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ABSTRACT
The rapid development of the mashup approach significantly plays
a pivot role in building Web-based and mobile applications. Easy
accessibility of data and functions are the main advantages for
programmers to develop mashups from abundant sources of APIs.
However, it simultaneously brings more difficulties to choose suit-
able APIs for a mashup, especially when the historical relations
between APIs and mashups are very sparse. Existing probabilistic
matrix factorization (PMF) recommender systems can effectively
exploit the latent features of the invocations with the same weight.
However, not all features are equally significant and predictive, and
the useless features may bring noises to the model. Also, many
current works explored the influence of mashups’ relationships,
but few of them sheds lights on the relationship between APIs and
their contextual interaction, which can be mined from their content
description. This paper improves the PMF model by distinguishing
the importance of latent feature interactions. We present an At-
tentional PMF model, which leverages a neural attention network
to learn the significance of feature interactions and uses Doc2Vec
technique for mining the contextual information. We also exploit
the relationship between APIs from both their contextual similari-
ties and invocation history and add them to the prediction model as
a regularization part. Our experiments are performed with datasets
from ProgrammableWeb. The results show that our model signif-
icantly outperforms some state-of-art recommender systems in
mashup service applications.
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1 INTRODUCTION
Web APIs have been increasingly developed and widely used for
Web-based and mobile applications over past years. For instance,
programmers in different application fields are able to integrate
Google Maps into their products with several coding lines in Google
Maps API. ProgrammableWeb has been an largest online repository
in providing Internet-based APIs to programmers who are seeking
for the real power of APIs to integrate them for mashup services.
Furthermore, ProgrammableWeb is also the most extensively-cited
source of data with incorporation of API-related statistics in key
media, journals, conferences, etc. However, the accelerated growth
in the quantity of APIs has brought difficulties for programmers
to choose the right APIs from a large number of candidates and a
more sparse rating data also brought more challenges for the APIs
recommendation system to propose a suitable list of APIs. Hence,
it is highly demanded to develop better recommendation technolo-
gies for programmers to pinpoint the proper APIs for mashups
developing. Much research effort using Collaborative Filtering (CF)
method has been done to address this problem, However, there are
still some limitation as below.

First, existing CFmethods generally can be classified intomemory-
based and model-based [2]. Model-based methods are more well-
known with better accurate prediction and PMF [11] is the most
popular model-based method. A lot of PMF-based recommender
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systems have been developed and widely used in service recommen-
dation [2]. However, current PMF-based models aim to learn the
latent features of mashups and APIs on a latent space with the same
weight and predict their invocations by computing the dot product
of their two latent feature vectors. In reality, different historical
invocations usually have different power of prediction and not all
latent features contribute useful information to anticipate the future
invocations. Hence, in order to prevent the invocation with less use-
ful features from deteriorating the recommender system, it should
be attached a lower weight or attentional score. However, current
PMF-based models are short of this ability to make distinction for
the importance of invocations or feature interactions, which may
produce substandard prediction.

Second, some hybrid models leverage the auxiliary information
such as trustworthy information of users [8], [13], and description
document of items [7]. Namely, the description of items such as
reviews, introductions are from different sources, and they repre-
sent for items’ attributes. Hence they have been used as descriptive
features that can increase the rating prediction accuracy, especially
in a sparse rating dataset. Some document modelling methods were
used to mine such documents such as Latent Dirichlet Allocation
(LDA) [1] and Stacked Denoising Auto-Encoder (SDAE). Neverthe-
less, there are few such context-aware models applied in Web APIs
applications, and they also have some limitations in APIs rating
prediction. Zhong et al. [19] explore the description of both APIs
and mashups with their historical interactions to reconstruct the
profile for services which are used as auxiliary information for rat-
ing prediction. However, this study only considers the bag-of-words
technique to explore the content of the description document, while
the words’ sequences and surrounding words are ignored. Hence,
such valuable information is not effectively explored for prediction
when the rating is very sparse.

Third, much research effort has been put in exploring themashup-
API invocation history, but few of them discover APIs’ co-invocation.
Some APIs are either always in the same mashup or never work
together. Therefore, we believe that the compatibility of APIs is es-
sential for the invocation preferences of a mashup and the learning
of latent features of APIs and mashups. Yao et al. [18] use TF-IDF
and Poisson stochastic process to explore the similarities and the
implicit relationship between APIs, and then integrate it to a general
matrix factorization framework as a pre-trained element. However,
this work disregards the contextual information and only learns the
latent features from mashup-API invocation history when defining
the API’s similarity.

This paper improves the conventional PMFmodel by considering
the importance of the binary mashup-API invocations through
learning their latent features. Namely:

- We proposed an Attentional PMF model, which leverages the
attention mechanism in neural network modelling [4] to weight
the latent features interaction of mashup-API invocations.

- We define an attentional network to parametrize the attention
score and learn it together with the Attentional PMF model.

- We use Doc2Vec technique to exploit the contextual informa-
tion of APIs and mashups, and uses it as auxiliary data to learn
the latent features. We do statistical analysis for API co-invocation
data and learn the distribution of co-invocation frequency for each
pair of APIs. Later on, we integrate the contextual similarity and

co-invocation prevalence as regularization parts of the Attentional
PMF model.

- We conduct experiments on ProgrammableWeb dataset with
different percentages masked training dataset, and the results show
that out model outperforms all the baseline models.

The rest of paper is organized as follows. Section 2 provides
some related works of recommender systems and presents the prob-
lem statement. Section 3 first gives an overview of our proposed
approach, which describes the framework of APIs recommenda-
tion for mashup development and then defines the Attentional
PMF model and regularization parts. Section 4 demonstrates some
experimental results. Finally, Section 5 concludes the paper.

2 PRELIMINARIES
2.1 Related Works
One of the most popular model-based Collaborative Filtering is a
matrix factorization model (PMF) [11], which leverages the mashup-
API invocation matrix to obtain the latent features of mashups
and APIs. Koren et al. [5] propose SVD based Matrix Factorization
applies singular value decomposition. Such methods decompose
the large invocation matrix into smaller dimension matrices which
contain the latent features. Later on, in order to overcome the
problem of over-fitting of such models, regularization is added to
PMF. to factorize the mashup-API invocation matrix into three
matrices A, Σ, and M. This factorization model can be simplified
further as the product of two lower-dimensional latent matrices
R = ATM where A and M are composed of the respective vectors
ai andmj such that ri j = ai

Tmj . Finding the vectors is solved by
the optimization process of below objective function:

min
A,M

x∑
i=1

y∑
j=1

(ri j − ai
Tmj )

2 (1)

Recently, the significance of the full neural network structure
for learning useful word representations has been shed in light.
Mikolov [9] has proposed the skip-gram and continuous bag-of-
word which is a simple single-layer architecture by implement-
ing the inner product between pairs of word vectors. Mnih and
Kavukcuoglu [10] defined vLBL and ivLBL as closely-related vector
log-bilinear models. The skip-gram and ivLBL aim to anticipate
the context of a word provided the word itself while CBOW and
vlBL models anticipate a word based on its context. Such models
leverage the linear relationship among word vectors to learn the
linguistic motif. Different from PMF, the shallow window-based
methods have the limitation that they ignore the co-occurrence
statistics of the corpus. Instead, they just move through the entire
corpus and scan context windows, which fails to take advantage of
the abundant repeated data.

To learn document embedding, Le [6] recently proposed Doc2Vec
technique, which is an extension of Word2Vec [9]. Doc2Vec has
two approaches distributed DBOW and distributed memory DMPV.
DBOW is similar to CBOWwhich calculate the document vector by
concatenating all the paragraph vectors without considering word
order. Reversely, DMPV uses the idea that is adding a unique vector
presenting for the document into the learning word vectors model.
This paper leverages Doc2Vec with DMPV approach to pre-train



Attentional Matrix Factorization with Document-context awareness
and Implicit API Relationship for Service Recommendation Melbourne’20, Feb 02–07, 2020, Melbourne, Australia

the document embedding vectors for all descriptions of mashups
and APIs.

Also, several service recommender systems currently focus on
context to calculate the contextual similarity of services’ description
and recommend suitable APIs which have the highest similarity.
Yao et al. [17] define a novel approach to unify collaborative filtering
and content-based recommender systems. Naïm et al. [12] integrate
pattern mining into probabilistic topic models to capture the maxi-
mal common context of API for recommender system. Cao et al. [3]
use the content similarity between services to recommend APIs
for mashups by matrix factorization approach. Rahman et al. [14]
propose a matrix factorization method which integrates content
and network-based service clustering and makes a recommendation
from a comparable shortlist of suitable APIs.

2.2 Problem statement
In APIs discovery platform such as ProgrammableWeb, when a
programmer wants to build a mashup application, the system gen-
erates a list of suitable APIs which are supposed to be closest to
mashup’s requirements. This paper assumes these requirements as
descriptions provided by the programmer, which includes functions,
business tasks, dependencies, efficiencies of the mashup. Namely,
a new mashup application is required to provide a food ordering
and delivery service, that can be used for customers to order and
have food delivered. The mashup is required to provide a noto-
rious and easy interface to explore, seek, reserve, make a secure
payment, and give feedback for the restaurant’s service. Available
APIs are abundant and diverse, so the programmer has to choose
just a small number of APIs in this enormous repository. Figure
1 clearly shows that with over 3500 available APIs, the average
number of APIs used in most of the mashups is just around 5. Fig-
ure 2 shows the distributions of APIs over mashups. Each red dot
is presented for the invocation between a mashup and an API. It
can be seen that there are many APIs that have never been used
by any mashup. Therefore, finding and suggesting a set of most
compatible APIs is a challenging problem for recommendation sys-
tems. As traditional approaches [2], we focus on the invocation
history of APIs and mashups to learn the latent feature and define
the similarity between APIs and mashups from a matrix factor-
ization model. However, we differently integrate the attentional
score to invocation through the learning latent features process and
investigates the context-aware documents of APIs and mashups,
which has not been considered by many types of research. Also,
some APIs are compatible with the same mashup, and some others
are not. Thus, we explore how to derive the implicit relationship
of APIs and integrate it to Attentional PMF model for better rating
prediction.

3 PROPOSED APPROACHES
3.1 Overview
To address the above challenges, this paper proposes a framework of
APIs recommendation for mashups development, as demonstrated
in Fig.3. Namely, when an active user wants to make a new mashup,
she would type some descriptions about the mashup. On the one
hand, available APIs currently in the repository also have their
descriptions. The descriptions from both new mashup and current

APIs are used as input for a word embedding model which uses
Doc2vec technique [6] to generate words to vectors and then a
document matrix. The output of this model is the document matrix
of APIs and the new mashup. After that, the Cosine methods used
to obtain the similarity between the mashup and each APIs by using
their document matrix. On the other hand, APIs invocation history
provides information about their participation in the mashups. The
implicit relationship of APIs is learned from their prevalence of
being in the same mashups. In the next step, mashup-API similarity
and APIs implicit relationship is integrated into an Attentional
PMF model as regularization terms. A list of APIs with highest
recommendation scores will be added to a recommendation list for
the new mashup development.

3.2 Attentional PMF Model
We suppose we have an invocation record of x APIs and y mashups.
We denote the invocation relationship between APIs and mashups
by a matrix R∈ Rx×y . We use a binary variable ri j , which indicates
an invocation pairing of API ai and mashupmj . If API ai is invoked
by mashupmj then ri j is equal to 1, and 0 otherwise. We define ˆri j
as the probability that API ai will be invoked by mashupmj .

ri j =

{
1 ifmj invoke ai
0 otherwise

}
. (2)

3.2.1 Attentional network. Figure. 4 demonstrates the neural net-
work architecture of our proposed model. The input layer is a sparse
invocation matrix, and it is factorized into two matrices A∈ Rx×d

andmatrixM∈ Ry×d which represent for latent features of mashups
and APIs respectively. In the embedding layer, different from PMF
which defines r̂i j as the dot product of two latent feature vectors
ai ∈ Rd andmj ∈ Rd , we add an attentional score to present the
importance of the interaction into the prediction of ˆri j as below:

ˆri j = αi jai
Tmj (3)

Where αi j is the attentional weight for the invocation between API
ai and mashupmj , which represents for the importance of the dot
product aiTmj to the predicted value. To learn αi j , we use a similar
idea with Xiao et al. [16] who proposed an attentional network with
a multi-layer perceptron (MLP). The advantage of this work [16]
over PMF is that it can estimate the attentional scores of these
invocations which have never happened in the training data. We
differently define attentional score as a scalar, and it is formally
defined as below:

α ′
i j = hReLU (ai

Tmj + b) (4)

αi j =
ea

′
i j∑x

i=1
∑y
j a

′
i j

(5)

We simultaneously learn αi j and compute the features of mashups
and APIs by minimizing an attentional sum of squared errors loss
function of a PMF model in the following section.

3.2.2 Probabilistic matrix factorization model. Figure 5 shows an
overview of how to integrate attentional network into PMF in the
form of probabilistic graphical model. The loss function is defined
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Figure 1: Number of APIs in a Mashup
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Figure 2: Distribution of APIs and mashup

as follows:

min
A,M

L =
x∑
i=1

y∑
j=1

1
2
Ii j (ri j −αi jai

Tmj )
2 +

λa
2
∥A∥2F +

λm
2

∥M ∥2F (6)

, where Ii j equals 1 if API ai is invoked by mashup mj , and 0
otherwise. Regularization parameters are λa and λm . ∥.∥F is the
Frobenius norm.

3.3 Mashup recommendation with integrated
with document-context awareness and
implicit API relationship

We leverage the significant advantage of PMF model which allows
to integrate the auxiliary information to reduce the model overfit-
ting and enhance the prediction accuracy. Namely, we exploit the
information of document-context and implicit API relationship for
the proposed Attentional PMF model. Generally, in recommender
systems, both explicit and implicit reviews can be utilized to derive
users preference over items. While the explicit reviews indicate the
occurrence of user-item interactions, the implicit reviews obliquely
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Figure 3: The framework of service recommender system.
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Figure 4: The neural network architecture of Attentional PMF Model

reflects users’ sentiment by paying attention to their previous histor-
ical interaction. In service recommender systems, mashups are con-
sidered as users, APIs are corresponding to items, and reviews are

invocations. We interpret the service co-invocation as implicit API
relationship and incorporate it with document-context awareness
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Figure 6: The graphical model for Attentional PMF with reg-
ularization.

to execute recommendation based on such implicit co-invocations
learned from the existing historical data.

Namely, we integrate the document-context and the implicit
relationship for API recommendation to our Attentional PMFmodel
by two regularizing terms. We implement a document mining with
Doc2vec technique for the first regularization term and then use
distribution fitting for co-invocation analysis to build the second
term as following.

3.3.1 Document mining with Doc2vec word embedding technique .
To prepare the input for the word embedding model, we first collect
the data of APIs descriptions from ProgrammableWeb, including
name, category, tags, introduction, and historical mashups. After
that, we execute the preprocessing to extract stemming. We do not
remove stop words because they all influence the context of the
document. In the next step, we generate document latent vector D
from the descriptions which will be used in our recommendation

Figure 7: Co-invocation frequency of API pairs

system model. Namely,

D =


| | | |

vD vw1 vw2 ... vwV

| | | |

 (7)

In Equation 7, D∈ RN×(V+1), V is the length of the document,
and N is the number of latent features according to embedding
dimensions for each wordwv with v∈{1,..,V}. Contextual similarity
between a new mashupmj withmj ∈ Ry and API ai with ai ∈ Rx

is denoted by si j and obtained by the distance between two vector
vD (mj ) and vD (ai ) by Euclidean norm as below:

si j = | |vD (mj ),vD (ai )| | (8)

It is noted that the similarity si j is added to attach the contextual
information to the prediction as a regularization term as below:

λSsi j

2
∥MAT ∥2F (9)

3.3.2 Implicit APIs relationship mining. The recommended APIs
have to be appropriate for the new mashup and also do not conflict
with each other. In other words, APIs used in the same mashup
must be compatible and strong correlated. Therefore, there must
be some latent elements influencing the co-invocation of APIs, and
such latent relationship cannot be directly observed from APIs’
description. [18] proposed a pre-train model to learn this implicit
correlation from textual profile and co-invocation history, and add
it to the main PMF as a regularization part. This work uses TF-IDF
to explore the contextual similarity of APIs and assumes the Pois-
son distribution for co-invocation counts for each pair of APIs. In
this paper, we do not pre-train the model but implement statistical
analysis for the co-invocation counts and withdraw a suitable dis-
tribution, which effectively represents for the probability of being
invoked by the same mashup of APIs. Using Easyfit, we fit the
distributions for this data and obtain that Weibull [15] is the best
distribution with parameters λ = 0.59726 and k = 31.522 as in
Figure 8.

Pik =
k

λ
(
fik
λ

)k−1e(
−fik
λ )k (10)

Where fik is the co-invocation frequency of API ai and mashup
mj . APIs which are used to be invoked in the same mashup have
much chance to be together in the future because of their latent
relevant features. Namely, if API ai has a co-invocation list of APIs



Attentional Matrix Factorization with Document-context awareness
and Implicit API Relationship for Service Recommendation Melbourne’20, Feb 02–07, 2020, Melbourne, Australia

Figure 8: Distribution fitting for frequency of API pairs

ak ∈ K(i), then we can assume that ai ’s latent vector should be
closed to ak . We fully demonstrate the implicit relationship between
APIs by both contextual similarity and prevalence of co-invocation
by integrating these two elements into a single measurement of
Reik .Reik is the implicit relationship of API ai and ak and is defined
by weighted summation of contextual similarity and co-invocation
prevalence as below:

Reik = θsik + (1 − θ )Pik (11)

, where θ is the weight for contextual similarity. Hence, we change
the regularization term as below:

γ

2

x∑
i=1

∥(Ai −

∑
k ∈K (i) Reik ×Ak∑

k ∈K (i) Reik
)∥F (12)

The implicit relationship allows the regularization term to treat
APIs’ co-services differently. If API ai is very similar to ak , say
Reik = 0.99, then ak should contribute more influences on features
of ai . Reversely, if Reik = 0.01, then ak should influences less.
Hence, we have an objective function of minimizing a confidence-
weighted sum of squared errors loss function as in Equation 13.

min
A,M

L =
x∑
i=1

y∑
j=1

1
2
Ii j (ri j − αi jai

Tmj )
2

+
γ

2

x∑
i=1

∥(Ai −

∑
k ∈K (i) Reik ×Ak∑

k ∈K (i) Reik
)∥F +

λSsi j

2
∥MAT ∥2F

+
λa
2
∥A∥F +

λm
2

∥M ∥F

(13)
The relationship function Re(i,k) allows the contextual and implicit
relationship regularization term treat APIs’ correlations differently.
If APIs ai and ak are very compatible and very similar, then Re(i,k)
closes to 1. Reversely, if these two APIs are contextually differ-
ent and have never been simultaneously invoked in any mashup,
Re(i,k) should be close to 0.

We use gradient descent in feature vectors Ai andMj to obtain
the local minimum of the objective function given in Equation 13.

∂L

∂Aj
= −

x∑
i=a

Ii j (ri j − αi jai
Tmj )Mj + si jλSMATM + λaAi

+ γ (Ai −

∑
k ∈K (i) Reik ×Ak∑

k ∈K (i) Reik
)

+ γ
∑

д∈K−(i)

(−Reiд)(Aд −

∑
k∈K (д) Reдk×Ak∑

k∈K (д) Reдk
)∑

k ∈K (д) Reдk

(14)

∂L

∂Mj
= −

y∑
j=m

Ii j (ri j − αi jai
Tmj )Ai + si jλSMATA + λmMj (15)

4 EXPERIMENTS
4.1 Set up data
We use the dataset of ProgrammableWeb1 to demonstrate the ef-
fectiveness of the proposed model. The dataset consists of textual
descriptions of 17829 APIs and 6340 mashups, and their historical
invocation. Because ProgrammableWeb dataset does not have the
ratings between mashups and APIs, we adopt their invocation data
as the ratings. After that, we do preprocessing for the dataset as
follows: (1) We remove blank APIs and mashups, and obtain 5691
mashups and 1170 APIs; (2) We obtain the document vectors of all
descriptions by pre-train model Doc2Vec by using library Gensim
Doc2Vec and calculate the contextual similarity between descrip-
tions by Cosine equation. (3) We use Python to do programming to
define the co-invocation frequency between pairs of APIs. (4) We
also calculate the history invocation between pairs of mashup-API;
(5) We randomly hide a certain percentage of the mashup-API in-
teractions to create our training set, and the original data becomes
the test set.

4.2 Baselines
We compare the proposed model with the following baselines.

(1) SVD++ [5]: SVD based Matrix Factorization Model applies
singular value decomposition.

(2) PMF [11]: Probabilistic Matrix Factorization Model purely
uses ratings for collaborative filtering.

(3) LDA-PMF: This model uses the LDA [1] instead of Doc2Vec
techniques to pre-train the contextual similarity of services
and mashup, then attaches them into PMF as a regularization
part.

(4) Yao [18]: Matrix Factorization based model with API Co-
invocation regularization, which uses TF-IDF for text mining.

(5) Our Model−: Our Attentional PMF model without regulariza-
tion parts of context-based awareness and API co-invocation
relationships.

Table 2 shows the comparison between these baselines with six
elements, including ratings, context-awareness, pre-train word em-
bedding, words sequence, attention, and API relationship. It can
be seen that the proposed model leverages all these elements to

1We download the database from https://dev.maxmind.com/in November 2018.
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Figure 9: Improvement rate comparison.

Table 1: Improvement rate comparison.

Mask% 10% 20% 40% 60% 80%

Model

LDA-PMF 10% 5% 5% 12% 16%
Yao 29% 24% 18% 22% 22%
Our Model− 38% 32% 24% 29% 31%
Our Model 48% 46% 43% 49% 59%

obtain a better prediction. We consider our model without context-
awareness as Our Model− to observe how much contextual in-
formation and API implicit relationship influences this prediction
model. Existing models such as PMF, SVD++ do not integrate con-
textual information and API implicit relationship. For this paper,
we set a number of latent features d = 20. For simplicity, we set
regularization parameters λa = λm = 0.01.

4.3 Evaluation metric
We test the performance of the above baseline models on the Pro-
grammableWeb datasets. We take the original mashup-API matrix
and mask a percentage of original invocations where a mashup-
API invocation has been taken place for use as a test set. The test
set will contain all of the original invocations, while the training
set replaces the specified percentage (10%) of them with a zero
in the original invocation matrix. We use the root squared error
(RMSE) and mean absolute error (MAE) to evaluate the accuracy
of the proposed model as in equation below with n is the number
of invocations. Smaller values of RMSE and MAE indicate better
performance.

RMSE =

√
1
n
Σxi=1Σ

y
j=1

(
ri j − ˆri j

)2
(16)

MAE =
1
n

x∑
i=1

y∑
j=1

|ri j − ˆri j | (17)

4.4 Experimental results
We run the six above models with the 10% masked training dataset.
The result of the training set and test set is demonstrated in Table
3. It can be seen that both PMF and SVD++ obtain very good RMSE
and MAE in the training set. However, the overfitting makes their
results in the test dataset less accurate than the others. LDA-PMF
achieves average results in both training set and test set. Yao, our
Model− and our model all achieve very good RMSE and MAE in
both datasets, but our model outperforms with RMSE at 0.3805 and
MAE at 0.2840.

4.4.1 Impact of different size of training datasets. Also, we further
test the effectiveness of our model over various sparseness of the
training set. Namely, we respectively use the mask percentage of
original invocation matrix as 10%, 20%, 40%, 60%, and 80%. We
sketch these results in two charts in Figure 10 for easy to observe.
It shows that our model is quite better than Yao and significantly
outperforms the other baselines over all ranges of the sparseness
of training dataset.

4.4.2 Improvement rate of our model over the baselines. To demon-
strate how much Our Model outperforms other baselines, we com-
pare the RMSE improvement rate (IR) of Yao, Our Model−, and Our
Model over PMF. Namely, improvement rate is defined as below:

IRbaseline =
RMSEbaseline
RMSEPMF

× 100% (18)

It is noticeable that the improvement of Yao, Our Model−, and
Our Model over PMF consistently decrease over 10% to 40% and
increase over 40% to 80% masked training sets as in Figure 9. LDA-
PMF has the least improvement with IR only from 5% to 16%. While
Yao model only improves 18% to 29%, Our Model− outperforms
with 24% to 38%, and Our Model significantly outplays with 43%
to 59% over PMF model. This result demonstrates that integrating
API implicit relationship and contextual information with PMF to
optimize the prediction effectively, which ultimately makes Our
Model more effective to sparse datasets.

5 CONCLUSION
In this paper, we have enhanced the PMF by learning the impor-
tance of mashup-API invocation through their latent features by
an MLP attentional network, which significantly improves the rep-
resentation accuracy. We also studied the influence of contextual
information and APIs’ relationship on the prediction of recom-
mender systems for Web service. We observe that the pre-training
document vectors by Doc2Vec to obtain the contextual similarity
of services and doing statistic analysis for APIs’ co-invocation con-
tribute effective steps to regularize our Attentional PMF model.
Namely, our proposed model obtains better results of RMSE and
MAE than the conventional PMF and also outperforms other men-
tioned baselines. Experimental results in different percentages of
sparseness with training datasets also show that our model achieves
better RMSE and MAE values.
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Table 2: Comparison between six models.

Model Ratings Context pre-train words se-
quences

Attention API relation-
ship

SVD++ Yes No No No No No
PMF Yes No No No No No
LDA-PMF Yes Yes Yes No No Yes
Yao Yes Yes Yes No No Yes
Our Model− Yes No No No Yes No
Our Model Yes Yes Yes Yes Yes Yes

Table 3: Experimental results.

No. Model SVD++ PMF LDA-PMF Yao Our Model− Our Model

1 RMSE-Train 0.1999 0.1352 0.4238 0.2104 0.3054 0.2728
2 MAE-Train 0.1729 0.1211 0.4087 0.2011 0.2902 0.2415
3 RMSE-Test 0.7664 0.5634 0.5116 0.4351 0.4090 0.3805
4 MAE-Test 0.7648 0.4554 0.4117 0.3319 0.3140 0.2840
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Figure 10: RMSE and MAE over various sparseness with test dataset
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