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Abstract; Content-based full-text search is a challenging problem in Peer-to-Peer (P2P) systems. A distributed P2P overlay network
that supports semantic-based content searches, called S-Peer, is proposed. Peers in this overlay are grouped based on the semantics of
their data, and self-organized as a semantic overlay network. To reduce overheads incurred by peer joining and leaving in a high-dimen-
sional overlay network, peers are constructed as a one-dimensional semantic space that facilitates efficient routing. The results show the
effectiveness, efficiency and scalability of the proposed system.
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Web is an extension of the current web in which infor-

1  Introduction mation is given well-defined meaning, better enabling

Peer-to-Peer ( P2P) technologies have recently re- computers and people to work in cooperation. In a P2P

ceived much attention from academia and industries due
to many benefits they offer. In a P2P system, a large
number of nedes can potentially be pooled together to
share their resources, information and services. How-
ever, most exisiing P2P systems support only title-
based searches and are limited in funciionality when
compared to today’ s search engines, they lack sup-
port for semantic-based content search. The Semantic
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system, semantic web techniques can be used for ex-
pressing the knowledge shared by peers in a well-de-
fined and formal way. In the simple model that we pro-
pose, peers use a shared ontology to advertise their ex-
pertise in the P2P network. The knowledge about the
expertise of other peers forms a semantic overlay net-

work , independent of the underlying network topology.
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If a peer receives a query, it can decide to forward it to
peers about which it knows that their expertise is simi-
lar to the subject of the query. The advantage of this
approach is that queries will not be forwarded to all or a
random set of known peers, but only to those that have
a good chance of answering it.

In this paper, we address the problem of semantic-
based content search in the context of document retriev-
al. Given a query, which may be a phrase, a statement
or even a paragraph, we look for documents that are se-
mantically close to the query. We proposed a distribu-
ted P2P overlay network that supports semantic-based
content searches, called S-Peer. With such an organi-
zation, all information within the network can be organ-
ized in a semantic overlay network, and then efficiently
indexed.

The rest of this paper is structured as follows. Sec-
tion 2 describes the related work, with the semantic
representation studied in section 3. Section 4 presents
the semantic retrieval model. The results of simulations
are discussed in section 5. Finally, conclusions of this
paper are presented in section 6.

2 Related work

Schwartz!!

nodes with similar contents into a group. A search

describes a method that organizes

starts with random walk but proceeds more deterministi-
cally once it hits in a group with matching contents.
Motivated by research in data mining, Cohen et al. '*
use guide-rules to organize nodes into an associative
network. Sripanidkulchai et al. ©*) extend an existing
P2P network by linking a node to other nodes that satis-
fy previous queries.

Replication has also been explored to improve
search efficiency. TFastTrack!! designates high- band-
width nodes as super-nodes. Each super-node repli-
Cohen et
al. %) find that setting the number of object replicas to

cates the indices of several other nodes.

the square root of the searching rate for an object mini-
mizes the expected search size on successful queries.
Schema-based P2P networks such as Edutella’”!
are proposed to combine P2P computing and the Se-
mantic Web. These systems build upon peers that use
explicit schemas to describe their contents. They use
super-peer based topologies, in which peers are organ-
ized for routing queries. However, current schema-
based P2P networks still have some shortcomings; que-
ries have to be flooded to every node in the network,
making the system difficult to scale. Chirita et al. '™
built a publish/subscribe system on the Edutella P2P

infrastructure. This system uses content advertising,
subscribing and notifying. However, content advertis-
ing may create additional overhead. In our system, a
subscription request is first directed to a set of potential
producer peers in a semantic cluster. Following that,
each producer peer will map the request against its lo-
cal RDF data.

Tang et al. ™) applied classical Information Re-
trieval techniques to P2P systems and built a decentral-
ized P2P information retrieval system called pSearch.

"The system makes use of a variant of Content-Addres-

sable Networks (CAN) to build the semantic overlay
and uses Latent Semantic Indexing (LSI)!" to map
documents into term vectors in the space. Li et al. !
built a semantic small world network in which peers are
clustered based on term vectors computed using LSI.
They proposed an adaptive space linearization tech-
nique, and constructed the link structures based on
small world network theory.

3 Semantic representation of peer

In this part, the way to describe the peer or re-
quest as semantic information based on ontology method
in 5-Peer mechanism. At same time, the similarity
computation method of semantic similarity is advanced.
3.1 Ontology

Ontology is the key in semantic web. In the web,
ontology gives the meaning of the web. It provides the
semantic of word and note. For example, there are Sys-
tematized Nomenclature of Medicine ( SNOMED )!'!
and Unified Medical Language System (UMLS)!) in
field of medicine. Expert can share and remark the in-
formation in this field. New Jersey Institute of Technol-
ogy has designed the ontology of Object-Oriented
Healthcare Vocabulary Repository ( OOHVR ). The
project has about 5000 concepts organized in a semantic
network and stored in an object-oriented database. It is
accessible on the web via any browser. In computer
field, the standard classifying model is ACM Topic cur-
rently. It is standard classification in computer science
domain. The IS-A concept tree of ACM Topic is shown
in Figure 1.

The topic hierarchy contains a set of 1287 topics
in the computer science domain. However, each re-
searcher is interest in only some of them. In S-Peer,
the ontology in different field can be used according to
the need of system. The researcher can self-define in-
teresting field. In this paper, the semantic model of
topic model in network environment is standardized tak-
ing ACM Topic as example.
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Fig. 1 IS-A concept tree of ACM topic
3.2 Semantic Similarity

Now, the study of semantic similarity can be di-
vided two kinds. One is constructing tree architecture
using semantic dictionary to compute semantic similari-
ty. The other one is computing semantic similarity
through the way of corpus statistic.

(1) Using the tree hierarchical architecture com-
posed by synonym in semantic dictionary™! | such as
WordNet and HowNet, to compute the information en-
tropy or semantic distance between two concepis.
Then, the semantic similarity between concepts can be
gained.

(2) According to the frequency of the two con-
cepts in the context, the semantic similarity between
concepts can be gained through the way of corpus sta-
tistic.

The method of corpus statistic is adopted in this
paper. According to ACM Topic ontology, every peer
classifies the documents in local storage and gives its
weight.

Definition 1; Peer semantic representation. P =
{<T,, P>, i=1, 2,
tic of a peer. In the formula, m is quantity of classifi-

-+, m} denotes the seman-

cation in ACM Topic oniology, T; is the component of
the document on class i, A} is weight of the peer on
class i, it can be gained through computing the fre-
quency of word in the whole peer.

A= (1)

In formula, NY & is total times number of words of
class i on the peer, | P1 is the total words number in
the peer. So, P= | <T,, /\f>, i=1, 2,
is aggregate of weighted topic. In practical application,

. om}

T,represents a research field of peer, and the weight re-
flects the concern degree of the peer in Ti field.

Definition 2: Peer similarity. The semantic simi-
larity between peers, or between peer and request, can
obtain using the following formula.

m

sim(P;,P,) = i Z

[sim(T,,T,) x (A7 x A7) ] (2)

In formula, sim (T;,, T;) is the similarity between
class T; and T;.

The formula 2 can also be used to compute the

similarity between peer and request.

In S-Peer, the value range of similarity is in [0,
1]. When two concepis are completely identical, the
similarity is 1. Conversely, if the two concepts have not
any correlation, the similarity is 0. In other cases, the

similarity is from O to 1.

4  Semantic Retrieval Model

4.1 Semantic clustering algorithm

In S-Peer, according to the ACM Topic, each
class creates a semantic cluster. Nodes with similar se-
mantic information are grouped in the same semantic
cluster. To enable search across semantic clusters, an
intuitive solution is to construct k-dimensional semantic
clusters by connecting each peer to all dimensions of
the corresponding clusters such as in [15] and [ 16].
However, overlay maintenance cost becomes expensive
when the number of semantic clusters increases. To re-
duce overlay maintenance cost, we build a semantic re-
irieval model which enables the mapping from a k-di-
mensional semaniic space into a one-dimensional se-
mantic space.

Definition 3 : Similar peer. The threshold value of
peer Piis o, P, = { <T,, A0 >, i=1,2, «,
ml, Py= {<T,, A2>,i=1,2, -, m}. K
Sim (P,, P,) > o, the peer P, and P, can be
thought as similar peer.

Definition 4; Semantic correlation class. Given
threshold value o, P, = { <T,, A" >, i=1, 2,
<, m}. AP =0, T, can be called as semantic cor-
relation class of peer.

Definition 5; Super semantic correlation class. For
all semantic correlation classes, the one which has big-
gest weight can be called super semantic correlation
class .

After peers obtain their , they join the correspond-
ing semantic cluster. Peers who have similar semantic
information will establish relationship as neighbor. Usu-
ally, peers in the same clusier have higher similar
probability. Thus, in the routing process, query will be
prior routed to the peer in the same cluster.

4.2 Semantic overlay network
When a new peer joins the network, it will send

an advertisement including its IP address and semantic
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information. When node P receive node Q’ s adver-
tisement, it compute the similarity firsily, and judge
whether node Q is its similar node or not. If node Q is
similar node of node P, node P will append Q to its
lookup table. Each node maintains a local lookup table
shown in Table 1.

Table 1 Lookup table
No. Semantic description latency
% {<T, AF>,6,1,2, <, m) 60
# [ <T, AF>, i, 1,2, -, m] 217
T, {;Ti, AD>, 8,1, 2, -, m) 16
T, {<Ty, AT>, i, 1,2, «, m} 39

The asterisk in the first column denotes the peer in
the same cluster with the local peer. The second col-
umn of lookup table shows the peer’ s semantic de-
scription, and the last column shows the latency from
here to the corresponding peer. Queries will be prior
routed to the peer which has lower latency. Similar
peers establish relationship as neighbor, thus peers
self-organize a semantic overlay network. If a peer re-
ceives a query, it can decide to forward it to peers a-
bout which it knows that their expertise is similar to the
subject of the query.

5 Evaluation

We use simulation to evaluate the effectiveness of
S-Peer. The simulation results demonstrate S-Peer’ s
advantages in overhead, recall, and search efficiency.
5.1 Overhead

In this experiment, we evaluated search overhead
by comparing search costs among S-Peer and Gnutella.
All nodes are randomly distributed among the system.
10* requests are randomly distributed and targeted a-

mong all nodes.
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Fig. 2 Search cost for increasing numbers of nodes

As shown in Figure 2, the search cost of Gnutella
increases rapidly when the network size grows. In con-
trast, S-Peer significantly reduce the search cost.

5.2 Recall

To evaluate a P2P system, we use precision and
recall measures known from classical Information Re-
trieval. These measures are defined as follows:

Docs Docs

relevant

R 1l =
eca Docs

returned ( 3 )

relevant

Docs denotes the set of relevant documents in the

relevant

network,, meaning that the terms in the query match

their meta-data description, and Docs being the

returned
set of returned documenis. The recall indicates how
many of the relevant documents are returned.

In this experiment, each node randomly issue re-
quests. Figure 3 plots the recall for increasing numbers

of nodes.

L Gnutella S-Peer

2000
number of nodes

Fig.3 Recall for increasing numbers of nodes

In the figure, S-Peer lead higher recall than Gnu-
tella. Since clustering in the network focuses queries to
a small set of peers, and reduces the number of ran-
domly discovered peers. Also, a shared ontology for se-
mantic similarity improves the recall rate of the system
compared with an approach that relies on exact mat-
ches, such as a simple keyword based approach.

5.3 Search efficiency

In this experiment , we compared average path
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Fig. 4 Average path length for increasing numbers of nodes
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length among S-Peer and Gnutella. Each node random-
ly issue requests.

As shown in Figure 4, the average path lengths for
S-Peer increase slowly with the network size as com-
pared to Gnutella.

6 Conclusion

In this paper we studied how to improve the effi-
ciency of a P2P system by clustering nodes, and a dis-
tributed P2P overlay network that supports semantic-
based content searches, called S-Peer, is proposed.
The results from a range of experiments show that S-
Peer works effectively and has a good tradeoff between
search efficiency and search cost.
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