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Abstract
Web service discovery is a fundamental task in service-oriented architectures which
searches for suitable web services based on users’ goals and preferences. In this paper,
we present a novel service discovery approach that can support user queries with various-
size-grained text elements. Compared with existing approaches that only support semantics
matchmaking in single texture granularity (either word level or paragraph level), our
approach enables the requester to search for services with any type of query content with
high performance, including word, phrase, sentence, or paragraph. Specifically, we present
an unsupervised Bayesian probabilistic model, bi-Directional Sentence-Word Topic Model
(bi-SWTM), to achieve semantic matchmaking between possible textual types of queries
(word, phrase, sentence, paragraph) and the texts in web service descriptions, by mapping
words and sentences in the same semantic space. The bi-SWTM captures textual semantics
of the words and sentences in a probabilistic simplex, which provides a flexible method to
build the semantic links from user queries to service descriptions. The novel approach is
validated using a collection of comprehensive experiments on ProgrammableWeb data. The
results demonstrate that the bi-SWTM outperforms state-of-the-art methods on service dis-
covery and classification. The visualization of the nearest-neighbored queries and descrip-
tions shows the capability of our model on capturing the latent semantics of web services.

Keywords Semantic Web service · Service discovery · Semantic matchmaking ·
Service classification · Service retrieval

1 Introduction

Along with the rapid advancement of World Wide Web technologies, web services have
become the de facto standard for consumers to access software systems and resources over
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the Internet [4]. In recent years, the quantity of published web services on the Internet has
been rapidly growing; they offer developers and users more resources to customize the IT
services based on their goals and preferences [5]. For example, over 23,000 web services
have been published at ProgrammableWeb by June, 2020, almost increased to five times
since 2013. The overwhelming amount of services available makes it a critical challenge
for developers to precisely select service candidates that meet specific requirements [5]. To
precisely and efficiently search for services from large-scale repositories, many approaches
on service discovery have been investigated as well as the related research tracks including
service classification [21], clustering [43], selection [32, 40] and recommendation [1, 28]
have been proposed.

In general, syntactic-based discovery and semantic-based discovery are the two major
patterns that exist for web service discovery. Syntactic approaches mainly discover services
by matching the keywords of services with user queries using information retrieval tech-
niques. However, these approaches usually suffer from poor retrieval performance due to
the insufficient understanding of the semantic meaning of web service descriptions and user
queries. Semantic-aware service discovery approaches search for semantically similar ser-
vices of queries; they can achieve better performance [41]. Existing semantic-aware service
discovery research fall into two categories: logical and non-logical discovery approaches.
Logical approaches use an ontology to formalize web service description. These require
well-defined ontologies and semantic annotations of services and user queries, which make
them difficult to apply [38]. Alternatively, some non-logic semantics-aware service discov-
ery approaches based on latent factor models (namely topic models) have been proposed for
better performance [24, 35].

From the perspective of the service requester, he/she may not be aware of all the special-
ized knowledge that constitutes the domain. The interface exposed by discovery engines is
expected to be more intelligent and “user-friendly”. One can search for a service using natu-
ral language by entering any possible types of content including words, phrases, or sentences
(e.g., a paragraph). For example, to suggest possible services for an engineer or designer,
people tend to input some keywords, several sentences, or a long description of a service into
a system and expect to obtain the most relevant candidate services with highly interpretable
semantics. In such a scenario, the system needs to first extract the available features (e.g.,
semantics) of the services in the repository. Secondly, the system handles the various types
of queries with the same computable features before matchmaking. Thus, a well-designed
system has the capacity of matchmaking the services in a computable semantic space for
various grained texts.

Existing semantic-based service discovery approaches can only support semantic match-
making in a single granularity (either at the word-level or paragraph level). Specifically, in
the case that searches web services by words, phrases, or one sentence, the service retrieval
and discovery process is mostly based on keyword matching. For the query text with sev-
eral sentences (e.g., a paragraph), some approaches based on a topic model [1, 30] and a
deep neural network [39, 43] have been proposed to learn the semantics of a query text
and a service description. Topic models, such as Latent Dirichlet Allocation (LDA), have
been applied to web service discovery, where the semantics are extracted from rich textual
information of services. This type of approach is designed to build the topic space learned
by texts of services and aim to match the services with their latent topic features. With the
development of topic models, the semantics are captured from various texts, such as sen-
tences [16, 17]. The semantics among the words and the paragraphs are highly interpretable
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and have been proven to be effective in many works in the area of information retrieval and
text modeling [16, 19].

To achieve effective matching between the user query and service description in the sce-
nario where a query may consist of words, short phrases, or sentences, the semantics need
to be jointly measured at both the word and sentence levels. Thus, to specify a mapping
between the user query and satisfactory web services, semantic matching for the text con-
tents with various granularities (words, phrases, or sentences) in the query and the sentences
in the service description is necessary. However, this remains an open research challenge:
how to measure the high-level semantics among different textual elements for service dis-
covery. Achieving this requires the mapping of various-size-grained text elements in a user
query and a service description onto the same computable semantic space.

To address the challenge, we propose an unsupervised Bayesian probabilistic model, bi-
Directional Sentence-Word Topic Model (bi-SWTM), to achieve semantic matchmaking by
jointly learning the semantics of the words and sentences in the same topic space. Topics
extracted by the topic model can be used to represent the semantics of the words and sen-
tences. Different from the conventional topic models, the bi-SWTM takes advantage of the
two-directional sequences of sentences and the words in each sentence to learn the latent
topics. Words and sentences are defined in the same topic space, which builds a bridge to
capture the similarities of the words and sentences from the semantic level. Thus, differ-
ent textual types of user queries (keywords, phrases, and sentences) can be represented in a
probabilistic simplex, which provides a flexible approach to extract the high-level semantics
of the queries for service matching.

Specifically, the mechanism of modeling the sequences of text from two directions,
called bi-directional modeling, is derived from the operation of deep learning for text model-
ing. Here, the forward and backward sequential information of the text are considered when
capturing the correlations of the textual elements. We take advantage of the bi-directional
sequences of sentences to extract the semantics among the words (phrases), sentences, and
paragraphs. The sentences are the middle-grained textual elements, which are treated as the
semantic bridge between words and long texts. With the bi-directional modeling mecha-
nism, the concurrence of words and the coherence of sentences can be effectively captured,
which is the key internal factor of the proposed model on semantic extraction.

Particularly, the main contributions of this paper are summarized as follows:

1. We propose a novel bi-Directional Sentence-Word Topic Model (bi-SWTM) to achieve
semantic matchmaking between various textual types of queries and service descrip-
tions. This model is capable of discovering the latent semantics of complex queries and
service descriptions.

2. The semantics learned from service descriptions are highly interpretable, where the
hybrid grained textual queries and service descriptions can be embedded into the same
semantic space by the proposed model. It provides an effective way to understand the
service better in matching user queries and service descriptions.

3. Comprehensive experiments on ProgrammableWeb demonstrate that the semantics
revealed by our model are of high quality. It achieves at most 8% improvements on ser-
vice classification in comparison with state-of-the-art comparisons, and reaches 0.97
accuracy@5 on service discovery. The visualization of the nearest-neighbored queries
and descriptions shows the insight of our model on capturing the latent semantics of
services.
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The rest of this paper is organized as follows. Section 2 reviews the related work.
Section 3 describes the proposed bi-SWTM and the model inference. Section 4 gives the
details of web services discovery with bi-SWTM and discussions. Section 5 presents the
experiments and evaluations. Section 6 concludes this work.

2 Related works

Web service discovery refers to finding services that satisfy functional requirements speci-
fied by a user query. As a fundamental task in Service-Oriented Architecture, various web
service discovery approaches have been proposed in the last two decades.

As mentioned above, most existing work on service discovery can be classified into
two main categories: syntactic-based and semantic-based approaches. Syntactic-based ser-
vice discovery approaches are often based on keyword matching. However, the keyword
matching fails to understand the semantic meanings of web service descriptions and user
queries.

Semantics-aware approaches attempt to overcome the drawback of syntactic approaches
by searching for semantically similar services for queries. Some of the semantic-aware
approaches use an ontology to formalize a web service description [7]. Specifically, web
services are described by a specific semantic tagged language, e.g., SAWSDL (Semantic
Annotations for Web services description language) and OWL-S (Web Ontology Language
for Services). The approaches based on a topic model are another kind of semantics-aware
service discovery approaches, and many related approaches have been proposed in recent
years [3, 17, 18]. LDA- SVM [22] is proposed to handle the issue of labeling a large
number of services when a service classifier is trained. Cao et al. [6] propose a mashup
service clustering method that exploits a two-level topic model to mine the latent useful
and novel topics. Hafida et al. [25] propose a new content-based topic model to capture
the maximal common semantic of sets of services. Samanta et al. [29] use the Hierarchi-
cal Dirichlet Process to intelligently discover the functionally relevant services. Gao et al.
[12] develop a method of service co-occurrence LDA to extract latent service co-occurrence
topics. Shi et al. [30] propose an augmented LDA model (named WE-LDA) to improve the
performance of web services clustering. The derived knowledge of topics extracted by topic
models does help to reveal the trend of service composition, understand the latent concepts
of the services, and lead to better service recommendation.

Except for the topic model, some other traditional machine learning methods have also
been employed to analyze the semantics within the descriptions or graphs of web services
[20, 31, 37, 42]. Cheng et al. [8, 9] propose a conceptual services description model with
the path for the interaction interface and the traditional text description. Hao et al. [13]
propose a method for a specific mashup query, relying on the valuable information hid-
den in mashup descriptions. Gao et al. [11] propose a novel recommendation framework
to improve the recommending accuracy of individual services. Rupasingha et al. [28] pro-
pose a CF-based recommendation approach for ontology generation. Surianarayanan et al.
[33] propose a hierarchical agglomerative clustering-based approach for service discovery.
Rodriguez-Mier et al. [27] propose a composition framework that enables the generation of
a graph-based composition.

The recent research uses the approaches based on deep learning to learn the features of
web services. For example, Yang et al. [39] present a deep neural network, named ServeNet,
to the abstract low-level representation of service description to high-level features. Zou
et al. [43, 44] propose DeepWSC to cluster services through automatic feature extraction.
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Bai et al. [1] build a deep learning framework to perform accurate long-tail service recom-
mendations. The main limitations of the works based on a deep learning framework include
the non-interpretability of features and the requirements of large-scale data for model fitting.

3 bi-directional sentence-word topic model for service discovery

The most intuitive and efficient way for service discovery is that related services can be
retrieved directly by different kinds of user queries including words, phrases, or short
descriptions. Compared with the keywords and network structures of services, textual
semantics lying within the queries and descriptions are considered to be more efficient in
service discovery.

Figure 1 depicts the process of service discovery with semantic matchmaking. Users can
submit a query represented by words, phrases, or sentences in the service discovery inter-
face. With a semantic extractor, user queries and service descriptions in the repository are
represented with semantic components; then, they are matched in the same semantic space.
The dashed arrow in Figure 1 denotes the traditional syntactic-based searching process by
keyword matching without analyzing the semantics of queries and services. These methods
search the descriptions mainly by keyword matching which have low accuracy. They do not
consider the latent semantics which can show many latent features of the words and various
texts. Instead, the semantic-based approach, as shown as with the solid arrow in Figure 1, is
the better way to analyze the queries and services by extracting the semantics of the service
descriptions.

Thus, in our work, we seek to learn the semantics of both the service descriptions and the
various user queries in order to compute the similarities of services and queries effectively.
As shown with the solid arrow in Figure 1, we aim to extract the semantics of the queries
from word-level, phrase-level, and sentence-level, and match them with the semantics of
service descriptions.

To build the semantic bridge between user queries and service descriptions, it is essential
to bridge the gap between the semantic matching of words and sentences in the ser-
vice descriptions. In this work, a Bayesian probabilistic model named by bi-Directional
Sentence-Word Topic Model (bi-SWTM) is proposed to learn the semantics of the words
and sentences in an interpretable topic space. The bi-SWTM provides a novel perspective

Retrieved
Services

Service 
Repository

Semantics Of Services

Descriptions

Semantic Extractor
(bi-SWTM)

Query 1: word
Query 2: phrase
Query 3: sentence

Search

Semantics Of Query

Matching

Keyword-based

Figure 1 Service discovery with the semantics of user queries and service descriptions. The dashed arrow
denotes the traditional syntactic-based approaches with keyword matching. The solid arrow represents the
process of semantic-based approaches, which is the roadmap of the proposed bi-SWTM
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on modeling the multi-semantics of words and sentences with topic modeling. In this model,
three metrics are jointly learned: the topic distributions of the sentences, the topic distribu-
tions of the words in the dictionary, and the word probabilities over the latent topics. The
latent topics are extracted using the sequences of sentences; fine-grained topics are captured
with local textual information such as sentences and paragraphs.

Different from the conventional methods on service discovery or clustering with topic
modeling, the bi-SWTM assumes that the topic distribution of each sentence in service
descriptions is not only determined by the concepts of the involved words but is also influ-
enced by its preceding and subsequent sentences. This is the basic assumption in many text
mining tasks, such as topic modeling [17] and neural language modeling [10]. In traditional
topic modeling, the topics of a text follow a special distribution a prior such as a Dirichlet
[3] or Normal [2] distributions. This assumption with a single prior is easily constrained by
the data. Thus, the bi-SWTM holds an assumption of hybrid priors to generate the topics
of the sentences. That is, the topics of the targeted sentence are generated by the mixture
of the topics of the words in the sentence and its neighboring sentences. The related topics
involved are the hybrid priors for the targeted sentences.

In addition, an attention mechanism is considered to leverage the weights of the hybrid
priors to improve the effectiveness. When generating the topic distribution of a sentence,
the attention signals can regulate the topic components from the involved words and the
neighboring sentences. With this special mechanism, the more elaborate topics lying within
the sentence level can be extracted for the semantic understanding step in service discovery.

3.1 Model definition

Let R = { d1, d2, · · · , dM } denote a service repository which contains M service descrip-
tions, where di , i ∈ {1, · · · , M} indicates the i-th description in this repository. Each
description di in the repository is defined as a sequence of sentences which is denoted by
(si1, s

i
2, · · · , si

Si ), where Si is the number of sentences in di . Similarly, each sij is denoted by

(wi
j1, w

i
j2, · · · , wi

jNi
j

), where Ni
j is the number of words in sij . Here, we adopt the assump-

tion of a bag-of-words (BoW). A dictionary v is made up by the words in the repository R,
where the word is indexed by {1, 2, · · · , V }.

The topic space is denoted by T = (z1, z2, · · · , zK), which can be referred to by LDA
[3]. The representations of the sentences in the repository and words in the dictionary are
defined by the probability distributions in the same topic space T . We define ϑ as the topic
probability distribution of a sentence in a service description. Let φwn denote the topic
distribution of the n-th word in sentence s. A new Bayesian process for generating the
semantic probability distribution of the j -th sentence sij in the service description di is
defined as

ϑ
si
j |θsj−C:j−1 , θsj+1:j+C , φwi

j1
, · · · , φwi

jn
, ε ∼

C∑

p

εp · θsj−p +
C∑

q

εq+C · θsj+q

+ ε2C+1 · φwi
j1

+ · · · + ε2C+n · φwi
jn

+ · · · + ε2C+Nj
· φwi

jNj

,

(1)

where θsj−C:j−1 and θsj+1:j+C denote the topic distribution matrices of the preceding and sub-
sequent sentences, respectively. R is the contextual window size. φwi

j1
, · · · , φwi

jNj

indicate

the topic distribution matrices of the words appearing in sentence sij . ε is an (N + 2C) × 1-
dimensional weight vector, which follows a Dirichlet distribution with a hyperparameter π .
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The prior of ϑ
si
j is hybrid generated by the distributions of neighboring sentences and the

involved words with corresponding weight values. Equation (1) presents the generation of
the topic distribution of sentence sij , where the topic components are determined by both the
bi-directional contextual sentences and the involved words. The preceding and subsequent
sentences make up the linguistic contexts, which is a kind of long contextual informa-
tion. The inner words make up the conceptual contexts, which is a kind of local contextual
information. The graphical representation of the Bayesian process is shown in Figure 2.

Since we have ε ∼ Dir(π), ε satisfies

∑

i

εi = 1, 0 � εi � 1,

according to the property of Dirichlet distribution. Meanwhile, φwi
jn

∼ Dir(α); thus, φ also

satisfies
∑

k

φk

wi
jn

= 1, 0 � φk

wi
jn

� 1.

With the properties of ε and φ, the form of ϑ
si
j follows a recursive definition, where the

topic distributions of the preceding and subsequent sentences satisfy
∑

k

θ
sj−
k = 1, 0 � θ

sj−
k � 1,

∑

k

θ
sj+
k = 1, 0 � θ

sj+
k � 1.

As all of the variables are unitized, ϑsi
j satisfies

∑

k

ϑ
si
j

k = 1, 0 � ϑ
si
j

k � 1.

Therefore, the random variable of ϑ
si
j with the hybrid prior also can be treated as following

a special Dirichlet distribution. This enables the modeling of the sentences and words in
the same topic simplex space [14, 26]. Note that the dimension of ε is specified by the host

Figure 2 The illustration of the Bayesian process for generating the topic distribution of sentence sij by the
preceding sentences, subsequent sentences, and the associated words with the corresponding weight values
in a service description
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sentence. The hyperparameter ε of the Dirichlet distribution is selected from a global vector
π ∈ R

1×(2C+V ) corresponding to the word index, where V is the size of the dictionary.
Based on the definition of the topic distribution for a sentence, we can describe the gen-

eration process of the bi-SWTM in detail. First, for each hidden topic k ∈ {1, . . . , K},
we draw βk ∼ Dir(μ), where μ is a V -dimensional parameter vector. For each word
wv ∈ {1, . . . , V } in the dictionary, we draw φwv ∼ Dir(α), where α is a K-dimensional
parameter vector. β ∈ R

K×V denotes the word probabilities of the hidden topics over
the dictionary in the repository, and each row in φ ∈ R

V ×K is the topic distribution of
one word in the dictionary. Second, for the current sentence sij , j ∈ {1, . . . , Si} in the

description of a service di , we draw the topic distribution ϑ
si
j following (1). For each word

wn, n ∈ {1, . . . , Nj } in sentence sij , we draw zn ∼ Mult (ϑ
si
j ) and draw wn ∼ Mult (βzn),

where Mult (·) is a multinomial distribution. The topic distribution of each sentence is
determined by its bi-directional contexts and the words in it. After learning this model, we
can obtain β, φ and the topic distribution of each sentence. Figure 3a shows the graphical
representation of the bi-SWTM.

3.2 Model inference

The priors used in the proposed model provide the capacity to model the semantics among
the various-size grained text elements as well as a challenge for the posterior inference
procedure. This is because the topic generation process utilizing the hybrid priors leads
to the non-conjugate relation between the topic assignment and the prior over the topic
distribution of sentences. The traditional sampling-based methods, such as Gibb sampling,
suffer from the computational complexity of the posterior distribution.

Thus, we adapt the variational Bayesian inference with a variational expectation-
maximization (EM) algorithm [36]. In the variational EM algorithm, the E-step approx-
imates the posterior by minimizing the Kullback-Leibler (KL) divergence between the
variational distribution and the true posterior distribution. The M-step estimates the model
parameters with the variational parameters learned by the E-step. This method casts the
inference problem as an optimization problem to approximate the posterior distribution of

Figure 3 a Graphical representation of the proposed bi-SWTM. b The graphical representation of the fully-
factorized variational distributions for q(εi

j , {zwn }ij ) in a service description di
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a latent model. Minimizing the KL divergence is equivalent to maximizing the evidence
lower bound (ELBO).

The latent variable of sentence sij is the topic assignment zwn for each word and the

weight vector εi
j . We define {γn}ij as a group of variational parameters of multinomial dis-

tributions for {zwn}ij and let ξ i
j ∈ R

(N+2C)×1 denote the variational parameter of a Dirichlet

distribution for εi
j . Thus, for sentence s

i
j , we use the following fully-factorized variational

distribution:

q(εi
j , {zwn}ij ) = q(εi

j |ξ i
j )

Ni
j∏

n=1

q(zwn |γn). (2)

The fully-factorized variational distributions are defined the approximation of the true
posterior distributions, where q()̇ denotes the distribution of variations with different
parameters. The graphical representation of the fully-factorized variational distributions for
q(εi

j , {zwn}ij ) in document di is shown in Figure 3b. Then, based on Jensen’s inequality, the

ELBO on the log probability of the sentence sij given the model parameters {β, φ, π} can
be computed as:

Ls(ε, γ ; β, φ, π) = Eq [logp(ε|π)]

+
Ni

j∑

n=1

Eq [logp(zn|ε, θsj−C:j−1 , θsj+1:j+C , φw1 , · · · , φwN
)]

+
Ni

j∑

n=1

Eq [logp(wn|zn, β)] − Eq [logp(ε)] − Eq [logp(zn)],

(3)

where the last two terms indicate the entropy of the variational distributions.
Based on the fully factorized variational distribution in (2), we can maximize the

ELBO (3) to find the solution of the variational parameters via the variational expectation-
maximization procedure as described above. For the variational parameter ξ , the corre-
sponding objective function minimizes the following function:

Ls[ξ ] =
2C+Ni

j∑

l

(πl − 1)(
(ξl) − 
(

2C+Ni
j∑

l′=1

ξl′)) − log�(

2C+Ni
j∑

l=1

ξl) +
2C+Ni

j∑

l=1

log�(ξl)

−
2C+Ni

j∑

l=1

(ξl − 1) ·
⎛

⎜⎝
(ξl) − 


⎛

⎜⎝
2C+Ni

j∑

l′=1

ξl′

⎞

⎟⎠

⎞

⎟⎠

+
Ni

j∑

n=1

K∑

k=1

γnk ·
⎛

⎜⎝
2C∑

l=1

log θ
j−C:j+C
lk

ξl∑
ξ

+
2C+Ni

j∑

l=2C

φwn

ξl∑
ξ

⎞

⎟⎠ ,

(4)

where 
(·) indicates the digamma function that is the first derivative of the log of the
Gamma function.
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Also, after setting the derivatives of the ELBO to zero, we obtain the update equations
for {γn}ij as:

γnk ∝ βk,vwn exp

⎛

⎜⎝
2C∑

l=1

log θ
j−C:j+C
lk

ξl∑
ξ

+
2C+Ni

j∑

l=2C

φwn

ξl∑
ξ

⎞

⎟⎠ , (5)

where vwn denotes the index of the word wn in the dictionary. Thus, we can optimize the
variational parameters, i.e., ξ and {γn}ij , for each sentence in the E-step.

In M-step, we update the model parameters {β, φ, π} by maximizing the lower bound
after fitting ξ and {γn}ij . The update equations for φ and β are as follows:

φvk ∝
M∑

i

Si∑

j

γvwnk

ξvwn

∑2C+Ni
j

l=2C ξl

, (6)

and

βkv =
M∑

i=1

Si∑

j=1

Ni
j∑

n=1

γvwnk(wn)
v . (7)

We use the linear-time Newton-Raphson algorithm to estimate π , whose objective
function minimizes the following function:

L[π ] =
M∑

i=1

Si∑

j=1

⎛

⎜⎝log�

⎛

⎜⎝
2C+Ni

j∑

l=1

πl

⎞

⎟⎠ −
2C+Ni

j∑

l′=1

log�(πl′ ) +
2C+Ni

j∑

l=1

(πl − 1)(
(ξl) − 


⎛

⎜⎝
2C+Ni

j∑

l′=1

ξl′

⎞

⎟⎠

⎞

⎟⎠

⎞

⎟⎠ .

(8)

The detailed algorithm is shown in Algorithm 1.
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4 Web services discovery with bi-SWTM

In the applications of services discovery, it is challenging to extract the semantics from
short service descriptions comprised of limited terms coupled with the diverse naming
conventions used by service providers [4]. The proposed bi-SWTM provides an effective
and flexible method to address this challenge. It improves the capacity of extracting latent
semantics for Bayesian topic modeling and offers a novel approach to extract the concepts
of short service descriptions and consider the diverse naming conventions used by service
providers.

Firstly, we generate the latent semantics using different textual elements in service
descriptions, such as words (named entities), phrases, and sentences. All of the services can
be embedded into an interpretable topic space with the bi-SWTM, which can be treated as
feature engineering. The fine-grained learning mechanism can obtain more accurate topics
from service descriptions.

Secondly, the topic compositions can be built using the bi-SWTM for complex user
queries. For example, in a service retrieval system, all the services are embedded into
the interpretable semantic space including the category of service, tags, keywords, and
short descriptions. When a user retrieves a targeted service by keywords, phrases, or
a general short description, the input can be identified by the proposed model. The
model determines the exact semantics by linking the various-size-grained textual elements
together.

In summary, for the retrieved services, the bi-SWTM is used to obtain the topic distribu-
tions of the service descriptions following Algorithm 1. The topic distributions of the service
descriptions are the latent features that reveal the semantics of each service. Meanwhile, the
bi-SWTM can also extract the semantics of the service descriptions and complicated user
queries such as keywords, phrases, sentences, and paragraphs.With the bi-SWTM, each user
query is assigned the latent topics before retrieving. The process of the topic assignment for
user queries via the bi-SWTM is shown in more detail as follows.

4.1 Word level

In the case that a user inputs a word to search the services, the topics of the query word
can be obtained from the bi-SWTM directly, where the φvk denotes the topic distribution of
each word in the dictionary. After training the bi-SWTM, we can determine φvk from the
entire corpus by (6); the latent topics denote the semantic components of the words. With
the assumption of the bi-SWTM, the topic distribution of each word is embedded within
the same topic space as the sentences and the paragraph. Thus, for each query word, we can
compute the semantic similarities with all of the candidate service descriptions and retrieve
the most relevant service for the target query by the matrix of cosine distance.

4.2 Phrase level

In the case that a user inputs a phrase to search the services, the topic distribution of the
phrase query is generated by the inner words in the phrase. With the operation of hybrid
priors, the inner words can be embedded into the same topic space. With the assumption
of probability simplex space over the latent topics [3, 14], the topic distribution of several
single words can be computed by the average of all the components in each topic. Given a
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phrase p with a set of words, (w1, · · · , wN), where N is the word number in p, the topic
proportion of zk for p can be generated by:

p(zk|w1, · · · , wN) ∝
∑N

l φwl,k

K
. (9)

We can compute each of the topic proportions and obtain the topic distribution of pwith the
normalized operation. After the topic distribution of the phrase query is obtained with (9),
we can retrieve all of the services using the approach for the keyword level described above.

4.3 Sentence level

In the case that a user inputs a sentence in the service discovery interface, the topics of the
query sentence can be learned by the inference process of the bi-SWTM through (4) and
(5). From Algorithm 1, the inference process is from Step 7 to Step 8 for one iteration. For
all of the candidate service descriptions, we can compute the inference offline by the bi-
SWTM to generate the topic distributions of all of the service descriptions. For the single
query sentence without any contextual sentences, we set C = 0 in the bi-SWTM. However,
a better approach is that we treat the query sentence as the contextual sentence itself. In this
case, the query sentence can be better modeled by the bi-SWTM, where C = 1.

When the user retrieves the services by inputting a sentence, the topic distribution of the
sentence is extracted by the inference process of the bi-SWTM; then, the relevant services
can be ranked by the semantic distances of the topic distributions. Note that the phrases and
a group of keywords are also treated as special sentences. With the assumption of BoW for
the topic model, the sequential information of the words in a sentence is ignored. Thus, it is
flexible for different scenarios of complicated user queries, where all the types of sentences
can be used as the queries.

4.4 Paragraph level

The proposed bi-SWTM can also retrieve the services by inputting a long text consisting
of several sentences that describes a target service. Different from the other topic models
available in the literature, the proposed bi-SWTM can obtain the topic distributions of the
query texts as follows.

When the user inputs a sequence of sentences, named paragraph P , we can infer each
sentence in the query by Algorithm 1 from Step 6 to Step 8 to obtain the topic components
of each sentence. Following the operation described in [17], the topic distribution of the
entire paragraph can be computed by summing all of the topic components of each sentence
as:

(z1, · · · , zk) =
⎛

⎜⎝
∑SP

j

∑NP
j

n {γn1}Pj
Z

,

∑SP
j

∑NP
j

n {γn2}Pj
Z

, · · · ,

∑SP
j

∑NP
j

n {γnk}Pj
Z

⎞

⎟⎠ ,

(10)
where

Z =
K∑

k̂

SP∑

j

NP
j∑

n

{γ
nk̂

}Pj . (11)
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Figure 4 The inference process of the web services discovery with bi-SWTM for word, phrase, sentence,
and paragraph. The different types of lines and arrows are used to show the flows of each type of query

The topic distribution with K dimensions is defined by (10), where each component is
summed by all the values of gamma in each sentence. When the user inputs a description
of a service, where the description is grouped by words, not a sequence of sentences, we
can treat the description as a long sentence. Thus, the topic distribution of the description
can be generated using the sentence level approach.

4.5 Discussion

The process of the web services discovery with bi-SWTM of hybrid grained textual queries
is demonstrated in Figure 4. It is worthy to note that traditional topic models for the tasks
of service discovery can only handle the long texts as the queries. They are unable to search
for the relevant services by comparing the latent semantics of the word level queries and
the candidate service descriptions. Thus, most of the previous works are based on keyword
matching. The state-of-the-art models based on neural networks are also designed to extract
the features of long texts (or service descriptions); however, they fail to learn the features
of different level textual elements in a united framework. This leads to the low accuracy
performance when the queries are complicated. Thus, the main contribution of the proposed
bi-SWTM is that it learns the latent features of different level textual elements in the same
computation semantic space, which brings the benefits in handling the complex user queries
in service discovery.

5 Experiments

5.1 Dataset and training setting

To perform a standard and comparable evaluation, our experiments are conducted on the
ProgrammableWeb.1 ProgrammableWeb is a real-world web services repository that con-
sists of over 23,000 web services. Each web service in the repository is described with a
short unstructured text. We use the released repository and remove the web services with
less than five words in the description. A subset#1 is obtained with 12,912 web services.

1www.programmableweb.com
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Table 1 Summary statistics of
the subset#1 from
ProgrammableWeb

# Statistics

# of descriptions 12,912

# of sens. 68,766

# of words 980,421

length of the dic. 6,381

mean # of words per sen. 14.3

mean # of sens per doc. 5.3

Table 1 highlights the summary statistics of the dataset. We remove the stop words and the
words that occur less than five times in the repository; this results in a data set with 6,381
words. Please refer to our webpage2 for the code and data.

The proposed bi-SWTM is evaluated on language modeling, services classification, and
service discovery. Also, the visualizations of the nearest-neighbored queries and descrip-
tions are presented which shows the insights of our model on capturing the latent semantics
of web services. We first train our model on the given repository taking the sequences of
sentences as the input. For all of the following experiments, the number of topics K is set to
100, which means the dimension of the sentence representation is 100. We set C = 1, which
means that one preceding sentence and one subsequent sentence are considered as the con-
texts of the current targeted sentence. When the targeted sentence is located at the head or
tail of the descriptions, the sentence itself is treated as its neighbored contexts. The features
of the selected sentences are extracted by the proposed model with the involved words and
the neighbored sentences.

5.2 Comparison results of services classification

This section shows the comparison results of several representative methods for service
classification. Different from the methods that focus on the syntactic aspects of services,
we are more interested in assessing how well the representations capture the semantics of
service descriptions. Therefore, we construct three types of service classification tasks with
different grained texts, namely phrase (word) level, sentence level, and paragraph level.

5.2.1 Service classification on sentence level

Since the bi-SWTM can capture the concepts of sentences, service classification is first con-
ducted on the sentence level. We reconstruct a subset#2 from subset#1, which contains 8,233
services belonging to 30 different categories (e.g., tools, financial, enterprise, e-commerce).

Each sentence in the service’s description belongs to the same category of the host ser-
vice, and the proposed method determines which category the target sentence belongs to.
Thus, we randomly select one sentence from each description and let the service category
be its label.

We compare our model bi-SWTM with the following methods. Word2Vec and FastText
are selected to evaluate the BoW approaches, which are the most famous methods to obtain
the word embeddings. Paragraph2Vec is the traditional method to learn paragraph embed-
dings based on the neural network. LDA is the traditional approach based on topic models,

2http://shuangyin.li/biswtm/
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Table 2 The service
classification results on
sentence-level with accuracy and
F1-score

Models ProgrammableWeb

Accuracy F1

Word2Vec 0.668 0.643

FastText 0.591 0.572

AutoEncoder 0.439 0.408

LDA 0.602 0.583

Paragraph2Vec 0.411 0.389

bi-SWTM 0.685 0.669

which is treated as the comparison of the Bayesian method. Meanwhile, we also compare
the proposed model with the framework of the neural network by training an AutoEncoder.
All of the comparisons are based on the unsupervised framework, where we evaluate the
proposed model in creating reasonable text representations and demonstrate the capacity of
the suggested hybrid grained semantic matchmaking for web service discovery.

(1) Word2Vec (BoW). We train the Word2Vec(Skip-gram) by the implementation of Gen-
sim.3 We train all of the words in the training set, including the words that occur
less than five times in the repository. The dimension of each word vector is 100. A
traditional BoW averaging was employed to produce the sentence embedding.

(2) FastText (BoW). The code is obtained from the website.4 We train the FastText to
obtain 100-dimensional word vectors. A traditional BoW averaging is employed to
produce the sentence embedding.

(3) Paragraph2Vec. We use the implementation from Gensim. The Paragraph2Vec learns
paragraph and document embeddings via the distributed memory and distributed bag
of words models [15].

(4) LDA. We train the LDA5 model at the sentence level by setting the number of topics
as 100. Since many works on the framework of web service classification or cluster-
ing are based on the traditional LDA, the conventional LDA is chosen as one of the
comparisons.

(5) AutoEncoder. We train the AutoEncoder with the 100 hidden units, which embeds
the sentences into 100-dimension vectors. The AutoEncoder is well trained with the
framework of PyTorch with a dropout rate of 0.5.

All of the above models are trained from scratch on ProgrammableWeb, respectively,
and inference on the selected sentences to obtain the embeddings for a classifier. We use
an SVM with Gaussian kernel as the classifier; the accuracy and F1-score are tested for all
of the models. 80% sentences are used to train the classifier, and the 20% left are used for
testing. Table 2 presents the results.

As one type of Bayesian generating model, the bi-SWTM provides better performance
than the LDA. As described in [34], the length of the document plays a crucial role: poor
performance of the LDA is expected when documents are too short, for example, taking the

3https://radimrehurek.com/gensim/
4https://fasttext.cc
5http://www.cs.columbia.edu/∼blei/lda-c/index.html
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sentences as the input. The proposed bi-SWTM overcomes this drawback by considering
the context information for sentence-level modeling.

Table 2 demonstrates that the bi-SWTM outperforms the other approaches. It is worth
noting that deep neural network-based methods, such as the AutoEncoder in our experiment,
cannot obtain satisfactory performance on both accuracy and F1-score. The main reason
is that this kind of method needs enough data for model fitting, while the web service
repository is small. In contrast, the proposed bi-SWTM is based on the Bayesian model,
which can handle small corpora in some closed domains, especially for the domains that
need to be trained from scratch.

In addition, the bi-SWTM is compared with state-of-the-art methods on service classifi-
cation, such as the WE-LDA [30] and the ServeNet [39]. Actully, the WE-LDA is tested on
service classification with the services from ProgrammableWeb, where the services belong
to the top 20 categories. Similarly, the web services in the top 50 categories are selected in
the ServeNet. Even though the number of class labels used in the two methods is different
as well as the scales of datasets, we can still compare them with the proposed model based
on the same criteria.

In the experiment, we test our model on four different subsets from subset#2, in which
the services are from the top of 20, 30, 40, and 50 categories, respectively. Note that the
dimension of the features in the ServeNet is K = 200 and it is K = 20 in the WE-LDA.
Thus, the bi-SWTM with K = 20 and K = 200 is trained accordingly.

Table 3 demonstrates the results of the three methods. From Table 3, our model signifi-
cantly outperforms the WE-LDA with the same top 20 categories and K = 20. Meanwhile,
the performance of the bi-SWTM is better than that of the ServeNet with the same cate-
gory number and K = 200. Note that, K = 20, category = 20 for the WE-LDA, and
K = 200, category = 50 for the ServeNet are the best parameters reported in the original
papers. The methods based on deep neural networks may be limited by the scale of the data
set, and it may be difficult to fit the model well with a small training set (See in Table 2).
The proposed bi-SWTM is effective and competent in such scenarios.

In detail, since the settings used in the two representative baselines WE-LDA, and Ser-
veNet, are different, to ensure a fair comparison, we conducted the numerical validations
of bi-SWTM with different settings. Specifically, the bi-SWTM is tested with different set-
tings, i.e., (K = 20, category = 20 as same as WE-LDA ) and (K = 200, category = 50
as same as ServeNet) to show the performances with a fair assessment. The experimental
results also demonstrate that our method outperforms the other two baselines, by 3%-
8% increase in accuracy, which is a significant improvement in the evaluation system of
machine learning.

Figure 5 presents the results of K = 100 with different classify difficulties, category =
20, 30, 40, 50. In the case that K = 100 and category = 20, the bi-SWTM achieves
the best result. From Table 3, we find that the topic number is an important parame-
ter in the web semantics extracting, where the topic number in the Bayesian models are

Table 3 Performances of web
service classification on the
sentence level, compared with
WE-LDA and ServeNet

Models Accuracy

WE-LDA, K=20, category=20 0.522

bi-SWTM, K=20, category=20 0.602

ServeNet, K=200, category=50 0.633

bi-SWTM, K=200, category=50 0.669
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Figure 5 Performances of web service classification on sentence level with category = 20, 30, 40, 50 for
K = 100

determined by the real data. From Figure 5, we find that we need to select the suitable
K for different classification tasks. For category = 20, the bi-SWTM achieves the best
result when K = 100, since it is easy to classify the 20 categories of web services. For
category = 50, the best result of the proposed bi-SWTM occurs with K = 200, as more
topics can represent the more detailed semantics to fit the categories of each service descrip-
tion. Thus, in practice, the best parameter of K is determined by the tasks of the service
classification.

5.2.2 Service classification on phrase (word) level

Based on the results of service classification at the sentence level, we further test the per-
formance of the proposed bi-SWTM on subset#2. In this part of the experiments, the tags
of each service are used to represent the features of the service for the task of service clas-
sification. The average number of tags in each service is four (a small number of words are
considered), and we treat them as a phrase.

Since the LDA cannot learn the word vectors directly, we only report the results of the
Word2Vec and the bi-SWTM. For theWord2Vec, we also use the BoW approach to compute
the feature of the phrase by summing the corresponding vectors of words in it. We retrain the
Word2Vec model on all the descriptions of the services, after pre-training it on a large-scale
Wikipedia. For the bi-SWTM, it learns the word features spontaneously, and we can simply
add the vectors of the tag words to obtain the features of the phrases. Figure 6a and b show
the performance of service classification on the phrase-level with 5-fold cross-validations.
We can see that, with pretraining on the large-scale Wikipedia, the Word2Vec is slightly
better than the bi-SWTM on the task of phrase classification. However, the bi-SWTM still
achieves competitive results, even though the Word2Vec has the natural advantage on short
text classification.
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Figure 6 The 5-fold cross-validation classification performance on phrase and paragraph levels of web
services from ProgrammableWeb

5.2.3 Service classification on paragraph level

To test the performance of service classification at the paragraph level, we use 12,912
descriptions of services (subset#1) in this part of the experiment. The features of the
descriptions are obtained by LDA, Word2Vec, and bi-SWTM, respectively. Figure 6c and
d represent the results with 5-fold cross-validations. Note that the bi-SWTM outperforms
significantly both the Word2Vec and LDA. Meanwhile, the results also demonstrate that the
Word2Vec has a limited capability on long text classification problems.

To further explore the impact on the text length of Word2Vec and bi-SWTM, we design
the following experiments. We select the services for which the length of the descriptions
are in the ranges of (20,30), (30,40), (40,50), (50,+). For each range, 1,500 descriptions
are used. Figure 7 shows the 5-fold cross-validation classification results of the service
descriptions with different text lengths. It is seen that the bi-SWTM always show a very
competitive performance comparing with Word2Vec on both accuracy and F1 score.
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Figure 7 The 5-fold cross-validation classification results of the web descriptions with different text lengths

5.2.4 Discussion

To prove the capacity of the proposed framework on eliminating the gap of different grained
textual elements, we design a series of service classification tasks at the phrase (word), sen-
tence, and paragraph levels. Experimental results demonstrate that the bi-SWTM achieves
desirable performance on these service classification tasks.

Word2Vec, designed to learn word embeddings, can only handle word-level texts. Thus,
to obtain the sentence embeddings with Word2Vec, a traditional BoW averaging is often
employed. This operation is normally used in the scenario of short text classification.
According to Le and Mikolov [15], this approach performs poorly for sentiment analy-
sis tasks for two main reasons. Firstly, it loses the word order in the same way as the
standard BoWmodels. Secondly, it fails to recognize many sophisticated linguistic phenom-
ena, for instance, sarcasm. Therefore, if we try to obtain the sentence embeddings through
Word2Vec with BoW averaging, the length of the sentence cannot be too long. Otherwise,
Word2Vec computes on insignificant words. To address this limitation, some words are
removed to reduce the length of the sentence, which limits the practicality of the approach,
especially when the text is long and difficult to reduce.

In ProgrammableWeb, the mean number of words per sentence is 14.3, (as shown in
Table 1), this is a great benefit to Word2Vec, especially when the sentences or phrases
are used to evaluate the performance of service classification. Still, the proposed model
bi-SWTM also outperforms Word2Vec by a small amount. However, the advantage of the
bi-SWTM is its ability to handle long texts, such as the descriptions of web services. From
Table 1, the average word number for each description reaches 76; this is where the proposed
method exhibits strong accuracy results.

In summary, the Word2Vec and its variations excel in short texts, i.e., words or phrases.
LDA and its variations perform well in the scenario of long texts. Our proposed model bi-
SWTM combines the advantages of both, and specifies the hybrid grained textual elements
in semantic matchmaking for service discovery. In practice, we can decide which method to
choose simply by evaluating the length of texts in the specific application scenario. In the
case with hybrid grained texts, our method is a better choice.
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Figure 8 The accuracies of web classification tasks with top k, where k=3 and 5

Moreover, to validate the practicability of our approach, we test the accuracies of the
top k in the tasks of service classifications at the paragraph level as shown as in Figure 8.
Compared with LDA and Word2Vec, the bi-SWTM can achieve 0.97 accuracy values on
the top five, which is sufficient to apply our model in real-world service discovery.

5.3 Comparison results of services discovery

In this section, we conduct experiments on information retrieval (IR) to evaluate the perfor-
mance of service discovery in terms of F-Measure and precision. F-Measure and precision
are standard evaluation measurements used in IR to indicate the performance of the search
and matchmaking mechanism. When searching for services, a user may input keywords,
phrases, or short sentences into the search engine. The search engine needs to analyze the
concepts of the input and return the most related services. For example, “Graphics, Man-
ufacturing, Monitoring, Video” is the set of tags for the web service of “NGRAIN”,6 that
they can be used to search for related web services about “interactive 3D platform”. People
may input one of the keywords, all of them as one phrase, or a sentence, like “Some-
thing to monitor equipment during manufacturing or in the field and improve efficiency”.
Thus, to simulate the process of people searching services, a test query dataset based on
ProgrammableWeb is constructed by the following steps.

(1) One word from the tags or sub-categories of each service is extracted as a one-word
query. The label of the word is the category of the responding service.

(2) The keywords, e.g., tags, sub-categories, are extracted for each service from Pro-
grammableWeb. The category of the service is treated as the label of these keywords.
These keywords are combined as a query phrase.

(3) One sentence is randomly extracted from the description of each service. The category
of the service is also treated as the label of the selected sentence.

The scale of the test query dataset is 1,000, which includes 100 word-level queries, 200
phrase-level queries, and 700 sentence-level queries. The subset#1 is used as the search

6http://www.programmableweb.com/api/ngrain
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database. To determine whether a retrieved web service is relevant to the query text, we
check whether they have the same class label. The embeddings of the query words, the query
phrases, and the query sentences are obtained by the proposed bi-SWTM. The embedding
of each query word is from φ, which is learned by the bi-SWTM. For each query phrase, the
embedding of the phrase is generated following (9). The sentence embedding is also learned
by the proposed bi-SWTM.

In the experiments, LDA is selected as the comparison method. Even though LDA is
designed to handle long texts, we also apply it to extract the semantics of the sentences and
keywords for comparison. Here, keywords and sentences are treated as short texts, then the
LDA model is applied to learn the topic distributions. For each query, the web services in
the database are ranked using the cosine distance as the similarity metric. We average the
results of all the queries by using the F-Measure (F1-score) and precision values.

As shown in Figure 9a, the proposed bi-SWTM achieves 0.8@1 on precision, which
means the related web services can be retrieved at the top of the ranked list. In the experi-
ments, the words, phrases, and sentences are embedded into the same topic space with the
retrieved services which provides an effective way to understand the queries from different
level textual elements. Moreover, the bi-SWTM can capture the high-level semantics of the
text, by which more reasonable services can be discovered in the process of retrieval.

Meanwhile, we also show the performance of different models on web service retrieval
by drawing the precision-recall curves. Precision-recall curves are used when there is a
moderate to large class imbalance. In service discovery, there are many different types of
services that are handled for service matchmaking, sometimes long-tailed service matching.
The precision-recall curves in Figure 9b present that the bi-SWTM works effectively for
multi-type service searching, compared with the LDA.

Precision and recall are not particularly useful metrics when used in isolation. In the task
of service matchmaking, we need to balance the precision and recall and an F1-score might
be a better measure to use. Figure 9c reports the performance of service retrieval on the
F1-score. The results show that the bi-STWM outperforms the LDA from @1 to @1000.

According to the above experimental results of service classification, we can conclude
that the bi-SWTM works well both on short texts and long paragraphs. When the user
searches the desired services by natural language, the bi-SWTM provides an effective
solution on the hybrid grained semantic matchmaking of service.

5.4 Comparison results of languagemodeling

As one of the Bayesian language models, we test the bi-SWTM on the language model
by the held-out perplexity. In computational linguistics, the measure of held-out perplexity
has been proposed to assess the generalizability of text models. A lower perplexity score

Figure 9 The results of web services retrieval on ProgrammableWeb. a Precision. b Precision-Recall curves.
c F1-Score
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Table 4 Held out perplexities of
the different methods on
ProgrammableWeb

Models LDA RATM bi-SWTM

ProgrammableWeb 991.52 902.12 856.75

indicates better generalization performance. We define the perplexity on sentence-level as
described in [16]. Considering M descriptions in the test set Rtest , the perplexity is defined
as:

Perplexity(Rtest ) = exp

⎛

⎝−
∑M

i=0
∑Si

j=0 logp(sij )
∑M

i=0
∑Si

j=0 Ni
j

⎞

⎠ , (12)

where
∑Si

j=0 Ni
j indicates the total number of the words in di .

We consider LDA and RATM [16] as the comparison models, and Table 4 shows the
results of the held-out perplexities on subset#1, when the number of latent topics takes 100
for all the comparisons. We train on 80% service descriptions and test on the left 20%.

Our proposed model takes advantage of more information than LDA on sentence
modeling, that is why our model achieves better results as shown as in Table 4. For
example, LDA-based models depend on long texts, which lead to worse performance on

Table 5 Some random cases of query sentences and the corresponding best-neighbored sentence

S1:This API provides a platform for interactive rendering of 3D maps and allows

you to embed them into your website.

Bestneighbor: The eeGeo 3D Map API allows developers to embed a 3D map into

other applications and services.

S2: Layar is augmented reality application on your mobile phone which shows what

is around you by displaying real time digital information on top of reality though

the camera of your mobile phone.

Bestneighbor: NakdReality is a new location search service which allows anyone to

quickly create their own location-based or augmented reality search, without

having to hire specialist developers.

S3: By providing a valid phone number, users can transform any telephone into a

temporary microphone and send recorded audio directly to the system.

Bestneighbor: The Knurld Call API provides developers an optional tool that can

be used record audio for enrollments and verifications.

S4: Car Registrations in Portugal is an API that allows users look up car number

plates in Portugal.

Bestneighbor: For instance, users of the application would enter a car registration

plate like “2590 MA 64”, and it would return that the number plate belongs to a

2011 Ford Taurus.

S5: Strongsteam is an AppStore that offers artificial intelligence and data mining

APIs to let users pull information out of images, video and audio.

Bestneighbor: The API is useful to embed articles, images, video and audio

directly into a developer’s applications.
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perplexity [34] when handling short texts, such as sentences. In contrast, the proposed model
is designed on the sentence level with a bi-Directional mechanism, and can more effectively
capture the latent topics among the sentences than LDA and RATM.

5.5 Performance on nearest services

To demonstrate the capacity of the proposed model on learning the latent semantics of
words and sentences, we design a nearest-neighbor retrieval experiment on subset#1 to test
the capacity of our model on capturing the sentence semantics. The experiments examine
properties of the embedding spaces to better understand how the model learns semantics.
For a given query, we rank the candidate sentences in all of the services by cosine dis-
tance in the embedding space, and the best neighbor is retrieved. Table 5 shows some
random cases of query sentences from the dataset and the corresponding retrieved sentences.
The results show that the query sentences are highly related to the retrieved sentences on
semantics.

Meanwhile, one of the benefits of our model is to embed the words and the sentences into
the same topic space, which means that we can compute the similarity of a query sentence
and a word by the representations learned by bi-SWTM. Thus, to demonstrate the internal
behavior of our model on semantic extracting for sentences and words, we show the top 10
nearest words for the selected sentences and visualize them by t-SNE [23] on Figure 10.
The points represent the words, and the stars denote the selected sentences.
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Figure 10 The plots of the selected sentences and the nearest words from ProgrammableWeb. Each plot
denotes a word, and a star denotes a sentence described in Table 5
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6 Conclusion

In this paper, we propose bi-SWTM, a novel approach to achieve the semantic matchmak-
ing for the words and sentences in the retrieval tasks of service discovery. The proposed
model embeds the words and sentences from service descriptions into an interpretable topic
space, by which we can build a bridge in matching the semantics of complex queries and
service descriptions. The proposed model is examined using ProgrammableWeb data with
service classification and retrieval, and the experiments show that our model can signifi-
cantly outperform state-of-the-art methods for service discovery. Meanwhile, the operation
of representing the words and sentences with interpretable semantic distributions provides
a new perspective to understanding the queries and descriptions; this can benefit the inves-
tigation of other methods for service discovery when designing service recommendation
or composition systems. Future works include automatic learning for the selection of topic
numbers and improvement of the model efficiency.
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