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Abstract
Objective: To address the massive number of Web services on the Internet,
we propose an effective Web service clustering and discovery method. Method:
Using BTM to learn the latent topics of the entire Web service description doc-
ument collection, we infer the topic distribution of each document and perform
clustering. Based on this, we create a fast Web service discovery mechanism. Re-
sults: Through comparative experiments with methods using LDA and external
corpora, the precision and Normalized Discounted Cumulative Gain (NDCG)
results of our method show that it can more accurately discover services that
meet user requirements.
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Abstract

[Objective] To address the massive number of Web services on the network, we
propose an effective method for Web service clustering and discovery. [Meth-
ods] We utilize BTM (Biterm Topic Model) to learn the latent topics of the
entire Web service description document collection, infer the topic distribution
of each document, and perform clustering. On this basis, we create a rapid Web
service discovery mechanism. [Results] Comparative experiments with meth-
ods using LDA and external corpora show that the proposed method achieves
improvements in both precision rate and normalized discounted cumulative gain.
[Limitations] The method only considers functional information of services and

chinarxiv.org/items/chinaxiv-201711.01211 Machine Translation

https://chinarxiv.org/items/chinaxiv-201711.01211
https://chinarxiv.org/items/chinaxiv-201711.01211


does not incorporate quality information into the algorithm. [Conclusion] Ex-
perimental results demonstrate that this method can more accurately discover
services that meet user requirements.

Keywords: Web service, Topic model, Clustering, Discovery

We are currently entering an era of service orientation, where SOA (Service
Oriented Architecture) is widely applied, and Web services have gradually be-
come the mainstream technology for implementing SOA. The SOA architecture
follows a service pattern of discovery, binding, and execution. Web services
are published by providers on private or public Internet platforms, and users
discover Web services that meet their requirements from the massive number
of available services, bind and invoke them to achieve their goals. In this pro-
cess, users do not need to understand the implementation details of services;
they only need services that can provide satisfactory execution results. As the
number of services published on Internet platforms continues to grow, how to
discover user-satisfactory services from the massive pool of Web services—that
is, to find services that meet user expectations from published Web service de-
scriptions—has become a critical link in realizing service-oriented architecture.

When searching for services, the lack of an effective classification mechanism
makes it difficult to quickly and efficiently discover Web services. To address
these problems, this paper proposes a Web clustering and discovery method
utilizing BTM (Biterm Topic Model) [5]. BTM models the generation process
of word pairs across the entire corpus, thereby learning the topic distribution
and topic-word distribution of the whole corpus. Combined with vector space
calculation of TF-IDF values for words, we can infer the topic distribution of
each Web service description and subsequently cluster them. The Web service
discovery process works as follows: obtain the category of the requested ser-
vice; filter services within that category based on topic similarity, significantly
narrowing the search scope; calculate the word vector similarity between the re-
quested service and Web services; and combine topic similarity and word vector
similarity to find a set of services that satisfy user requirements.

Web service description texts are short, feature-sparse, and contain limited infor-
mation, making it infeasible to measure similarity based on word co-occurrence.
Discovering Web services based on keywords, which completely relies on word co-
occurrence, is highly inaccurate. To enrich Web service description texts, some
semantic Web methods have been used for service discovery, such as approaches
based on semantics or ontology [1-3]. However, building and maintaining on-
tologies is extremely difficult and requires substantial manual intervention [4].
Furthermore, in the face of massive Web services, a large amount of research
work has been invested in ontology-based and dictionary-based discovery meth-
ods [1-2, 6-8].

Reference [2] proposes a Web service discovery method using domain ontology,
which calculates semantic similarity between service requests and published ser-
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vices through concept distances in the ontology. Reference [9] performs semantic
annotation of Web services to facilitate discovery. However, such methods re-
quire extensive manual intervention, depend on the quality and maintenance of
ontologies, and suffer from insufficient vocabulary coverage in certain domains
and slow updates that may also lead to inaccurate discovery results. Moreover,
these methods require service providers or requesters to supply relevant domain
ontologies. However, service requesters are typically non-professional users who
cannot provide professional ontologies, thus limiting the efficiency and general-
ity of such methods. Additionally, the aforementioned Web service discovery
methods cannot achieve real-time matching when facing massive numbers of
Web services due to the lack of an effective classification mechanism.

Clustering is an effective method for processing large amounts of data. It reor-
ganizes data into different clusters based on certain similarity criteria, enabling
rapid information retrieval. Abramowicz et al. [9] propose a method for Web
service filtering and clustering, but the filtering mechanism is based on Web
services described in OWL-S (Web Ontology Language for Service), which still
suffers from the drawback of ontology dependency. Most available Web services
are described using WSDL (Web Service Description Language), and many ap-
proaches utilize WSDL for Web service classification. Nayak et al. [10] transform
Web service descriptions into a multi-dimensional word vector space and calcu-
late the distance between two services using the cosine of the angle between
two vectors for clustering. This is a classification method based on mathemat-
ical statistics that can normalize large-scale text sets, but it ignores semantic
relationships between words in descriptive texts, and its runtime and storage
consumption increase with the scale of the text collection.

Cassar et al. [11] investigate the use of PLSA (Probabilistic Latent Semantic
Analysis) and LDA (Latent Dirichlet Allocation) to mine topics from Web ser-
vice descriptions for clustering. Experimental results show that the LDA model
performs well in facilitating automatic service discovery in large-scale service
collections. LDA evolved from PLSA. Blei et al. [12] introduced Dirichlet prior
distributions to extend the PLSA model, proposing the LDA model, which can
process large amounts of text data and classify them by discovering latent topics.

Aznag et al. [13] preprocess Web service description documents (feature extrac-
tion, tokenization, stopword removal, stemming, etc.) and then use CTM (Cor-
related Topic Model) to learn latent topics of Web services and service requests
for classification, matching the similarity between offered services and requested
services to obtain a final candidate Web service set. This method has several
shortcomings: Web service description texts are typically short, similar to short
texts, but this method does not expand the service texts, lacking sufficient word
frequency co-occurrence; it uses only the Web service repository as a training
set, which is small in scale and makes it difficult to obtain a high-quality topic
model. These two points make it challenging to learn the true latent topics of
Web services. Additionally, simply assigning Web services to the topic with the
largest distribution in their topic mixture is not precise enough for classification.
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The CTM topic model used by Aznag et al. [13] was proposed by Blei et al. [14].
This model introduces a log-normal distribution to replace the Dirichlet distri-
bution in LDA. The prior parameters of the CTM model include a covariance
matrix that describes correlations between each pair of topics, and the number of
parameters in the covariance matrix is proportional to the square of the number
of topics. Wei Qiang et al. [15] use Word2vec and Relatedness text expansion
methods to extract features from Wikipedia to enrich Web service description
texts, using English Wikipedia as a training set and employing the HDP non-
parametric topic model for topic modeling. They propose a Signature method
for service matching, which improves service discovery effectiveness to some
extent. However, during the service matching phase, when calculating input-
output similarity, they adopt five types: exact match, plug-in match, subsume
match, intersection match, and fail match, which oversimplifies the distinction
of concept similarity and is not suitable for situations with large numbers of
services.

Using external knowledge bases to expand features for short texts is a relatively
common method, but finding appropriate and suitable external corpora is not
easy. Web services involve many aspects, making it difficult to find a properly
suited external corpus. Reference [15] uses Wikipedia as an external corpus and
topic model training set. However, Wikipedia, as a comprehensive text repos-
itory, is not accurate when used for feature supplementation and topic model
training. Web services do not cover all industries; some domains have frequent
usage and large numbers of Web services, while others have few or no Web
services. If Web services are non-existent or scarce in a domain, a comprehen-
sive external corpus contains too much irrelevant information, which instead
decreases precision. Reference [16] found that using an external knowledge base
reduces modeling accuracy in short text classification.

This paper proposes using BTM to model Web service description texts. BTM
models the generation process of unordered word pairs across the entire corpus,
utilizing all word frequency co-occurrence information in the whole repository
to learn latent topics, which solves the problem of inaccurate topic learning
caused by sparsity in short texts. Since BTM learns the topic distribution
and topic-word distribution of the entire Web service repository, we propose
an inference method to calculate the topic distribution of each Web service
description document.

3 Web Service Clustering and Discovery Based on BTM
The framework for Web service clustering and discovery based on topic models is
shown in Figure 1 [Figure 1: see original paper]. The preprocessed Web service
repository serves as input for BTM modeling. The modeling output consists
of the topic distribution and topic-word distribution of the entire repository.
Combined with the VSM (Vector Space Model) obtained from preprocessing,
we infer and calculate the topic distribution of each document as input for
clustering. When a service request arrives, preprocessing yields the word vector
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of request r. At this point, the previously calculated topic distribution and
word distribution of the entire repository remain unchanged and do not require
recalculation. We directly use them to infer and calculate the topic distribution
of request r and perform classification. After obtaining the category of r, we
calculate topic similarity and word vector similarity to find Web services that
satisfy users.

3.1 Preprocessing

Every Web service has a document described using WSDL, which is an XML-
based Web service description framework standardized by W3C, with versions
1.1 and 2.0. Version 2.0 is simpler and more practical. Currently, version 1.1 is
more widely used, but version 2.0 may gradually replace it in the future. The
preprocessing of service text data described using WSDL (versions 1.1 and 2.0)
mainly includes the following steps:

(1) Feature extraction. Extract all features describing Web services from
WSDL, including service name, service functional text description, opera-
tion name, input/output parameter names, parameter types, etc.

(2) Tokenization. Some terms in the extracted text consist of multiple words,
called compound words, which need to be split. For example, “Business-
DataCatalog”is split into “Business”, “Data”, and “Catalog”.

(3) Tag and stopword removal. Remove tags and stopwords from Web
service description texts to avoid affecting accuracy during modeling. Use
the Stanford POS Tagger to remove all tags and stopwords, keeping only
words with noun, verb, or adjective parts of speech. Removed stopwords
include “a”, “is”, “that”, etc., and removed tags include WSDL tags
such as “soap”, “type”, “binding”, etc.

(4) Stemming. Words with the same stem usually have similar meanings.
For example, “recommended”is simply the past tense of “recommend”.
Using Porter Stemmer for word stemming and representing Web services
with word vectors in their root form can more effectively discover services.

(5) Biterm extraction. Unlike LDA, which directly models word
co-occurrence frequencies in documents, BTM models word pair
co-occurrence rates across the entire corpus. For the initial short
text “BusinessData search for users”, after extraction, tokenization,
tag/stopword removal, and stemming, the extracted word pairs are
{(business, data), (business, search), (business, user), (data, search), ⋯}.
All word pairs from the entire repository serve as input for BTM model
training.

(6) Service matrix. After extracting all useful words, calculate TF-IDF
values for words and represent all Web services as a vector space using
VSM (Vector Space Model), with each Web service represented as a word
vector {w1, w2, ⋯, w�}. The weight value of each word is calculated by
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TF-IDF, where tf�� is the frequency of word j in document i, and idf� is the
inverse document frequency, obtained by taking the logarithm of the total
number of documents divided by the number of documents containing
word j. A word that appears frequently in a document but rarely in other
documents has higher importance and a larger weight value.

3.2 BTM Model

BTM learns latent topics by modeling word co-occurrence across the entire cor-
pus. Unlike LDA, which models the word generation process within individual
documents, single short texts lack sufficient word frequency co-occurrence, mak-
ing LDA modeling results unstable. BTM models the generation process of
word pairs across the entire corpus; the frequency of word pairs in the entire
corpus is more stable and better reveals relationships between words, enabling
the learning of latent topics for the whole repository.

Figure 2 [Figure 2: see original paper] Probabilistic Models

The document generation process modeled by LDA is shown in Figure 2(a): for
each document, a topic distribution �d is randomly generated, the topic z for
the i-th word is sampled from �d, and the word w is then generated step by step
from z. It can be seen that each document has a topic distribution, and the
topic estimation of words depends on other words in the same document. In the
unigram mixture model, all words in a document share a single topic z, which
is generated from a global topic distribution �. This assumes the entire corpus
is viewed as a mixture of topics, using statistical information from the whole
corpus to avoid the problem of information sparsity in short texts. However,
the unigram mixture model assumes each document has only one topic, which
does not match reality and results in poor topic learning. BTM can be seen as
a combination of the unigram model and LDA. As shown in Figure 2(b), BTM
assumes a global topic distribution �, but it divides each document into word
pairs, with each pair belonging to a topic. BTM allows a document to have
multiple topics, thus avoiding the limitations of the unigram mixture model
while solving the problem that LDA cannot achieve good results in short text
modeling.

3.3 Web Service Clustering

BTM modeling yields two main parameters: � is the topic distribution of the
Web service set, a K-dimensional vector where K is the number of topics in
the entire service set; Φ is the topic-word distribution matrix with K rows and
N columns, where each row represents the generation probability of different
words under a topic Z. Since BTM does not model the generation process of
each document, we cannot directly obtain each document’s topic distribution.
However, it can be inferred through � and Φ. The calculation formula is proposed
as follows:

P(z|d) � Σ� P(z|w�)P(w�|d)
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where P(w�|d) is the TF-IDF value calculated in step (6) of Section 3.1. P(z|w�)
can be calculated using Bayes’formula:

P(z|w�) = P(z)P(w�|z) / Σ�P(z�)P(w�|z�)

where P(w�|z) is the probability of the i-th word under topic j in the topic-word
distribution Φ.

After obtaining the document’s topic distribution, we can transform the doc-
ument’s word vector representation, which lacks semantic information, into a
topic vector representation containing semantic information: {P(z1|d), P(z2|d),
⋯, P(z�|d)}. Each item in the vector is a topic probability. Therefore, text
similarity can be calculated using KL divergence (Kullback-Leibler Divergence)
[17]:

D_{KL}(p||q) = Σ� p(i) log(p(i)/q(i))

However, since KL distance is asymmetric, i.e., D_{KL}(s1||s2) ≠
D_{KL}(s2||s1), we use the improved symmetric version of KL distance—
JS distance (Jensen–Shannon Divergence) [18]:

Sim_{JS}(s1,s2) = 1 - D_{JS}(s1,s2)

The calculated similarity of Web service description documents serves as input
to the clustering algorithm.

3.4 Web Service Discovery

Service matching refers to quickly and accurately finding candidate services that
meet user requirements from a large number of services. When a service request
is input, we perform data preprocessing on it, calculate the topic distribution of
the requested service through the topic distribution and topic-word distribution
matrix, compute the JS distance between the requested service and the center
services of each cluster, and assign it to the nearest cluster, thereby locking onto
the service subset of the same category as the service request.

Due to the huge number of services, to save matching time, after obtaining the
service subset of the same category, we filter the Web services in the subset
based on topics. We use JS distance to calculate the topic similarity Sim_T(r,
s) between the service request’s topics and the topics of services in the subset,
setting a threshold. When the similarity is greater than the threshold, the
service is added to the candidate service set. We then calculate the word vector
similarity between Web services in the candidate set and the service request.

The word vector representation of Web services is described in Section 3.1. The
similarity calculation between Web service and request word vectors uses cosine
distance, which is the most commonly used method for calculating vector space
similarity. It calculates the angle between two vectors in vector space; the
smaller the angle, the greater the similarity. The cosine distance calculation
formula is:

chinarxiv.org/items/chinaxiv-201711.01211 Machine Translation

https://chinarxiv.org/items/chinaxiv-201711.01211


Sim_{cos}(r,s) = (r・s) / (||r|| × ||s||)

Calculating topic similarity can yield the semantic dimension similarity between
services, while word vector similarity reflects to some extent the statistical-level
similarity between services. Therefore, we combine the calculated topic similar-
ity and word vector similarity to obtain the total similarity:

Sim(r,s) = 𝛼 × Sim_{cos}(r,s) + (1-𝛼) × Sim_T(r,s)

where 𝛼 is the weight of Web service word vector similarity, with 0 < 𝛼 < 1.

4 Experimental Results and Analysis
To validate the method proposed in this paper, our experiments adopt the
dataset provided by WS-Dream [19], which contains 3,378 WSDL files with
15,811 operations from 69 countries. This paper uses the KNN algorithm [20]
in Weka for Web service clustering. Precision and normalized discounted cumu-
lative gain are used for effectiveness evaluation.

Precision is a measure of the ratio of useful results among all retrieved results,
i.e., the ratio of the number of relevant Web services retrieved to the total
number of Web services retrieved:

Precision = |{relevant services} � {retrieved services}| / |{retrieved services}|

Precision does not consider the position information of discovery results and
can only indicate the overall quality of the results. Discounted Cumulative Gain
(DCG) is a statistical method that ranks the relevance level of each retrieved
result, where higher relevance results are better when ranked higher, and high-
relevance results contribute much more than low-relevance results. The formula
is:

DCG� = Σ��1𝑛 (2^{rel�} - 1) / log2(1 + i)

where rel� is the relevance level of the result at position i in the discovery results.

Different discovery methods produce different result content and quantities. To
enable comparison between different discovery methods, we can use Normalized
Discounted Cumulative Gain (NDCG):

NDCG� = DCG� / IDCG�

where IDCG� is the DCG� calculated when the discovery results are in optimal
ranking order.

In the experiments, we compare the effectiveness of three topic learning methods
for service discovery: BTM, LDA, and a method using LDA with Wikipedia as
an external knowledge base. In a Java environment, using tools such as JDK,
Eclipse, and JGibbLDA, and considering the scale of our dataset, we set the
number of topics from 20 to 100, continuously adjusting the topic count through
iterations. We calculate the F-measure of clustering results corresponding to
different numbers of topics. The results show that in our dataset, BTM, LDA,
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and LDA+Wiki achieve optimal clustering effects with 48, 55, and 71 topics,
respectively. Table 1 lists some topics from PAM clustering and the top-ranked
keywords for each topic.

Table 1 Partial Topic-Word Distribution

Topic Keywords and Probabilities
1 cinema, route, music, country, price
2 service, location, album, british, version
3 budget, parameter, result, weather, release
4 welfare, retrieve, tourist, culture, airplane
5 party, ⋯

The word distribution of topics can well represent the semantic information of
each topic. Topics 1, 2, 3, 4, and 5 correspond to camera, time, tourism, music,
and country information, respectively. Using these topics, we can reduce the
dimensionality of multi-dimensional word vectors to lower-dimensional topic vec-
tors with semantic information and representativeness, capable of representing
document features.

In this experiment, we randomly selected 12 query conditions. Each query
condition’s relevant service set consists of a group of related services, with each
service having a relevance level i � {1, 2, 3}, where 3 indicates high relevance
and 1 indicates low relevance. By comparing discovery results with the relevant
service set, we can obtain the number of discovered relevant services and the
relevance level of each service, thereby calculating precision and NDCG. We
compare our method with two approaches: (1) directly using LDA modeling on
preprocessed data to learn latent topics and cluster Web services, and (2) using
Wikipedia-based expansion followed by LDA modeling. The results are shown
in Figure 3 [Figure 3: see original paper] and Figure 4 [Figure 4: see original
paper].

Our method is denoted as BTM, the LDA-only method as LDA, and the
expansion-based method as LDA+Wiki.

Precision Comparison

As shown in Figure 3 [Figure 3: see original paper], the precision of LDA and
LDA+Wiki cross at approximately 10 and 25 retrieved services, but overall
LDA performs slightly better than LDA+Wiki. BTM achieves higher precision
than the other two methods overall, especially when the number of retrieved
services is larger. When the number reaches 50 (the maximum in the figure),
the difference between BTM and LDA/LDA+Wiki reaches its maximum, with
BTM’s precision being 0.7% higher than LDA’s.

NDCG reflects the ability to discover relevant results. As shown in Figure
4 [Figure 4: see original paper], BTM outperforms LDA and LDA+Wiki by
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approximately 0.1%–0.8%. It is 0.1% higher when the number of services is
minimal (5), and 0.8% higher than LDA when the number of services reaches
30. This indicates that LDA and LDA+Wiki miss some highly relevant Web
services due to their lower precision. Overall, the discovery method proposed
in this paper better aligns with the characteristics of Web service description
documents and can help discover Web services more effectively, demonstrating
superior performance in both precision and normalized discounted cumulative
gain.

BTM performs global modeling based on the entire Web service description
repository, fully utilizing the semantic information of the whole repository to
learn latent topics, which compensates for the shortcomings of short Web de-
scription texts, lack of word frequency co-occurrence, and semantic sparsity. In
contrast, LDA models at the document level and is easily affected by document
length, resulting in inaccurate learned topics that cannot well express semantic
information, leading to inferior Web service discovery performance. For short
texts, using Wikipedia for expansion and then applying LDA modeling on the
expanded text vectors even performs worse than directly using LDA model-
ing. This is because, on one hand, external corpora do not fully contain the
latent topics of the Web service description document collection; on the other
hand, comprehensive external corpora contain too many relationships, includ-
ing industry-specific terms and overly rich vocabulary, which reduces discovery
precision.

The number of available Web services is increasing daily. To quickly and effec-
tively discover services that meet user requirements from massive Web services,
it is necessary to cluster Web services with similar functions. However, Web ser-
vice description documents are short, and after removing tags and stopwords,
few feature words remain. Using LDA to learn latent topics for clustering is
not ideal because LDA models the document generation process and heavily de-
pends on text length, resulting in poor clustering effects for Web services that
do not facilitate service discovery. To address this problem, we use BTM to
learn the latent topics of the Web service document collection, infer the topic
distribution of each document, calculate the similarity between documents us-
ing JS distance, and use it as input to the KNN algorithm for clustering Web
services. During the Web service discovery phase, we combine topic similarity
and word similarity to discover Web services. The proposed discovery method
fully utilizes the semantic resources of the entire Web service repository to learn
more accurate latent topics without relying on external knowledge bases, reduc-
ing noise information caused by too many relationships in external knowledge
bases. By inferring the topics of each description document and performing
clustering, we identify the category of service requests, greatly narrowing the
search scope and improving query efficiency. Experiments demonstrate that the
proposed Web service discovery method has certain superiority in accuracy.

However, this method only considers the functionality of Web services and does
not incorporate service quality into the calculation, so the actual execution
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rate of Web services cannot be guaranteed. Future work will mainly focus on
calculating service quality, combining service price, reliability, and response time
with service discovery to provide users with more reliable services. Additionally,
how to label each Web service with tags so that users can easily understand
and select services that meet their requirements for careful examination is also
a future direction.
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