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Abstract

The increasing popularity of Web Services (WS) has ex-
emplified the need for scalable and robust discovery mech-
anisms. Although decentralized solutions for discovering
WS promise to fulfill these needs, most make limiting as-
sumptions concerning the number of nodes and the topology
of the network and rely on having information on the data
a-priori (e.g. categorizations or popularity distributions).
In addition, most systems are tested via simulations using
artificial datasets. In this paper we present a lightweight,
scalable and robust WSDL discovery mechanism based on
real-time calculation of term popularity. Results based on a
large-scale emulation on the DAS-3 distributed supercom-
puter, using real data from seekda, show that we can achieve
web-scale service discovery based on term search.

1 Introduction

In the past, Web Services (WS) were mainly used in the
context of corporate environments and online commerce.
Nowadays, we also see a plethora of other devices support-
ing Internet connectivity. Already in 2003, Forrester Re-
search founder and chief executive officer George Colony,
claimed that “about 500 million devices are connected to
the Internet, but by the end of the decade there would be
billions of connected devices, including cars, phones and
many other electronic devices.” 1. Most of these devices
will be able to produce information accessible through WS.
Developing an infrastructure for such large numbers of ser-
vices is a pragmatic need and as such, a promising research
domain.

The most widespread solution for storing and indexing
WS descriptions is the UDDI standard [2]. UDDI was orig-
inally perceived as a centralized repository and thus suffers
from the associated drawbacks, namely being a single point
of failure (SPoF) and being unable to scale gracefully.
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The latest UDDI specification (v3.0.2 released in 2004)
includes the option for a cluster of UDDI registries and
specifies interactions between them. UDDI nodes function
as mirror replicas - an approach that addresses the single
point of failure but is not efficient, as all nodes need to be
kept synchronized.

In academia, other distributed solutions have been pro-
posed to overcome issues of scalability and robustness, and
to push down cost. Most of these approaches rely on a-
priori semantic agreement, which is usually expressed as a
shared ontology or a categorisation [18, 12, 10, 17] used to
create the network topology.

Evaluation of these systems has not been thorough, as
new methods were tested with artificial and unrealistic data.
This is attributed to the fact that until recently, few publicly
available WS description corpora were available. Moreover,
rarely have we seen an evaluation going beyond simulation
experiments on the algorithms.

In this paper we present a fully functional discovery sys-
tem that improves scalability by using term popularity to
optimize indexing while also calculating these statistics in
real-time, meaning it requires no globally shared knowledge
and self-adapts to the dataset. Furthermore, we evaluate our
method using a real-world dataset, obtained by processing
the information collected by the seekda WS search engine2,
without the need to attach additional annotation to WSDL
files. This dataset consists of a set of terms describing
WS and a sample of anonymised queries posted on seekda.
Evaluation was performed using hundreds of real nodes un-
der heavy load in the presence of node failures.

2 Going distributed: Peer-to-Peer systems,
DHTs and Multi-term search

Since we are aiming at dealing with the issues of scala-
bility and SPoF vulnerability for WS registries, we choose
to pursue the distribution approach: namely, by building a
completely decentralized discovery service we are able to
cope with increasing load while also removing the SPoF
vulnerability of centralized approaches. We explain the
building blocks of our approach here and discuss related
approaches in Section 5.

2http://www.seekda.com/



2.1 Peer-to-Peer

Peer-to-Peer (P2P) overlay networks are distributed sys-
tems in nature, without any hierarchical organization or cen-
tralized control. Peers form self-organising networks that
are overlayed on the Internet Protocol networks and go be-
yond services offered by client-server systems by having
symmetry in roles, whereby a client may also be a server.
By doing so they are able to display features such as a
robust wide-area routing architecture, efficient search of
data items, selection of nearby peers, redundant storage,
permanence, hierarchical naming, trust and authentication,
anonymity, massive scalability and fault tolerance.

2.2 Single-term search via DHTs

Distributed Hashtables (DHTs) are a particular subclass
of P2P systems aimed at storing content in a completely
decentralized way [9]. Nodes function autonomously and
collectively form a complete and efficient system without
any central coordination. In DHT overlays, each object is
associated with a key, chosen from a large space. This space
is partitioned in bins, and each peer is responsible for the
keys and corresponding objects in the respective bin. Peers
need to maintain connections only to a limited number of
other peers and the overlay has the ability to self-organize,
with respect to peer connections and object distribution, to
handle network churn.

In principle, all DHT-based systems provide the follow-
ing functionality: store(key, object), that stores an object
identified by its key, and search(key), that returns the ob-
ject (if found) from the peer responsible for the key. Peers
communicate asynchronously via messages; current sys-
tems need approximately O(log(N)) messages to search or
store and each peer needs to keep from O(1) to O(log(N))
pointers to other peers, where N is the number of peers in
the network.

Although DHTs are robust and have very efficient key
lookups, their application domain is limited by the absence
of efficient methods to search for richly described content.
They do however provide a substrate on which more sophis-
ticated search capabilities can be based.

2.3 Multi-term search

So far we have described how a DHT can be used in
order to enable efficient single term search. However, for
settings in which resources are described and discovered us-
ing multiple terms, such as WS discovery based on WSDL
description annotations, we need to support multiple term
search.

We assume a setting in which we want to support multi-
term conjunctive queries3. A naive approach for multiple

3disjunctive queries are easier to support as they can be split into a set
of single-term queries

term search would be to maintain a distributed inverted in-
dex over all terms in a DHT:

• Insert new resources into the system by hashing each
term and storing it together with a pointer to the re-
source in the DHT overlay.

• Retrieve resources by performing a lookup on the hash
of each term of a query and then performing a local
join on retrieved results.

Unfortunately, this approach would not perform well, for
a number of reasons:

• Distributed join. To perform a distributed join, the
initiating peer has to gather all index entries for all
the terms in the query. The cost of this can be pro-
hibitively high, especially for queries with many terms.
The problem is further aggravated if some terms are
much more popular than others. In document retrieval
systems, terms usually follow a zipf distribution [1].
Therefore, a query with at least one of these popu-
lar terms will be very expensive to calculate, since it
would imply retrieving every description mapped to
those terms.

• Load distribution. The fact that term frequency distri-
bution usually follows a Zipf pattern can cause severe
load distribution problems, since the bins (ie. the peers
in the DHT) mapping to very common terms would
have to store a large number of descriptions and pro-
cess a large fraction of the total queries. One way of
dealing with this would be to set a threshold on the
number of descriptions that a peer can store for each
term. When this threshold is reached, new descriptions
for that term will not be stored anymore. Although this
would solve the storage problem of peers responsible
for popular terms, the message processing load caused
by requests to index and query descriptions will still
be very uneven. To make matters worse, blindly dis-
carding terms reduces recall, especially for rare terms,
since popular terms are more likely to be used in in-
dexing anyhow.

• Large descriptions. So far we have assumed that de-
scriptions are replicated to all the peers responsible for
each of their terms, which poses another potential is-
sue: what will happen if these descriptions are sub-
stantially large? As we shall see in Section 4, it is not
uncommon to find service descriptions characterized
by hundreds of terms. In this approach, the number of
messages and replicas increases linearly with the num-
ber of terms in the description, which makes the ap-
proach non-scalable when objects have a large number
of terms.



3 Our approach

We have a developed a popularity-based approach for in-
dexing and discovering WS descriptions consisting of pos-
sibly large sets of terms.

We already described the scalability problems when us-
ing a traditional DHT approach by indexing all terms. Since
WS can be described by a large number of terms, we need a
method that scales gracefully with the number of terms per
description.

Our approach is based on previous work on rarity-based
routing [6]. The key idea is that some terms occur more fre-
quently in descriptions than others, hence the more popular
a term the bigger the chance it will be found by a random
walk through the peers in the DHT. By having peers in the
DHT keep statistics about the popularity of the terms, we
can use this information to put more indexing effort in the
rare terms.

In [16], the authors suggest that for queries on common
items flooding queries is sufficient, while for rare items
DHTs perform best. Indeed, for common terms we are
not interested in getting all results, if there are millions of
them; the first N would be enough. On the other hand, for
rare terms, we are interested in all results. Our approach
is to use statistical information to determine rare terms and
queries that refer to them, thus adapting the routing process
accordingly.

This approach has also been taken in recent research ef-
forts [8, 5], albeit with no efficient way to determine which
items are rare. Typically, popularity-based approaches as-
sume prior knowledge of which items are popular, which
is unrealistic. But how do we determine in an efficient and
scalable way whether a term is rare or not? Unlike previ-
ous approaches, we do not assume external or centralized
sources of statistical information, but rely on the statistical
information calculated automatically, distributedly and dy-
namically by the individual peers in the DHT.

WSDL files in our system are described by a set of terms,
which we call descriptors. These descriptors will be placed
in bins, i.e. peers where one of the terms hashes to. Each of
these bins will contain many (or all) descriptors for this spe-
cific term. Thus, every description will be potentially stored
by more than one peer and every peer will potentially store
more than one description. We will show that this informa-
tion alone is enough to calculate statistical information (e.g.
we can calculate the popularity of a term) that will help us
index descriptions more efficiently4. In other words, the
uniqueness of this approach is that it exploits the structure
of DHTs to extract statistical information useful for routing.

We will describe an algorithm that uses statistical infor-
mation from the local storage of each peer to place descrip-
tors more efficiently. The intuition behind our popularity-

4Although a purely term-based approach does not suffice to express
queries based on the underlying semantics of WS descriptions, the decen-
tralized indexing scheme that this work builds on can be used as a substrate
that any query language can operate on top of

Require: Let D ⊆ {t1, t2, · · · tn} the set of all possible
descriptions and let d ∈ D a description to be in-
dexed. Let variable T ⊆ d, initially ∅, denote the set
of terms that have been used in forwarding the descrip-
tion, parameter fmax the frequency threshold for popu-
lar terms, Dp ∈ D the set of descriptions stored by peer
p and D(p,t) ∈ Dp the set of descriptions of peer p that
contain term t. Let pt, the peer responsible for term t.

1: while true do
2: tsel := tm|∀t ∈ (d− T ) |D(p, t)| ≥ |D(p, tm)|
3: T := T ∪ (t| |D(p, t)| > fmax) ∪ tsel

4: if (tsel = ∅) then
5: return
6: else
7: //Send to the peer responsible for tsel

8: p := ptsel

9: end if
10: end while
——————————————————
Require: A query for terms q = {t1 · · · tn}.

1: while true do
2: tsel := tm|∀t ∈ (q − T ), |D(p, t)| > |D(p, tm)|
3: T := T ∪ tsel

4: if (tsel = ∅ ∨ (querysatisfied)) then
5: return
6: else
7: //Send to the peer responsible for term
8: p := ptsel

9: end if
10: end while

Algorithm 1. Rarity-based walk

based approach is that rare terms are preferred for indexing,
since: (1) For common terms, it is likely that we will find
answers anyway, since more matching descriptors will ex-
ist in the system. (2) Rare terms yield a higher information
value. (3) Peers responsible for common descriptions are
likely to be overwhelmed by descriptions.

To illustrate our case, imagine the following: In the sim-
ple approach described in Section 2, the description for
an example Stock Quote5 service, that contains 310 terms,
would be replicated to 310 bins. Some terms are very
rare, like ’stockquote’, while others are very common, like
’price’. It is reasonable to expect that a query for ’price’
could be answered by many peers. Therefore, it would be
a waste of resources and a cause of a network hot-spot to
replicate the description to the peer responsible for this term
(i.e. to the peer where the term ’price’ maps to). On the
other hand, ’stockquote’ is rare, and the description should
be replicated to the peer responsible for it, since it would be
difficult to find another peer that has this rare term.

5http://www.xignite.com/xQuotes.asmx?WSDL



So let us assume that initially (by random choice) the
peer responsible for ’stockquote’ is selected for replication.
It is very likely that this peer will already have descriptions
with ’price’ since (a) ’price’ is quite a common term and
(b) ‘stockquote’ and ’price’ are correlated because they oc-
cur much more often together in a document then some ran-
dom terms. Therefore, replicating to the peer responsible
for ’price’ should have a much lower probability than repli-
cating to the peer responsible for ’stockquote’, since it is
likely that the peer responsible for ’stockquote’ could also
answer queries on ’price’, while on the other hand queries
on ’price’ can be answered by many other peers (or at least
by the peer responsible for ’price’).

Our algorithm is described in natural language in the fol-
lowing paragraphs and formally in Algorithm 1.

3.1 Inserting descriptions.

Insertion messages contain the description itself as well
as a (initially empty) set of description terms that have al-
ready been used. All terms having frequency over a given
threshold parameter fmax in the local peer’s statistical in-
formation database are marked as used. The term that has
the lowest frequency and has not been used is selected (i.e
the terms with the smallest number of occurrences in the de-
scriptions stored locally in the peer). If such a term exists, it
is marked as used and the message is forwarded to the peer
responsible for that term in the DHT. The worst-case com-
plexity of the inserting algorithm is when a description con-
tains terms that are never used in another description before.
In that case for each term t in the description D is routed to
the ’responsible’ peer via the DHT algorithm which means
that the number of hops is the average number of DHT hops
for a lookup times the number of terms, ie. |D| × log(N)
where N is the number of peers in the DHT overlay.

3.2 Querying.

For each term in the description, the hash-value is cal-
culated and the query is routed to the peer in the DHT to
which that value corresponds. However, if enough answers
are found en-route by peers forwarding the message accord-
ing to the DHT routing algorithm, then the message is not
routed further to the destination peer and the query process
for that term stops. This is meant to protect peers to which
popular terms map to.

Compared to an algorithm that replicates according to
terms chosen at random, our approach has negligible addi-
tional computational costs. This is because both determin-
ing rarest terms in a description and maintaining a list of
term frequencies has a small computational overhead, since
only calculations on the local peer are required.

An additional interesting property of the algorithm is its
anytime behavior: in the beginning, when peers have no
overview of which terms are rare, they will replicate de-
scriptions to all peers since fmax will not be reached. As the

number of descriptions in the system grows, local term pop-
ularity knowledge in each peer will also grow, since peers
can approximate the popularity of a term by counting the
occurrences in their own data.

This mechanism suffices for determining adequacy of in-
formation, while it is also orthogonal to caching techniques
or the use of shortcuts to peers, such as [15]. The worst-
case complexity of the algorithm is in those cases when the
number of answers in the system are less than the threshold
for the routing algorithm to stop searching. Namely in that
case, for each term t in the query Q a DHT lookup is made,
meaning that the number of hops in that case is |Q|× log N ,
where N is the number of peers in the DHT overlay.

Although the queries currently are a list of keywords,
also typed queries, or attribute-value pairs, can be handled
in an efficient way. A simple method is to add the types
to the keyword list in the query and let the rarity-based
algorithm figure out by itself that the attribute is more
popular then the value. For example the query

(message name=‘‘tickerSymbol’’,
message element=‘‘string’’,
port name=‘‘StockQuotePort’’,
binding=‘‘StockQuoteBinding’’)

would be translated to

(message name, tickerSymbol,
message element, binding,
string,port name, StockQuotePort,
StockQuoteBinding).

4 Evaluation

In this Section we describe the setup for as well as the
outcome of the empirical evaluation of our approach. This
consists of an analysis of the creation process and properties
of the seekda WSDL corpus, the definition of evaluation cri-
teria and experimental settings, the implementation of our
system, large-scale emulation using the DAS-3 distributed
supercomputer and the analysis of the results.

4.1 Dataset creation

Our experiments are based on real data provided by
seekda, obtained during a focused crawl performed in
March 2008.

Crawling considered at most one WSDL document per
URI, even though the same WSDL might be retrieved from
multiple URIs. This can happen, for example, if links dif-
fer in capitalization: “. . . ?WSDL” vs. “. . . ?wsdl”. WSDL
well-formedness was verified using the wsdl4j6 Java API,
but no further filtering was performed (such as eliminating

6http://sourceforge.net/projects/wsdl4j



duplicates or verifying the availability of the service imple-
mentation).

The next step after crawling was parsing the resulting
WSDL data. Standard parsers (e.g. tsearch27) are opti-
mized for HTML web pages and only extract inline tex-
tual documentation for WSDL documents, while attribute
names and values are ignored. The problem is further ag-
gravated if we take into account the fact that only about 30%
of WS have such explicit documentation8, without which a
standard parser does not extract any terms at all.

In order to increase the number of descriptive terms as-
sociated with a WSDL document, we developed and used
our own specialized parser and tokenizer, that also takes
into account the semantics of WSDL documents such as
name attributes of service and portTypes. Attribute names
in WSDL documents are very expressive and contain terms
useful for indexing. To give an example of the extraction
performance gain of our approach, we note that for the
aforementioned stock quote example our parser has man-
aged to extract 310 terms, compared to a mere 90 terms
extracted by the tsearch2 parser.

Having collected all element names from the WSDL,
we subsequently processed them considering naming con-
ventions in programming, such as e.g. camel casing, a
practice of writing compound words or phrases in which
the words are joined without spaces and are capitalized
within the compound. For example, for the service
named “StockQuoteService”, our parser extracts the terms
“Stock”, “Quote” and “Service”.

Additionally, the URL where the WSDL was found
and all URLs mentioned within the WSDL (e.g. tar-
get namespace) were taken into account. Every URL
was split into its components and then processed
as described above. For example, from “http://aws-
beta.amazon.com/onca/soap?Service=AWSProductData”
we extract “http, aws, beta, amazon, onca, soap, service,
product, data”. Note that we did not use any manually
maintained stopword list, since our algorithm is capable of
dealing with common terms.

4.2 Dataset properties

The resulting dataset can be described as follows:
Corpus We used 54,245 WSDL documents, each identified
by a URL and associated with a set of terms. The distribu-
tion of the number of terms per document as a cumulative
percentage is given in Fig. 1(c). 82% of all descriptions
have less than 92 terms. Note that some descriptions have
many terms: 61 descriptions have more than 1000 terms
(not shown in the figure).
Terms On average, we extracted 76 terms per document.
251,436 unique terms appear a total of 4,151,141 times in
the dataset. The distribution of term popularity is given in

7http://www.sai.msu.su/˜megera/postgres/gist/
tsearch/V2/

8based on seekda’s database analysis
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Fig. 1(a) (absolute term frequency by term appearances,
expressed as cumulative percentage), and Fig. 1(b) (num-
ber of unique terms by term appearances). Fig. 1(a) shows
that if we pick a random element from a description in the
dataset, there is a 60% chance that it corresponds to a term
that appears less than 1700 times in the dataset and 40%
chance that it corresponds to a term that appears less than
400 times. Fig. 1(b) gives the distribution of the number of
appearances of terms. For example, 63% of all terms appear
only once in the dataset, 12% appear twice and 6% appear
three times. The distribution is very steep as 81% of terms
appear less than three times and one term appears 48,139
times (i.e. in 90% of the descriptions)
Queries To ensure that our experiments are realistic we
used a sample of 1,414 distinct queries, retrieved from
seekda’s anonymised query logs. Query term popularity
distribution is displayed in Fig. 1(f), from which we can
see that 70% of query terms appear only once. Fig. 1(e)
that displays the number of terms per query shows that most
queries contain a single term, while from the number of an-
swers per query given in Fig. 1(d) we conclude that most
queries have between 10 and 100 answers.

4.3 Evaluation criteria

We evaluated our system in terms of description recall
and load distribution. To gain additional insight into de-
scription recall, we always took into consideration the num-
ber of answers in the system, but limited the number of an-
swers we are interested in to a maximum of N. The reason
is that in a discovery setting there is no point in trying to
retrieve all answers - instead, we are interested in getting
enough answers for the task at hand. This is not a limitation
of our algorithm, but rather a choice to make our evaluation
more realistic. For our experiments described in this paper
we made N=25 as a default value. Therefore, we define
recall as follows:

DRecall =
|Dreturned

⋂
Drelevant|

min(|Drelevant|, 25)

Furthermore, since we are doing exact string matching on
conjunctive queries, the document precision of our system
is one (DPrecision = 1).

The second criterion we will use for the evaluation of
our system is the load distribution among peers. Although a
number of techniques for achieving load balancing in DHTs
exist, they all come at additional cost. Therefore, we aim to
have a load distribution as close to uniform as possible.

4.4 System implementation

Our system is based on a three-layer architecture, in
which the bottom layer is a DHT implementation, the mid-
dle layer consists of an object store and a distributed in-
dex supporting multi-attribute search and relies on the algo-

rithms described in 3 and the top layer is application specific
- in our case, WSDL search.

The system was implemented on Java 1.6. For the bot-
tom layer, we have used the FreePastry DHT implementa-
tion, version 2.09. The search primitives of the middle layer
were provided by the implementation of the algorithm in
Section 3. For the application layer, we simulated insertion
of WSDL files and queries. Our experiments were based
on a fully functional implementation, also integrated in the
Openknowledge system [14].

4.5 Large-scale emulation

We tested and evaluated our system on the DAS-3 dis-
tributed supercomputer10, using 50 dual-processor dual-
core nodes with 4GB of main memory each. Each node
ran 8 processes (2 for each core). The head node of the lo-
cal cluster of the DAS-3 acted as a bootstrap, being used as
an access point to the system for the rest. We used Globus11

to start 400 instances of our system, which contacted the
bootstrap node, and self-organized according to the Pastry
DHT protocol. This process took less than 5 minutes.

Next, nodes published in parallel 136 descriptions each
(52400 in total) at 400ms intervals. This amounted to a total
publishing throughput of one description per millisecond.
While publishing, 7.5% of randomly chosen peers failed.
The failure model was fail-silent (i.e. peers did not notify
of their failure and stopped responding to messages).

Finally, each alive node made approximately 7 queries
(for a total of 2754) and collected the results. Again, the
queries were made at 400ms intervals, for a total querying
throughput of one query per millisecond.

This publishing and querying interval was deliberately
chosen so as to stress peers in order to test the quality of
the implementation. Of course, this comes at the expense
of recall, as we will see in 4.7. Results were written to files
and processed off-line, so as to minimize the intrusiveness
of the evaluation.

4.6 Experimental settings

Although we performed our experiments with a variety
of settings, we made a selection of which ones to present
in this evaluation based on their potential to give us insight
on the performance of our algorithm. So we chose the fol-
lowing settings, that are on some level comparable to each
other:
All: We index the WSDL files by all terms in their descrip-
tors. Theoretically, this should yield perfect recall. How-
ever, in order to index each description the required number
of DHT messages and copies of the descriptions is equal to
the number of terms (i.e. each description will be stored by
as many peers as its terms).

9http://www.freepastry.org
10http://www.cs.vu.nl/das3/
11http://www.globus.org/
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Figure 2. Experimental results

Random: Each description is indexed according to 10
terms, chosen randomly. This leads to a constant num-
ber of replicas and DHT messages at the cost of reduced
recall. We have selected this number of terms because it
leads to the same number of description messages as setting
“Rarest-low”. Thus, we can perform a direct comparison.
Rarest-low: Refers to the implementation of our rarity-
based walk, with fmax = 3. It is to meant explore the lower
bound where our system still yields good recall.
Rarest-high: Refers to the implementation of our rarity-
based walk, with fmax = 20. It is meant as a setting where
we require recall comparable to setting “All”, but using less
messages.

4.7 Results

Before presenting the outcome of our experiments, we
should note that our results are not comparable to central-
ized indexing approaches or to fast indexing using parallel
computing techniques: the focus of this work is to test our
service discovery approach in a distributed setting, which
can be extended to Wide Area Networks and scale to much
larger numbers of nodes.

Table 1 shows our most important findings: Replicating
indexes according to all terms12 gave comparable recall to
the rarity-based walk with parameter fmax = 20 (setting
rarest-high). Nevertheless, our approach used four times
less messages, a significant improvement. In a scenario
where less messages are used, we can see that our rarity-

12note that the number of messages used is 66.97 instead of the theoret-
ical 76 because of peer failures and lost messages

based walk with parameter fmax = 3 outperforms replica-
tion according to a set of terms chosen randomly, yielding
29% higher recall with roughly the same number of mes-
sages.

Figure 2(a) gives us additional insight by plotting de-
scription recall by the total number of answers per query.
The hypothesis that queries with many results are easily sat-
isfied is confirmed, since for queries with more than 300 an-
swers all approaches have almost perfect recall. The curves
for all and random converge toward perfect recall, as ex-
pected. Note that the reasons behind the all setting not
achieving perfect recall are heavy load and failing peers.

For queries with less than three answers, rarest-low and
rarest-high perform equally well with all, using roughly
seven and four times less messages for indexing, respec-
tively. random performs significantly worse, yielding ap-
proximately four times less recall than the rest.

For queries with 3 to 50 results, rarest-high suffers a
small decrease in recall while the recall of rarest-low is de-
creased to almost half. This does not happen with all and
random, which see an increase. We attribute this to our al-
gorithm using term popularity as a measure for description
popularity. Of course, this is not always true: for exam-
ple terms “banana” and “http” are popular, but a descrip-
tion containing the combination of these terms will not be
common. Queries with very few answers usually contain
one term that is almost unique in the descriptions indexed
in the system. Our rarity-based approach will always index
descriptions according to unique terms, thus recall is very
high, contrary to random where recall is low. Queries with
more terms are more likely to correspond to descriptions
that contain more common terms which are not so likely
to be indexed. This is the case where our rarity-based ap-
proach does not work optimally. Queries with many results
are so easily satisfied that whether many of the terms of the
corresponding descriptions are indexed or not does not play
an important role.

In Fig. 2 (b) we can see how load is distributed among
peers. The ideal curve would be a flat line, i.e. load dis-
tributed equally among peers. Our rarity-based approaches
clearly outperform random and all as expected. Although
a quantification would make more sense for a specific load-
balancing mechanism, we note that the maximum number
of messages received by any peer is approximately 30%
less in the rarity-based approaches. Standard deviation is
also lower for the rarity-based approaches (see Table 1).

In total, even for a relatively small overlay of 400 peers,
the benefits of our rarity-based approach are substantial. It
is expected that as the network size grows, the load distri-
bution problems for the random and all approaches will be
aggravated.

5 Related work

A first group of systems we will examine are attempts to
directly extend UDDI by applying some sort of distributed



Setting Recall #mess./descr.
All 94.67% 66.97

Rarest-high 93.45% 17.19
Rarest-low 74.04% 9.22
Random 57.21% 9.75

Table 1. Summary of experimental results

techniques on top of it.
In [11], a hierarchical P2P extension is proposed to

UDDI, according to which peers can publish an advertise-
ment about some WS they have to offer, or subscribe to
be notified when some WS they are looking for becomes
available. Peers are organised in syndications according to
topics. Each syndication has its own UDDI registry and is
served by a super-peer that propagates publications and sub-
scriptions to a top-level UDDI registry, as well as being re-
sponsible for matching subscriptions and publications. Al-
though this mechanism distributes the load of the top-level
UDDI, therefore should in theory enhance scalability, it
does not remove the SPoF vulnerability.

A similar hierarchical topology is Ad-UDDI [3]. Here
we have three layers of UDDI servers - the root registry, the
business service registry and the service layer. The business
service registries are organised according to a predefined
industry service classification scheme. In addition, there
is also a mechanism for the active monitoring of registered
services, in order to ensure that registry entries are not stale.
Although simulations have shown improvement in perfor-
mance, again the SPoF vulnerability remains.

Another group of systems tries to capitalize on the idea
of organising a P2P network according to a globally known
ontology in order to facilitate more efficient routing via
topic clustering, presented in [12]. Here it is hinted that
a P2P infrastructure based on such a topology (HyperCup)
could be used to facilitate discovery of semantically anno-
tated Web Services. Some proposals have been put forth
that build on this, such as [10], which uses DAML-S and
Gnutella as the ontology and P2P substrates correspond-
ingly. A similar approach is [17], that is based on the
WSMX execution environment for semantic Web services
and also utilizes a HyperCup topology for the underlying
P2P network of registries.

A system that utilizes both P2P and UDDI is Meteor-
S [18]. Here peers hosting UDDI registries are classified
based on their content according to a predefined global on-
tology and only host semantically annotated services that
fall under their jurisdiction. Queries are submitted to the
registry most relevant according to the classification of the
desired service to be retrieved and the structure is overseen
by a unique gateway peer.

The systems mentioned above operate under two as-
sumptions that limit their applicability for existing WS:
the existence of a globally shared ontology/classification
scheme, and the requirement for service annotations.

The group of systems closest to our own work is the one
that utilizes DHT substrates in order to benefit from their
efficiency and robustness.

The work presented in [13] uses Hilbert SFC to reduce
the d-dimensional space of d keywords used to annotate a
WS to a 1-dimensional space that can be indexed on top of
a DHT. In addition to the limitation of only being able to
index on up to three terms for each WS, there is no refer-
ence to the dataset origin and characteristics in the system’s
evaluation via simulation.

In [4], discovery is done on top of a DHT, but based on
service behavior rather than annotation: service behavior is
modeled as a Path Finite Automaton (PFA), and the repre-
sentation of this model is hashed in order to store it in a
DHT. Service retrieval is also based on formulating queries
based on automata representations which are hashed and
routed on the DHT node responsible for storing the corre-
sponding service(s). Furthermore, there is a ranking mech-
anism based on reputation. It must be noted however that
the system is not evaluated and the required PFA formalism
for storage and retrieval is not supported by existing WS.

The Atlas system [7], although developed to deal with
Semantic Grid resource discovery, is similar in principle to
other DHT-based service discovery systems. It assumes ser-
vice storage and retrieval are RDF(S)-based, using the RUL
and RQL language correspondingly and a RDF(S) hashing
scheme aimed at distributing the load efficiently over the
DHT. It also supports a publish/subscribe mechanism, but
this is the only part of the system that has been evaluated
via simulation.

6 Conclusions and Future Work

In this paper we presented a massively scalable WS dis-
covery system built on P2P technology. Our contribution
in the field lies in the following: Firstly we have crawled,
parsed, extracted and analyzed the largest WS description
corpus, to the best of our knowledge, with the benefit of
having rich descriptions for WSDL files without the need
for additional annotation. Secondly, we have developed an
algorithm to index WS descriptions on a DHT using term
popularity as a counter-indication for selectivity. Thirdly,
we have implemented a system using the aforementioned
algorithm and have performed extensive empirical evalua-
tion using real data on an implementation running on a large
number of peers. Finally, our approach showed significant
performance gain, compared to two reference approaches.

Future work lies mainly in supporting a more expressive
query language on top of our proof-of-concept term-based
retrieval, as well in experimenting further in order to test
how the gain in performance changes as the network size in-
creases and measuring the robustness of our system against
a higher peer churn rate. In addition, even though our work
focuses on WS discovery and not search, thus support for
ranking results is not fundamental as it is for search engines,
we intend to integrate ranking results in our system. We



can achieve this by taking into account description scores,
provided by an external system in the form of a scalar rep-
utation value. To rank results, we can use a combination
of their reputation value and their relevance to the issued
queries.
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