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Abstract. With the emergence of service-oriented architecture, quality of service
(QoS) has become a crucial factor in describing the non-functional characteristics
of Web services. In the real world, the user only requests limited Web services,
the QoS record of Web services is sparsity. In this paper, we propose an approach
named factorization machine and multi-layer perceptron model based on embed-
ding technology (EFMLP) to solve the problem of sparsity and high dimension.
First, the input data will be sent to embedding layer to reduce the data dimension.
Then, the embedded feature vector will send to the factorization machine. After
that, the first-order and second-order weights of the factorization machine are
used as the initial weights of the first layer of the multi-layer perceptron. And the
multi-layer perceptron is trained to adjust the weights. Finally, 1,974,675 pieces
of data from an open dataset is used as experiment data to validate the model, and
the result shows that our EFMLP model can predict QoS value accurately on the
client side.

Keywords: Embedding model - Factorization machine - Neural network - QoS
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1 Introduction

A mount of Web services has been provided in the world. How to choose a web service
which satisfies the user has been an urgent problem. Usually, when users access the
network, a number of services with the same function can be provided by multiple
service providers. Choosing a best Web service to provide users with a Web service
recommendation system can greatly improve the user’s Internet experience.

In real world, it’s also hard to obtain the QoS value by calling the corresponding
service from the client side. First, not all Web services are free, some Web services
require a fee. Second, the number of services is huge. It will be a huge overhead in
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time when each user requests each web service. Finally, most users are not experts, they
do not have the experience and skills to measure Web services, which results in the
measurement results not being credible.

In brief, the main contributions of this paper are as follows:

First, we propose the EFMLP model. The factorization machine and the multi-layer
perceptron based on embedding model are combined to predict the QoS value.

Second, a real-world dataset is used to verify the effectiveness of the EFMLP model.
Experimental results show that the method is more accurate than traditional collaborative
filtering and matrix decomposition methods.

The rest part of this paper is organized as follows. The second section describes
the missing QoS prediction problem and gives the framework of the EFMLP model.
Section 3 introduces the EFMLP model to predict personalized QoS values. Section 4
discusses and analyzes the experimental results. Section 5 contains related work, and
Sect. 6 summarizes the full paper.

2 The Overview of EFMLP Model

In this section, the prediction problem of missing QoS value is first described in Sect. 2.1.
Then we introduce the framework of EFMLP model in Sect. 2.2.

2.1 Problem Description

Our aim is using the historical QoS information to accurately predict the miss-
ing QoS value. The existing data usually contains a user-item matrix, where U =
{ul, up uz, ... .u,-,} is the user set, containing i users, § = {s1 L 82,853, ... .sj,} is a col-
lection of j Web services. v;; represents the QoS value of the service j observed by
the service from user i. Therefore, we construct an i X j user-service sparse matrix
M € R, In this user-service matrix, each item vjj represents a QoS attribute value.
Figure 1 shows a tiny example. Figure 1(a) shows the existed QoS attribute values in the
user-service matrix, which represented by set H. When the number of users and services
is large, the sparsity of the matrix will be huge. Figure 1(b) shows the complete QoS
value after prediction, which is represented by set M .

S1 S2 Ss Sa Ss S1 Sz S3 Sa Ss
U, | 5.982 0.228 U, [ 5.982 | 5.394 | 0.228 | 0.453 | 0.527
Uz 0.262 0.652 Uz2|2.134 | 0.262 | 0.328 | 0.652 | 0.554
Us | 0.854 0.649 0.115 Us | 0.854 | 0.352 | 0.649 | 0.238 | 0.115
(a) User-Service Matrix (b) Predicted User-Service Matrix

Fig. 1. A tiny example for missing QoS prediction

The missing QoS value can be represented by the set P = M — H. The predicted
QoS value is to obtain the set P by using the existing set H. The EFMLP model is based



EFMLP: A Novel Model for Web Service QoS Prediction 377

on the factorization machine model and the neural network, which is trained through the
existing data, finally predict the missing QoS. Then a complete and accurate QoS value
set M is obtained.

2.2 The Framework of EFMLP Model

In this section, we show the framework of EFMLP model. As shown in Fig. 2, the EFMLP
model training is divided into two stages. In the first stage, the input data is converted
into feature vectors by one-hot encoding, and then the embedding layer is used for
dimensionality reduction and obtain information existing between input vectors. In the
second stage, the output of the embedding layer is sent to the factorization machine
for training, and the first-order weights and second-order weights of the factorization
machine are used as the initial weights of the first layer of the multi-layer perceptron.
Then train the multi-layer perceptron.

Prediction Value

"\ /})

EFMLP Model

v2 V6 Vo Embedding Vectors

Input Feature Vector

=
=
=
=
=
=
&

Fig. 2. The framework of EFMLP model

The following we will introduce the components of the model in detail.

(1) Obtain the feature vector. The input data includes user id and service id, both of them
are integer types. One-hot encoding is applied to user id and service id respectively.

(2) Embedding vector. The Embedding layer compresses the input feature vectors into
low-dimension, dense real-valued vectors, as to keep the feature information and
ease the training pressure of the model in the next stage.

(3) EFMLP model. The factorization machine is used to model the embedding vec-
tor of the user id and the embedding vector of the service id, thus obtaining the
interactive relationship between the user id and the service id. The first and second
order coefficients of the factorization machine are used to initialize the first layer
parameters of the multilayer perceptron to train the multilayer perceptron.
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(4) Obtain the predicted value. After using all historical data to train EFMLP model,
the model parameters will be determined. The model will output the predicted QoS
value using the new data.

3 Details of EFMLP Model

The prediction process of EFMLP model can be divided into extracting embedding
features phase, sending the embedding feature vectors to factorization machine phase.
Finally, train the multilayer perceptron. The model is implemented with Pytorch1.3.1.
We train the model on a workstation with Ubuntu18.04 LTS, Intel Xeon 8 cores processor
and 32 GB memory.

3.1 Extracting Embedding Features

The input data is the user id and service id, and the data type is integer. First, the user id
and service id will encode with one-hot layer, one-hot uses a bit status register to encode
a state. The total number of item types is represented by a bit value of 1 and all other bit
values of 0. For example, there are three users, u1, uz, and u3. Figure 3 is a toy example
of one-hot encoding in three users.

U4 Uz Us

0|0 |1 0o(1]0 110]0

Fig. 3. The toy example of user id one-hot encoding

After obtaining the one-hot encoding of the user id and service id, the one-hot encoded
vector is used as the input of the fully connected layer to output the embedding vector
of the user id and service id. The role of the embedding layer is to map the original data
from the source space to the target space and retain its structure. The data dimension
sent to the model is kept at a low dimension, to speed up the model training process.

3.2 The Core of EFMLP Model

First, the factorization machine part of the EFMLP model is used for training, after that
the factorization machine model trained weight is used as the initial weight of the first
layer of the multi-layer perceptron to train the multi-layer perceptron. Finally, the model
is combined with the factorization machine model to predict the missing QoS value.

The one-hot encoded user id and service id are sent to the embedding layer, and the
embedding layer outputs low-dimension embedding features, then the embedding user
id and service id are sent to the factorization machine. The expression of the factorization
machine here is:

N N N
yiM ) = wo + Y owixi + 2 > (Vi, Vi)xixj ey
i=1 i=1 j=it1
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Here, we use Wd to represent the weight value of the i-th layer of the MLP in the
EFMLP model. W}, is initialized by the deviation term wj and the vector v; (for example,
WO[O] is initialized by w;, W’[l] initialized by v WO[Z] initialized by v2) z; € RK+]
is the parameter vector of the i-th field in the factorlzatlon machine.

Zi = Wéx[starti rend;] = (w,-, viovE v, VK) 2)

[ 2SN S A 1

Where wg € R is a global scalar parameter, and n is the total number in all fields.
2=(W0,21,22, -+ Zis---»2n) 3

Here Wy € RM>/ by e RM and z € R’

We choose the sigmoid function as the activation function of the multilayer per-
ceptron, where sigmoid(x) = Wi € RM* by € RM and z € R’/. Here
are:

1+ =

Iy = sigmoid (W1z + by) €
The predicted QoS value is:
y=Wali + by ®)

Where W, € RE*M  p, e RE and [} € RM.

In the EFMLP model, the factorization machine part can establish a model for data
expression in the latent space, which is conducive for further learning. In order to measure
the effect of the EFMLP model, a loss function must be used to evaluate the error between
the predicted value and the original value. Therefore, the loss function of the EFMLP
model is defined as follows:

m’”L(y j) =7 21 Z L (vij — %‘)2 (6)
i=1j=

I;j is an indicator function. When /;; is 1, it indicates that user u; invoked the web
service v;, otherwise not invoked. The optimization of the loss function refers to min-
imizing the sum of squared errors. The initial weight of the factorization machine is
learned through stochastic gradient descent (SGD). Using the chain rule in back prop-
agation, the weights in the factorization machine are effectively updated. The weight
update formula in the factorization machine is:

AL(y.P IL(y.9) oz L '
3(‘;/(;) = giiy) aavzvl = g 9) x[start; : end;] (7)
Wé <« Wé Lk BL(y })x[start, end;]. (8)

4 Experiment

In this chapter, we conduct a series of experiments on the EFMLP model using a real
dataset, validate the effectiveness of the EFMLP model, compare with 7 methods, and
analyze the results.
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4.1 Description of Dataset

WS-Dream is a client side QoS dataset publicly released on the Internet. It contains 339
users and 5825 Web services. Table 1 is the statistical data of WS-Dream dataset.

Table 1. Statistics of WS-dream dataset

Statistics Value
Number of service users 339
Number of web services 5825

Number of web services invocations | 1,974,675

Range of response time 1-20's
Range of throughput 1-1000 kbps

As mentioned above, there are many attributes of QoS. Although we focus on
response time and throughput in this experiment, the EFMLP model can be easily apply
to other attributes.

4.2 Metrics

In this experiment, we use Mean Absolute Error (MAE) and Root Mean Square Error
(RMSE) to measure the error between the predicted QoS value and the real QoS value.
MAE is given by:

MAE = ZlPrpil, ©)
and RMSE is defined as follows:

RMSE — sz(};y\';rii)z' (10)

4.3 Performance Comparison

In order to verify the performance of EFMLP model on predicting the missed client’s
QoS value, the following methods are used as baselines.

(1) UMEAN (User Average). Calculate the average QoS value of a service that a user
has called to predict the QoS value of a service has not been called.

(2) IMEAN (item average). This method calculates the average QoS of a Web service
that has been called by other users as the QoS value of a user who has not called
this service.

(3) UPCC (user-based collaborative filtering method using Pearson correlation coef-
ficient) [9]. This method predicts the QoS value by looking for users with high
similarity.
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(4) TPCC (Project-based collaborative filtering method using Pearson correlation coef-
ficient) [17]. This method is widely used by companies in industry, such as Amazon.
In this paper, we look for similar Web services (items) to predict QoS values.

(5) UIPCC [5]. Combine user-based collaborative filtering with item-based collab-
orative filtering to predict QoS values based on similar users and similar Web
services.

(6) PMF (Probability Matrix Factorization) [18]. This method was proposed by
Salakhutdinov and Minh. QoS prediction is performed by using a user-item matrix
through probability matrix decomposition.

(7) NIMF (Neighbor Synthesis Matrix Factorization). This method first finds a series
of similar users for the current user, aggregates the information of these similar
users and the available QoS values, and applies the concept of user-collaboration
to make QoS predictions.

In this experiment, the sparsity of the matrix is controlled by removing part of the
QoS entities from the dataset and filling with O to simulate the real situation of client
service invocation. For example, a 20% matrix sparsity means that 20% of the user-
service matrix will be removed. For the EFMLP model, 80% of the QoS records are
used as the training set, and 20% of the QoS records are used as the test set. The greater
the sparsity of the matrix, the smaller the amount of data can be used as the training
set. The results of QoS missing value prediction are shown in Table 2 and Table 3.
The EFMLP model is more accurate than the seven existing prediction methods in both
response time and throughput QoS attributes.

Table 2. QoS prediction accuracy comparison (Response Time)

QoS Methods Matrix sparsity = 90% Matrix sparsity = 10%

properties MAE RMSE | MAE RMSE

Response time | UMEAN | 0.8776 1.8542  0.8728 1.8522
IMEAN 0.6892 1.6416 | 0.6770 1.5256
UPCC 0.5561 1.3092 | 0.4010 1.0851
IPCC 0.5962 1.3423 | 0.3476 1.0280
UIPCC 0.5836 1.3298 | 0.3447 1.0178
PMF 0.4865 1.3130 | 0.3738 1.0514
NIMF 0.4782 1.2914 | 0.3674 1.0397
EFMLP 04274 1.1987 | 0.2786 0.9730

4.4 TImpact of Matrix Sparsity

For QoS prediction, matrix sparsity is a factor that affects the accuracy of prediction.
The lower sparsity means that more user-service entity information is available. In order
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Table 3. QoS prediction accuracy comparison (Throughput)

QoS Methods | Matrix sparsity = 90% Matrix sparsity = 10%

properties MAE RMSE MAE RMSE

Throughput | UMEAN |53.8810 110.3452 | 53.6560 109.7987
IMEAN 26.8735 64.8038 | 26.5214 63.2873
UPCC 22.6036 54.5220 | 13.5389 38.8792
IPCC 26.1821 60.2451 | 16.7591 42.9217
UIPCC 22.3639 54.3285 | 13.1787 38.1428
PMF 15.8972 48.1782 | 11.9224 35.8713
NIMF 15.1392 47.0476 | 11.7735 35.5175
EFMLP | 14.7826 42.0129 8.2694 28.1795

to study the influence of matrix sparsity, the matrix sparsity was adjusted from 10% to
90%. At the same time, we set the embedding size with 80 for response time and 400
for throughout, the number of hidden layer units of multilayer perceptron was 128. The
following are the experimental results:

Response Time Response Time

09 y r T - - - — v 2 T : - : T : T MEAR
IMEAN —%— IMEAN —%—

o8 + uecc 18F 2 upcc

PCC PCC

o7k UPCC uPcc
i 7 PMF —e— 16 .-—_'—__-’__'___-—__-___.,__./—' PMF —e—
NIMF —a— ! NIMF —&—
06 o EFMLP —A— EFMLP —d—

MAE
RMSE

0 . . . . . . . o A L A . . L .
10% 20% 30% 40% 50% 60% 70% 80% 90% 10% 20% 30% 40% 50% 60% 70% 80% 90%
Sparsiy Sparsiy

Fig. 4. Impact of matrix sparsity (QoS property is response time)

The experiment results in Fig. 4 and Fig. 5 show that when the matrix sparsity is set
from 90% to 50%, the prediction error shows a trend of decline. When the sparsity of

Throughput Throughput

UMEAN —%— 120
so b IMEAN ImEAN ——
UPCC 1 uPCC
a5 PCC 100 PCC
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s L . L ” L L . . . . L
10%  20%  30%  40%  S0%  60%  70%  80%  90% 0%  20%  30%  40%  S0%  60%  70%  80%  90%
Sparsity Sparsity

Fig. 5. Impact of matrix sparsity (QoS property is throughput)
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the matrix is between 50% and 10%, the prediction error continues to decrease, but the
rate of decline becomes slow. The lower the sparsity of the matrix, the more amount of
information known as QoS. Therefore, the amount of QoS information will affect the
prediction accuracy. When the QoS information reaches a certain level (such as 50%),
the effect of QoS information on the prediction accuracy will not be obvious.

4.5 Impact of Dimensionality

The dimension of the embedding layer is a hyper parameter. The dimension determines
the number of feature vectors extracted from the user id and service id. In the experiment,
the dimension of the embedding layer for response time is set from 50 to 100 with an
interval of 10, and the dimension of throughput is set from 200 to 800 with an interval
of 100. The matrix sparsity is 90% in the experiment. Figure 6 and 7 are the experiment
results of response time and throughput respectively.

Response Time Response Time

T T T
MAE of Response Time —— RMSE of Response Time —a—

0.456
0.452
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MAE
RMSE
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Embedding Dimension Embedding Dimension

Fig. 6. Impact of embedding vector dimensionality (QoS property is response time)
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Fig. 7. Impact of embedding vector dimensionality (QoS property is throughput)

The experimental results show that different embedding dimension value satisfy the
different QoS attributes. Figure 6 shows that when the dimension changes from 50 to 80,
the error of the response time shows a downward trend, which means that the prediction
accuracy is improving; when the dimension changes from 80 to 100, the prediction
accuracy shows an upward trend. For the throughput, when we choose the MAE as
evaluation standard, the dimension changes from 100 to 1000, the trend of both the
MAE and RMSE are roughly the same. It is obviously that when the dimension of the
RMSE changes from 400 to 500, the accuracy has decreased, indicating that the model is
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overfitting when the dimension is set to 500. The reason why the embedding dimension
of the response time is smaller than the throughput due to the range of the response time
is relatively small.

5 Related Work

In this section, we introduce some existing methods about the QoS value prediction
research. Most of these methods have been applied to service-oriented architecture sce-
narios, here are a lot of investigations. Ardagna and Pernici [15] use five QoS attributes
(for example, execution time, availability, price, data quality, and reputation) to facili-
tate flexible configuration during the adaptive service composition process. By studying
common QoS attributes and QoS attributes of designated domains, Alrifai and Risse [16]
proposed an effective service composition method. This article focuses on the prediction
method of the QoS value that the client can observe. In the study of client QoS missing
value prediction, the most extensive and in-depth research is collaborative filtering.

The memory-based, model-based and hybrid collaborative filtering methods have
two disadvantages:

(1). Missing QoS value, the relevant research fields have been lacking real datasets as
experimental research materials.
(2). The dataset has the characteristics of high dimension and huge sparsity.

6 Conclusion

According to the existing QoS attribute data has the features of huge sparsity and high
dimensions, we propose a model called EFMLP. Embedding is used to reduce the dimen-
sionality of sparse data, and a factorization machine and multi-layer perceptron are used
to build a model for QoS missing value prediction and verify it on a public dataset with
lots of records. The results show that the EFMLP model has better accuracy.

In the future, the model can be used to predict missing values of other QoS attributes
on the client side (such as fault tolerance, compatibility, reliability.). In addition, other
client side factors can be incorporated into the model, to improve model performance.
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