure can be seen as an indication
for the efficiency of the search process.

— Average number of messages per query (),,;; The average number of
messages used to resolve a query. It is an indication of the efficiency of the
system.

— Average number of advertisement messages per peer per exper-
iment A,,,, The advertisement initialization policy decides if the peer
should (re)advertise its expertise. Normally the advertisement procedure
starts when the expertise description of a peer changes, for example caused
by a significant change of content that a peer stores or when the peer goes
back online. When a peer decides to advertise its expertise, its advertisement
distribution policy decides to which peers the advertisements should be send
to. The average number of advertisement messages per peer during one sim-
ulation experiment is based on the multiplication of the total number of
advertisement initializations and the number of messages per initialization.
This number can be seen as the construction costs and maintenance costs of
the semantic overlay for that experiment.

5.4 A short note on the simulation method

When we finished our simulation platform and started different combinations
of policies to get an idea of the behavior, we discovered that the results of the
experiments are not only determined by the individual policies but also strongly
depends on the combination of different policies. For example, an advertisement
forward policy Al combined with a query forward policy Q1 could give very
good results like also advertisement forward policy A2 combined with query for-
ward policy )2, but the combination of A1 and Q2 could give very bad results.
This means that the way to combine policies is as important as the choice of the
individual policies themselves. Due to the fact that simulating all different pos-
sibilities together with all different parameters for each individual policy would



lead to an unacceptable amount (millions) of experiments, we choose an iterative
local search selection procedure. Namely, first we generated a pool of hundreds of
experiments instantiated with some possible good combinations of policies and
their parameters. These choices are made based on intuition and with the goal
in mind of showing the influence of using semantics in the whole process. After
that, we generated a new pool of experiments, by taking the best performing
combinations of the previous step and make some changes in their settings to see
how dependent the result was on the individual parameters. In this way we can-
not guarantee that we found the best combination of policies together with their
optimal settings, however at least can show a variety of experiments showing the
difference between policies using semantics in the advertisement and querying
process and those base on random behavior. In Table 1 the default settings are
shown for the different experiments. Sometimes we deviate from these settings,
and if so, we mention these alternated settings.

description H default value

total number of peers in the system 27,351

average peer availability («) 40%

average nr of reconnects per peer (8)|| 75
Table 1. Default parameters in experiments

Now that we have shown how our simulation platform, data-set and evalua-
tion criteria look like, we can present the results of our experiments in the next
section.

6 Results

Random-based strategies Table 2 shows how the system performs when it uses
random query- and advertisement strategies and can be seen as our baseline
settings.

— Advertisements are needed to make peers visible in the network. We only
tested the settings where the number of advertisement hops are two or three.
We skipped the one-hop experiments because we can already know that these
will perform bad. Namely, each peer knows in the beginning a set of random
pointers (peers) to which it can send its advertisements. If the receiving peer
does not forward the advertisements, the topology always will be the initial
topology which gets outdated after a while. Which means that a new set of
pointers has to be found (e.g. downloaded from a web-site) somewhere, which
is an undesirable option due to the centralized characteristics of it. When
we compare the recall from experiments 1,2,3 with experiments 4,5,6 (where
we increase the advertising depth), we can see a 20% drop in the recall.



This is because the visibility of the peers that send the latest advertisements
becomes too strong because their advertisements will be sent to a an unac-
ceptable large number of peers. This results in less visibility of other peers
that sent previously advertisements. For example in experiment 6, there are
1092 messages sent per advertisement initialization. Given that on average
there are 20000 peers online, the advertisement storages of the individual
peers will be updated too often. Therefore, only the last advertisements sent
in the network will be stored, resulting in a smaller fraction of the peers
being known. Summarizing: be careful with the number of advertisement
messages. When there are too much forwards of the same advertisement,
not only will the network traffic be increased, it will also result in too many
existing advertisements being replaced by it, thus making peers either too
visible or too little visible.

— A second observation is that, besides the recall, the precision increases when
there are more query hops. This is because when there are more query hops,
more results will be returned. Due to the fact that in our simulation some
of the query results are added to the document of the querying peer, it
will lead to more copies of the documents which automatically increases the
chance that a peer contains an answer for a query. We deliberately keep this
inclusion rate small to keep this effect into reasonable boundaries.

Random-based query routing combined with semantic-based advertisements Table
3 shows the results of combining the random-based query routing strategy with
the semantic-based advertisement strategies.

— The results of experiment 7 to 11 show that replacing random strategies by
their semantic strategies increases the performance, however the gain dif-
fers per choice. For example, it seems that it is better to choose a semantic
advertisement acceptance policy instead of a semantic advertisement distri-
bution policy (compare experiment 8 with 9). Choosing both seems to be
the best solution (experiment 10). Experiment 11, compared with experi-
ment 10, shows that doing semantic advertisement initialization reduces the
number of advertisements but also the recall and precision. These results
indicate that replacing random policies by their semantic counterparts has
a positive effect.

— Experiment 11, 12 and 13 show the influence of different query hops on
the number of query messages and the recall. They indicate that in order
to double the recall, the number of query messages need to be more than
tripled.

— Experiment 11, 14 and 15 indicate that there is a positive effect of the
number of advertisements on the recall and precision. This confirms the
positive effect of clustering peers with the same expertise: the recall and
precision of this clustering is higher because in our system peers normally
ask questions related to their expertise and therefore can benefit from the
fact that neighbors have already a good chance to answer the query.



i/?: Simulation setting WQmﬂﬁﬂmL BOQ@L @3@ 7 \?Smi

1 QF13p3) Al AD1 5 AAT (g 0.0076 0.0093 44 214
2 QF1(43) Allp) AD1(95) AAL (g0 0.0082 0.0326 133 211
3 QF13) Allgy AD1y 5 AAL 0 0.0085 0.1013 384 214
4 QF133) All AD1 35 AAT g0 0.0070 0.0086 42 1121
5 QF 13 Al AD13 5 AALg0) 0.0072 0.0281 124 1099
6 QF13) Allgy AD1p5 AAL ) 0.0078 0.0835 357 1092

Table 2. Random query routing with random advertising. For the meaning of the simulation settings, please look at
Subsection 3.3



— Experiment 16 to 22 show the influence of the number of neighbors that a
peer knows. The results indicate that this factor is important for the perfor-
mance of the system. Namely a too small number of neighbors makes that
a peer cannot remember a sufficient set of the relevant peers. However the
number can also be too large. Namely this makes that a peer stores relatively
too many irrelevant peer advertisements, which increases the chance that,
due to the random query forwarding process, peers are selected that have no
expertise on the query (experiment 22).

Semantic query routing combined with random-based advertisement strategies

Table 4 shows the results of combining the semantic-based routing strategy
with the random-based advertisement strategy. The results indicate that this
combination outperforms the previous two combinations. Due to this random-
based advertising, there is no clustering of expertise, meaning that each peer
only knows a random set of peers where a new advertisement replaces randomly
an old advertisement. The drop in recall for experiments with a high number of
hops (compare experiment 26 with 27) is likely to have the same reason as given
at the experiments that combines random advertisement and query strategies.
Namely, peers that recently advertised are unacceptably oppressing the other
peers that have advertised before due to the enormous amount of copies of the
same advertisement caused by the large number of forwards. As before, this
shows that a careful balancing of parameters is required.

Semantic query routing, semantic advertisements Table 5 shows the results of
combining semantic query policies with semantic advertisement policies. The
results indicate that this combination outperforms all the previous three combi-
nations.

— Experiments 28 to 33 show the effect of changing the random policies from
the advertisement process by their semantic counterparts. Result 33 indicates
that by replacing all of the random policies by semantic ones, a good recall
can be achieved (42%) together with a low number of advertisement and
query messages.

— Experiments 33 and 34 show that changing the similarity threshold in the
advertisement initialization policy increases the recall but also the number
of advertisement messages.

— Experiments 35 and 36 show the effect of playing with the number of query
hops. The difference between two and three hops (experiment 32) results
in this case in a recall increase from 27% to 42%. By doubling the num-
ber of messages again by increasing the number of hops from three to four
(experiment 36), the recall increases to almost 50%.

— The effect of increasing the number of advertisements is shown in result
37 and 38. Although there is a positive effect (compare result 37 with 32),
it seems that the topology gets saturated at a certain point because the
difference in recall between result 32 and 38 is almost the same although the
number of advertisements almost doubled.
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Al2 AD1 ;55 AAL 5 0.0059 0.0177 125 969
All AD2;5 509  AAl gy 0.0054 0.0130 142 412
Al AD1 55 AA2 5 0.0245 0.1103 123 1021
Al AD25 5090  AA2 5 0.0181 0.0809 136 464
Al2 g AD2 55 .9 AA2 5 0.0148 0.0647 137 422
AT2 g AD2(350.2) AA2 (5 0.0147 0.0309 47 423
A2 g AD2350.9) AA2(15) 0.0130 0.1299 391 403
\—Nwmowv \wuwmw,mb 2) \Phwcmv 0.0073 0.0192 126 55
A2 ) AD2 45 0.9) AA2(15) 0.0188 0.0904 132 807
Al2 ) AD1 35 AA2y 0.0119 0.0249 51 41
A2 g AD13 5 AA2 ) 0.0188 0.0580 73 87
A2 ) AD]1 35 AA2) 0.0232 0.0795 86 121
Al2( g AD]1 35 AA2 (99 0.0240 0.1137 111 309
Al2( g AD]1 35 AA2(30) 0.0250 0.1257 115 413
A2 ) AD]135) AA2 g0 0.0158 0.0887 118 577
Al2( g AD]1p5 AA2(0) 0.0085 0.0395 139 373

Table 3. Random query routing with semantic-based advertising policies
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All AD1 35 AAT g0 0.0669 0.1213 40 1104
Al AD13 5 AAL 0 0.0668 0.2299 105 1104
Allgy AD13p5 AAL ) 0.0674 0.3454 211 1084
Al AD1yp5) AAT (g0 0.0637 0.2724 113 213
Ally AD1yp5 AAL ) 0.0665 0.1981 98 3486

Table 4. Semantic query routing with random-based advertising policies
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Table 5. Semantic query routing with semantic-based advertising policies




Influence of the number of neighbors Table 6 shows the effect of varying the
number of expertise descriptions (also called the number of neighbors) that a
peer can store. As it can be seen, an increase improves the recall and precision,
without an increase in the number of query messages although with an increase
of the number of advertisements. This increase is because the number of neigh-
bors selected at the first advertisement hop depends on the number of neighbors
in the storage: the more neighbors, the bigger the chance that peers are above the
similarity threshold. The trade-off between recall and the number of messages is
off course dependent on the requirements of the user of the system. However, the
results indicate that the positive effect on the recall by sending more advertise-
ment messages in combination with a larger neighbor storage starts to diminish
after 60 neighbors (compare experiment 42 with 43). Probably this result is de-
pendent on the number of peers in the network, where the trade-off in larger
networks lies at a higher number of peers.

Influence of the network size Table 7 shows the results for varying the network
size (in the other tables, the network size is fixed at 27K peers, see Table 1).
The results indicate the precision almost stays the same for different network
sizes. That the recall drops a bit is because more peers means more content,
which means that more peers needs to be visited to get the relevant results.
In other words, given that the maximum number of query forwards stays the
same during all the shown experiments, it can be derived that the recall should
decrease. Experiment 49 shows a large decrease in recall and advertisement mes-
sages compared to experiment 44 to 48 which has the following cause: When
there are not enough advertisement hops, the relevant experts for the advertiser
(i.e. the peers that have similar expertise as the sender) are not reached at an
advertisement phase. This results in the situation that both sides will not know
each-other (the advertising peer and the related experts). This is because when
the peers that are reached at the advertisement phase are not relevant they will
not 'remember’ the advertising peer and therefore the peer will be forgotten.
Thus, more advertisements are needed to reach the relevant of the related peers,
so that they will remember the advertising peers and will send advertisement
messages to it too. As we can see, there is no linear decrease in recall and number
of advertisement messages. The reason that there are less advertisements is that
the initial random list of peers is the only set that a peer will know (because
it receives no advertisements of peers due to the reason given before) together
with the fact that peers are removed from the neighbor list if a messages is sent
and the receiver is off-line, a peer’s neighbor list will get smaller and smaller.
Experiment 50 shows that one extra advertisement hop solves the problem. We
did not perform experiments to find the 'drop-point’ for these three hops, but
probably it will lie in a network with more than 1M peers. Another solution that
partly solves the problem of the enduring reduction of the neighbor list, which
we did not test, is to have gateway peers that provide new pointers to random
peers when a peer has not enough neighbors anymore.



Ew: Simulation setting ﬁmmﬁs&ni UQD&L @S&L \»3&&
39 AT2) ) AD2(350.2) 0.0359 0.1029 72 81
40 A2 g AD23 509 0.0701 0.2400 90 161
41 Al20s) AD2(350.2) 0.0995 0.3665 99 274
42 Al2( g AD2(350.2) 0.1135 0.4077 99 350
43 Al2( ) AD2(350.2) 0.1256 0.4419 100 436
39 Al2(y ) AD2(550.2) 0.0100 0.0189 53 10
40 Al2( ) AD2550.2) 0.0235 0.0745 78 19
41 Al2(y ) AD2350.2) 0.0447 0.1648 97 37
42 Al2 g AD2350.2) 0.0560 0.2210 103 48
43 Al2 .5 AD2350.2) 0.0709 0.2811 111 68

Table 6. Influence of number of neighbors




Ew: 2%@7 Simulation setting 7 Nuwmﬁuﬁmoi UO@&L @3&& \r:m&

44 5K QF24,3A12(08)AD2(350.2) AA2(80) 0.0601 0.3895 99 36
45 10K @ﬁwﬁqu\wNMAo.wv\wwwﬁw,mb.wv\w\wwﬁwov 0.0576 0.3157 106 44
46 20K QF 243 Al2(08)AD2 3 50.9) AA2(gp) 0.0609 0.2433 105 55
47 27K QF 243 Al2(08)AD2 3 50.9) AA2(gp) 0.0586 0.2125 102 58
48 40K QF 243 Al2(08)AD2 3 50.9) AA2 gp) 0.0584 0.1682 96 61
49 80K wagawv\wNMAD.mv\w@MAw,m“o.wv\w\wMAmov 0.0265 0.0374 60 24
50 80K QF 243 A12(08)AD2(350.2) AA2(30) 0.1092 0.3497 107 538

Table 7. Influence of the maximum number of peers in the network for our best performing settings



Influence of availability Table 8 shows the results of varying the availability of
peers for a pure random query- and advertisement policy and for the semantic-
based policies (in the other tables, the availability is size is fixed at 40%, see 1).
As can be seen, the performance is very dependent on the availability. When the
availability is 3%, our semantic-based approach has the same (bad) performance
as the random-based approach (compare experiment 51 with 56). However when
the availability is 26%, the recall of the semantic-based approach performs al-
ready 10 times better than the random approach in terms of recall. It is likely
that this difference will even be higher in larger networks because random net-
works will have a linear decrease in recall when the network grows linear and
Table 7 shows that the semantic-based approach does not have the linear de-
crease.

7 Conclusions

In this paper we presented a Peer-to-Peer system where the nodes describe their
content in terms which occur in a shared similarity matrix. The peers share
their content descriptions with other peers where peers remember only those
peers that are relevant (i.e. semantically close) to their own content. In this way,
peers form a semantic overlay network. We have shown how the model can be
applied in a bibliographic scenario based on a realistic data-set. We have shown
a method to automatically make a term similarity matrix which can be shared
among a group of peers. Simulation experiments that we performed with this
bibliographic scenario where all peers share the same distance matrix show that
it performs much better in recall and the reduction of the number of messages
compared to a random approach. Our results are based on a large data-set and
are comparable with the work of [11], except that our shared data-structure is
richer and created automatically. We have shown that our system is scalable
and robust to peer drops, although the availability of peers should not be too
low. Future work has to solve the problem of dealing with very low availabilities,
most likely with the introduction of a complementary protocol to renew neighbor
caches.
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