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Abstract 

With the development of 5G and 6G, more computing and network resources on edge nodes are deployed close 
to the terminal. Meanwhile, the number of smart devices and intelligent services has grown significantly, which 
makes it difficult for users to choose a suitable service. The rich contextual information plays an important role in the 
prediction of service quality. In this paper, we propose a quality of service(QoS) prediction approach based on feature 
learning, the contextual information represented as the explicit features and underlying relationship hidden in the 
implicit features are fully considered. Then, the multi-head self-attention mechanism is used in the interacting layer to 
determine which features should be combined to form meaningful high-order features interaction. We have imple-
mented our proposed approach with experiments based on real-world datasets. Experimental results show that our 
approach achieved a better performance of service QoS prediction in an intelligent edge computing environment for 
future communication.

Keywords Intelligent edge computing, Service recommendations, QoS prediction, multi-head self-attention, feature 
learning

Introduction
The rise of 5G and future 6G technology will contribute 
a great deal to the construction of future communication 
networks. Meanwhile, the number of network terminal 
users and services has grown significantly, this presents 
a challenge for users to select services that match users’ 
requirements with different devices. Intelligent Edge 

Computing(IEC) supports more nodes to load traffic 
and increase the communication rate. The European Tel-
ecommunication Standards Institute (ETSI) defines this 
emerging paradigm as Multi-access edge computing [1] 
which put computing power closer to the edge network, 
so as to enable the intelligent devices to invoke services 
through different network modes to meet the needs of 
low latency.

On the other hand, the number of intelligent services 
supported by Artificial intelligence (AI) technology 
provided by the edge nodes is getting enormous, more 
accurate intelligent services prediction model is needed. 
Quality of Service (QoS) has been a critical criterion in 
measuring the suitability of a service for a user. Thus, the 
prediction of QoS becomes a key issue in service recom-
mendation [2]. In the future communication scenario 
[3], QoS is susceptible to the heterogeneous devices of 
users and the complexity of network environment [4], 
users can invoke services from a variety of smart devices 
such as wearable equipment, phones, tablets and laptops. 
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Different devices [5] have different QoS perception for 
service, the QoS value may be entirely different even for 
the same service. This requires that the prediction model 
needs to be sensitive to the various devices. In addition, 
network access mode the of device also has a significant 
impact on QoS value. Users will get different QoS due to 
different network mode [6, 7] they accessed. Therefore, 
the prediction system needs to be aware of the access of 
the network mode. Besides, other contextual factors also 
affect QoS to a certain extent, such as the geo-location, 
IP address, ID number etc.

To make accurate QoS prediction, different efforts have 
been taken. Generally, researches on QoS prediction can 
be classified into Nearest Neighborhood(NN), Matrix 
Factorization(MF) and Deep Learning(DL) methods. The 
NN methods [8–12] are based on the assumption that if 
users had similar QoS experience in the past, they will 
have similar QoS experience in the future. However, NN 
methods only use neighborhood’s information to make 
prediction, and ignore the beneficial information hidden 
in the whole user-service QoS matrix. Different from NN 
methods, MF methods [13–17] provide QoS prediction 
with user and service implicit feature matrices that are 
learned by using the whole available data in QoS matrix. 
Nevertheless, the performance of MF is limited by the 
simple linear dot product of user latent feature vector 
and service latent feature vector. Recent years have wit-
nessed a great development in deep learning for service 
QoS prediction, Factorization Machine(FM) [18, 19] and 
multi-layer perceptron(MLP) [20–25] based deep learning 
methods provide unprecedented opportunities to advance 
service QoS prediction. AI technology in the direction of 
IEC has improved prediction accuracy. However, building 
more accurate QoS predictors still faces challenges.

1) The types of devices and network access modes in 
the IEC environment are constantly enriched. Mean-
while QoS is susceptible to heterogeneous devices and 
the complexity of the network environment. Existing 
researches [20–23] demonstrated that the QoS value is 
context-dependent. Still, the contextual information is 
not fully exploited and utilized effectively in the inter-
action between the user and the service.

2) Approaches based on feature learning [26, 27] typi-
cally focus only on the interaction of explicit features. 
However, the implicit features are of vital in QoS pre-
diction, which is usually ignored by these methods in 
their interaction layer. Considering both explicit and 
implicit features will undoubtedly improve the pre-
diction accuracy of QoS in IEC.

3) Currently, methods based on deep learning do not 
distinguish the importance of different feature inter-
actions. Literatures [18, 19, 22] often integrate FM 

for QoS prediction, because FM works well under 
significant sparsity case through feature interac-
tion learning. However, the existing methods assign 
the same weight to all feature interactions, while the 
identification and process of low correlation feature 
interactions are ignored, seriously affecting the accu-
racy of QoS prediction.

To alleviate these critical challenges, we proposed an 
approach named Matrix Factorization Automatic Inter-
action Network (MFAIN) to automatically learn high-
order feature interactions. In our approach, we take 
the context as explicit features such as geo-location, IP 
address, ID number etc. To make use of the information 
related to devices, we take the device types and network 
modes obtained by the clustering algorithm as explicit 
features too. Meanwhile, the implicit features which con-
tained latent relations are extracted through the MF. Then 
we utilize all these features generated vectors to feed the 
interaction network based on a multi-head self-attention 
mechanism to learn the low-order and high-order feature 
interactions. The attention mechanism is used to meas-
ure the correlations between features, and determine 
which features should be combined to form meaningful 
high-order features. Experimental results demonstrate 
that our model performs superior in prediction accuracy, 
compared with the state-of-the-art method, our approach 
achieves 11.1% and 11.6% improvement of average MAE 
over the best baseline for RT and TP respectively. Beyond 
that our model has a good robustness and extensibility on 
exploiting heterogeneous contextual features.

The main contributions of this work are summarized 
as follows:

1. The device awareness capability of the prediction 
model in IEC is improved by taking the characteris-
tics of user devices into account. In order to reduce 
the vulnerability of QoS to the heterogeneity of user 
devices and the complexity of the network environ-
ment, the explicit features of devices are obtained by 
the clustering algorithm through the QoS matrix.

2. We use the matrix factorization to rich context 
implicit features, which are usually ignored by the 
existing feature learning methods in their interaction 
layer. The interaction of rich explicit and implicit fea-
tures greatly improves the scalability of QoS predic-
tion models in IEC.

3. We propose a novel approach named Matrix Fac-
torization Automatic Interaction Network (MFAIN), 
which combined matrix factorization and feature 
interactive networks to predict the QoS in the IEC 
environment. A multi-head self-attention mecha-
nism is used to automatically learning the low-order 
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and high-order feature interactions, which allows 
each feature to interact with the others and to deter-
mine the relevance through learning.

The remainder of this paper is organized as follows: 
Section  Related work  shows our related work, and Sec-
tion  Motivation  introduces a motivation scenario. 
Section  Our approach presents our service recommen-
dation approach based on MF and feature learning. Sec-
tion Experiment and evaluation describes the experiment 
and evaluation. Section Conclusion and future work con-
cludes the paper and discusses the future works.

Related work
According to the existing researches on QoS predic-
tion, we classify works into traditional NN, MF and DL 
methods.

The traditional method is NN-based QoS prediction, 
which has the advantages of easy implementation in a 
traditional service computing environment. The core of 
this method is to calculate similarity and then conduct 
collaborative filtering. Shao et al. [8] proposed the use of 
a collaborative prediction method based on the similar-
ity [28] of users calculated by Pearson correlation coef-
ficient (PCC). Zheng et  al. [9] proposed a mixed model 
that integrated user-based and item-based approaches 
linearly by confidence weight. Sun et al. [10] consider the 
distribution characteristics of QoS data to calculate the 
similarity. However, note that in real scenario, a single 
user cannot invoke all services which leads to a problem 
known as a data sparsity issue. In that case, the neighbor 
of users and services can not be selected.To alleviate the 
impact of data sparsity, Liu et al. [11] proposed location-
aware similarity metrics to find neighbors of users and 
services with the help of location information. Wang 
et al. [12] proposed a service recommendation approach 
through calculates user or edge server similarity. Even 
so, the NN methods still ignored the useful informa-
tion that hidden in the whole data, while our proposed 
MFAIN approach aims to utilize the whole data to train 
and improve the accuracy of QoS prediction.

MF is another line of collaborative filtering method. 
MF is different from above methods that only uses neigh-
borhood information for QoS prediction, but uses all 
available QoS data to learn the implicit feature represen-
tations of users and services. Although the existing MF 
methods [13–16] try to integrate location, similarity rela-
tionship and contextual information into MF, its perfor-
mance is still limited by the simple linear inner product 
between user latent feature vector and service latent fea-
ture vector. As the amplification of context information 
in the IEC environment, more non-linear interactions 
between the user and service need to be captured.

Recently, some exploratory works have been based on 
DL models for QoS prediction. FM is an effective tech-
nique to tackle the problem of combining features in 
sparse data. Wu et al. [18] introduced FM and used the 
second-order feature interaction to model the real inter-
action between the user and the service. Yang et al. [19] 
regarded the neighborhood of user and service as a sup-
plementary feature, and put them to FM for interactive 
learning. However, low-order feature interactions are 
not sufficient to fit complex feature rela-tionships. Con-
sidering that real interaction between user and service 
is complex and no-linear, Zhang et  al. [20] then input 
user, service, and location information to a MLP after 
one-hot encoding, and implemented the nonlinear trans-
formation of the complex interaction between user and 
service using ReLU function. To improve the prediction 
accuracy by using the user neighborhood information, 
Gao et al. [21] improved the embedding layer of MLP by 
fusing neighbors’ latent cluster feature for the user and 
service. Shen et al. [22] combined the advantages of FM 
and MLP through a well-designed left and right struc-
ture, and used contextual information to improve the 
accuracy of QoS prediction. In addition to utilizing the 
contextual information, more researchers use implicit 
information to improve prediction accuracy. Wang et al. 
[23] proposed a location-aware feature interaction learn-
ing (LAFIL) method for predicting the QoS values of the 
user-service matrix and then making recommendation by 
learning the underlying relation, which is hidden in the 
features concerning location information. Considering 
the advantages of convolutional neural network (CNN), 
Yin et  al. [24] proposed a joint MF and CNN model, 
which takes full advantage of neighborhood features, 
common implicit features and deep implicit features of 
the service invocation process. The proposed model tack-
led the problems of how to improve neighbor selection 
quality and how to learn deep implicit features from QoS 
records. Xia et al. [25] proposed JDNMFL, which builds 
a CNN-based joint deep network to learn local critical 
feature interaction, and MLP is applied to learn global 
feature interactions from raw features and local feature 
interactions for QoS prediction. Although many context 
factors are considered in the existing methods, when fac-
ing the IEC environment target to service the devices, the 
increment of equipment types and quantities make the 
information of device play an increasingly important role 
in the prediction, which has not been fully considered.

Meanwhile, the above DL based methods do not pay 
much attention to the effect of higher order interaction 
of features. To enrich the interacting manner between 
features of users and service, Chen et al. [26] proposed 
a context-aware feature interaction modeling (CFM) 
to capture both memorization and generalization by 



Page 4 of 16Zhang et al. Journal of Cloud Computing           (2023) 12:17 

jointly considering low-order feature interactions 
with FM and high-order feature interactions with a 
MLP and deep cross network(DCN). Wang et  al. [23] 
proposed LAFIL leverage Compressed Interaction 
Network (CIN) for feature interaction learning of the 
location information only. Wu et  al. [27] proposed a 
universal deep neural model(DNM) for QoS prediction 
with contexts, which respectively learning the features 
interaction from user-side and service-side, but the 
features interaction between the user and the service 
are ignored. Unfortunately, existing feature interac-
tion learning methods [23, 26, 27] based on DL do not 
distinguish the importance of different feature interac-
tions. They assign the same weight to all feature inter-
actions, while the identification and process of low 
correlation feature interactions are ignored, seriously 
affecting the accuracy of QoS prediction.

Compared to the existing works, our work takes the 
characteristics of user devices into account in the IEC 
environment. And use the matrix factorization to rich 
context implicit features, which are usually ignored by 
the existing feature learning methods in their interac-
tion layer. Finally, a multi-head self-attention mecha-
nism is used to automatically learn the low-order and 
high-order feature interactions, which allows each fea-
ture to interact with the others and to determine the 
relevance through learning.

Motivation
An IEC environment consists of multiple mobile edge 
servers, which close to the base station and provide net-
work access for mobile users in a certain range.

Suppose ES = {es1, es2, · · · } denotes the edge server 
banded with the base station, and NM = {nm1, nm2, · · · } 
denotes the network mode which base station 
used such as 4G, 5G, WIFI and so on. Suppose 
U = {u1 · · ·ui · · ·um} , S = {s1 · · · sj · · · sn} is a set of m 
users and n services respectively. And D = {d1, d2, · · · dK } 
denotes the type of user devices for example wearable 
device, smartphone, and personal computer. Users can 
invoke services via different devices in D through ES in 
the way of access NM.

As depicted in Fig.  1, Consider a real-world service 
invoke scenario which start from the upper left corner 
of the Fig.  1. A user named Tony uses his smartphone 
to invoke the service sj ∈ S through the edge server 
es1 access to 5G on a bus and obtained QoSj. After a 
period, Tony arrives at the bus station and changes 
to ride. Meanwhile Tony changes to use his wearable 
watch through es1 in order to keep using the service sj . 
But the QoS will change due to device change, because 
of a higher resolution ratio requested for the mobile 
phone than the wearable watch. As Tony moves, the 
edge server which he accessed alter from es1 to es2 and 
the network mode change from 5G to 4G. The QoS will 

Fig. 1 Motivation scenario in intelligent edge computing environment
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also change due to the volatility of the network environ-
ment. Finally, Tony arrives to his destination and start 
to use a personal computer to still invoke the service sj 
through es3 access to a WIFI network, and the QoS in this 

moment has already fluctuated at least two times. In this 
instance, the user device changes arbitrarily, and the net-
work mode alternate frequently. To make the prediction 
model more aware of the context and predict the QoS 
value more accurately, the features of the device type and 
network mode should be fully considered in such an IEC 
scene. All notations used in this paper are summarized in 
Table 1.

Our approach
In this section, we will illustrate the architecture of 
Matrix Factorization Automatic Interaction Network 
(MFAIN) as shown in Fig. 2. First, we combine the origi-
nal user-service feature collected from different users 
invoking various web services and the device feature 
extracted from the user-service invocation records by 
clustering algorithm into explicit features. These explicit 
features are transformed into embedding vectors through 
encoding and embedding operations. Then we extract the 
implicit feature through the MF based on the QoS invoke 
matrix and obtain the latent vector. Finally, feature inter-
action network is leveraged for the feature learning 
between the explicit embedding vector and the latent 
vector. Then, the QoS value will be predicted. This sec-
tion can be divided into three parts. Subsection Explicit 
Feature Embedding shows explicit feature embedding, 
Subsection  Implicit Feature Extraction describes the 
process of the implicit feature extraction through MF, 

Table 1 The summary of notations

Notation Description

es ∈ ES the edge sever

nm ∈ NM the network mode

ui ∈ U a user, i ∈ {1, · · · ,m}

sj ∈ S a service, j ∈ {1, · · · , n}

m the number of users

n the number of services

K the number of user device types

s the number of field(explicit feature)

d interaction layer input vector dimension

em ∈ EM explicit embedding vector

Q ∈ Rm×n QoS matrix

UIM ∈ Rm×d user implicit feature matrix

SIM ∈ Rn×d sevice implicit feature matrix

�reg regularization term

UIMi implicit feature of user i

SIMj implicit feature of service j

ef ∈ e feature used to interact

α
(h)
f ,k

attention weights between feature f and k

ẽ
(h)
f

a new combinatorial feature under head h

H the number of head

Fig. 2 The architecture of Matrix Factorization Automatic Interaction Network (MFAIN)
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Subsection  Feature Interaction Learning shows the fea-
ture interaction learning for QoS prediction.

Explicit Feature Embedding
Explicit Feature Encoding
To consider various contextual features in the IEC envi-
ronment, we take the features associated with a service 
invocation in the user side and service side as the explicit 
features. In two side, we take 12 explicit features into 
account, which contain the user-id, the service-id, the 
geo-location of user/service, the IP address of user/ser-
vice, the autonomous system of user/service, the IPNo 
of user/service obtained directly from user and service 
information in original dataset. We get the types of user 
devices and the user accessed network modes by cluster 
algorithm on TP and RT matrix respectively.

Considering the multiple access of equipment in the 
complex IEC environment, it is necessary to consider the 
features of the user device. In order to expand the device 
features, we found that the QoS of different users for the 
same service have clustering characteristics, as shown in 
Table 2 for some users in the dataset, it can be assumed that 
the same type of users utilized the same type of equipment 
and network access mode. In this case, we use the K-means 
clustering algorithm to obtain two realistic characteristics 
of users’ device type and accessed network method based 
on service quality. K-means clustering is one of the simplest 
and popular unsupervised machine learning algorithms, 
it identifies k number of centroids and then allocates 
every data point to the nearest cluster, while keeping the 
centroids as small as possible. First, we cluster all users 
who invoke the same each service, and then average the 

clustering results for all services. Since the type of device is 
more related to throughput, and the network access mode 
of the device is more related to the response time. We per-
formed the above operations on RT and TP datasets to 
obtain these two explicit device features respectively.

Feature transformation is critical in many classification 
or regression predictive tasks because using raw features 
alone rarely leads to optimal prediction results. In order to 
achieve the best results, raw feature transformation usually 
necessitates a significant amount of work. Here we use the 
one-hot encoding to preprocess the explicit features.

The concept of the field was firstly proposed in click-
through rate (CTR) prediction [29]. The fields have two 
types of data. One type is discrete data or categorical data 
and the other is continuous data [30]. In this paper, we 
take all fields as the categorical tabledata, and formalize 
them into one-hot encoding which is a high-dimensional 
zero vector with a specified dimension that is set to be 
one. Suppose that if there are three users, the dimen-
sionality of one-hot vector is set to be three. Then the 
user whose ID is 1 can be represented as [1,0,0], and the 
user with ID 2, 3 can be represented as [0,1,0] and [0,0,1] 
respectively. In our approach, we generate 18 fields from 
12 explicit features where the redundant fields are gener-
ated from the IP Address of user and service separated by 
the symbol ‘.’.

As shown in Table  3. We generate the user IP Address 
into four fields separate by the symbol ‘.’. And the same 
operate to the service IP Address. There are two benefits 
of this operation. On the one hand, considering the same 
local field in IP Address may share the same geographic 
information. On the other hand, more features mean more 
feature interactions in the interacting layer.

Embedding
It’s obvious that this type of data form as one-hot encoding 
is sparse and high dimensional, directly leading to increase 
extra memory consumption and reduce the training effi-
ciency of model because the most encoding values are 0 in 
interacting layer. An embedding layer is one sort of map-
ping transformation, applied on the raw feature input to 
compress it into a dense, low dimensional real-value vector 
before further feeding into the first hidden layer.

The embedding layer is illustrated concretely in Fig. 3. 
The output of embedding layer is a fixed size vector as 
follows:

Table 2 Service quality of some users with different devices

User-id RT network modes User-id TP user devices

26 0.647 5G 26 20.092 laptops

34 0.604 34 21.523

219 0.745 4G 219 17.449 tablets

274 0.749 274 17.356

13 1.264 WIFI 13 10.284 phones

17 1.254 17 10.366

111 6.415 3G 111 1.879 wearable 
equipment

144 6.475 144 2.007

Table 3 One-hot Encoding for Fields

User-id ... UserIP[1] UserIP[2] UserIP[3] UserIP[4] ...

2 ... 128 10 19 52 ...

01...0 ... 0...10... 0...10... 0...10... 0...10... ...
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where s represents the field number, emi ∈ Rd denotes 
the embedding of i-th field and d is the number of dimen-
sion. The length of one-hot encoding raw feature input 
is various since different fields have different number of 
features, but their embedding vector is of the same fixed 
length d.

Implicit Feature Extraction
In order to obtain the implicit feature of user and service. 
Here, we use the MF to dig the latent relation between 
users and services. Concretely, MF is to map both users 
and services into a joint latent factor space, such that val-
ues of the user-service QoS matrix can be captured as 
inner products of latent factors in that space. Then the 
latent factors can be employed as the implicit features for 
further learning in the interaction layer.

As shown in Fig.  4, MF is to decompose the user-
service QoS matrix Q ∈ Rm×n into user implicit feature 
matrix and service implicit feature matrix, which are 
denoted as UIM ∈ Rm×d and SIM ∈ Rn×d where d denotes 
the dimension of implicit feature. The objective is to fit 
the product of the two matrices to Q.

To fit the matrix Q by the product of UIM and SIM , a loss 
function L is built to minimize the errors.

(1)EM = [em1, em2, em3 · · · ems]

(2)Q ≈ UIMSTIM

Where φ(Q,UIMSTIM) measures the degree of approxi-
mation between Q and UIMSTIM , �reg denotes the regu-
larization term to avoid over-fitting. Here we utilize the 
Cauchy loss [31] as the measurement of the discrepancy 
between the observed QoS values and the product of two 
implicit feature matrix, because it is more robust to outli-
ers. Cauchy loss is shown as follows

where γ is constant. So the specific objective function can 
be clearly given as follows:

Then, we use the Stochastic gradient descent (SGD) [32] 
and back propagation to update UIMand SIM:

(3)L = minφ(Q,UIMSTIM)+ �reg

(4)ln(1+
(x − x̂)

2

γ 2
)

(5)

L =
1

2

m

i=1

n

j=1

ln 1+
Rij − UIMiS

T
IMj

2

γ 2
+ �reg

(6)UIMi ← UIMi − ηu
∂L

∂UIMi

(7)SIMj ← SIMj − ηs
∂L

∂SIMj

Fig. 3 Illustration of input and embedding layer, where convert the explicit features into embedding vector

Fig. 4 The implicit feature generated through MF
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where ηu and ηs denote the learning rates for UIM and 
SIM . And UIMi ∈ Rd and SIMj ∈ Rd represent the implicit 
vector for user i and service j (m users and n services 
total).

Feature Interaction Learning
Before the process of feature interaction, we need to 
uniform the input vector. In Explicit Feature Embed-
ding subsection, the one-hot encoding for explicit fea-
ture transformed into embedding vector of d dimension 
through embedding layer. The user and service implicit 
vector of d dimension has obtained through MF in 
Implicit Feature Extraction subsection. Then the vectors 
of d dimension in two part is concatenated as the input 
of interaction layer. For a user invoke record, the concat-
enated vector can be formulated as:

Next, we feed the concatenation vectors into the inter-
acting layer, which is implemented as a multi-head 
self-attentive [33] neural network. The architecture of 
interacting layer is shown as Fig. 5.

For each interacting layer, high-order features are com-
bined through the attention mechanism, and multiple 
types of combinations can be evaluated by the multi-head 
mechanisms which map the features into distinct sub-
spaces. Different orders of combinatorial features can be 
modeled by stacking multiple interacting layers. The main 
issue is determining which features should be combined 
to generate relevant high-order features. Traditionally, 
this is accomplished by domain experts who create mean-
ingful combinations based on their knowledge. However, 
this is quite time-consuming to accomplish by hand and 
impossible to enumerate, even use the complex neural 
network to fitting could not get the ideal result. In this 
paper, the multi-head self-attention technique we used 

(8)e = [e1, e2, · · · ef , · · · eF ] = EM ⊕UIMi ⊕ SIMj

can address this issue through the attention mechanism. 
Besides, this network is very general and can be applied 
to both numerical and categorical input features. The only 
drawback of this network is the large amount of feature 
data required, but this can be offset by the implicit fea-
tures generated through MF. It is exactly because of the 
large number of features in the IEC environment that 
the multi-head self-attention mechanism can perform 
effectively.

We adopt the key-value attention mechanism [34] to 
determine which feature combinations are meaningful. 
Using feature f as an example, we will show how to iden-
tify multiple meaningful high-order features that involve 
feature f. We begin by defining the correlation between 
features f and k under a specific attention head h as 
follows:

where sim(h) is an attention function which defines the 
similarity between the feature f and k. Here, we use inner 
product due to its simplicity and effectiveness to calcu-
late the similarity between feature f and k. W (h)

Query, 
W

(h)
Key ∈ Rd′×d in (12) are transformation matrices which 

map the original embedding space Rd into a new space 
Rd′ . Then, we update the representation of feature f in 
subspace h via combining all relevant features guided by 
coefficients α(h)

f ,k .

(9)
α
(h)
f ,k =

exp(sim(h)(ef , ek))

F
∑

i=1

exp(sim(h)(ef , ei))

(10)sim(h)(ef , ek) =
〈

W
(h)
Queryef ,W

(h)
Keyek

〉

(11)ẽ
(h)
f =

F
∑

k=1

α
(h)
f ,k (W

(h)
Valueek)

Fig. 5 The architecture of interacting layer. Combinatorial features are conditioned on attention weights, i.e., α(h)
f ,k
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where W (h)
Value ∈ Rd′×d . And ẽ(h)f ∈ Rd′ is a new combina-

torial feature learned by our approach which combined 
its relevant features under head h. Additionally, a feature 
is likely to be implicated in many combinatorial features, 
which we achieve by employing multiple heads that form 
different subspaces and learn diverse feature interactions 
individually. As follows, we collect combinatorial features 
learned in all subspaces:

where ⊕ is the concatenation operator, and H is the num-
ber of total heads.

We add typical residual connections [35] to our net-
work to maintain previously learned combinatorial 
information, including raw individual (i.e., first-order) 
features. Formally,

where WRes ∈ Rd′H×d is the projection matrix in case of 
dimension mismatching, and ReLU(z) = max(0, z) is a 
non-linear activation function. With such an interacting 
layer, the representation of each feature ef  is changed into 
a new feature representation eResf  , which is a representa-
tion of high-order features. We can stack successive such 
layers, with the previous interacting layer’s output served 
as the input for the next interacting layer. This enables us 
to model arbitrary-order combinatorial features. The out-
put of the interacting layer is a set of feature vectors 
{eResf }Ff=1 , which contains raw individual features reserved 
by the residual block as well as combinatorial features 
gained by the multi-head self-attention mechanism. For 
final QoS prediction, we concatenate all of them and then 
apply a non-linear projection as follows:

where W ∈ Rd′HF is a column projection vector which 
linearly combines concatenated features, b is the bias, 
and σ(x) = 1/(1+ e−x) transforms the values to the pre-
dicted QoS value.

Experiment and evaluation
This section, we will evaluate the proposed approach 
Matrix Factorization Automatic Interaction Network 
(MFAIN) comprehensively. First, the dataset we used 
are described. Then, we introduce the evaluation met-
rics. Finally, we construct a large number of experi-
ments to verify the performance and effectiveness on 
our approach.

(12)ẽf = ẽ
(1)
f ⊕ ẽ

(2)
f ⊕ · · · ⊕ ẽ

(H)

f

(13)eResf = ReLU(ẽf +Wresef )

(14)ŷ = σ(WT (eRes1 ⊕ eRes2 ⊕ · · · ⊕ eResM )+ b)

Dataset
We conduct our experiments based on the real world 
WS-DREAM dataset, which is public and has large num-
ber of real world web services collected and maintained 
by Zheng et al. [36]. It contains 1,974,675 historical QoS 
records of service invocations (both response time and 
throughput) historical service invocation records origi-
nating from 339 users on 5,825 services. Tang et al. [37] 
extended this dataset with location and autonomous sys-
tems information. The QoS dataset is represented in the 
form of a user-service matrix, where a row represents the 
QoS of a user who invokes all of the services, and a col-
umn represents the QoS of a service that is invoked by 
all of the users. To use the dataset to train our model, we 
wipe off the records which has the negative values of QoS 
and the null values of feature information. Our Response 
Time datasets and Throughput datasets contains 1483030 
and 1448114 historical QoS records of service invoca-
tions respectively.

Evaluation Metrics
Mean absolute error (MAE) and root mean square 
error (RMSE) used as the two evaluation metrics to 
measure the accuracy of service QoS prediction among 
the competing approaches in the experiments. The 
explanations of MAE and RMSE are shown as follows. 
MAE is defined as:

where r̂i,j and ri,j are the predicted and ground truth value 
of the target user invoking a service, respectively; N is the 
number of the predicted QoS values. It is obvious that 
the smaller MAE and RMSE are, the better QoS predic-
tion accuracy it indicates.

Performance
To show the prediction accuracy of our proposed 
method, we compared our method with neighborhood-
based CF method UPCC [3], IPCC [38], UIPCC [39] and 
the feature learning based methods.

DNM [27] is a deep neural model which performs QoS 
prediction with contextual information based on deep 
neural networks. LAFIL [23] is a location-aware feature 
interaction learning method for web service recommen-
dation, which leverages neural networks to learn under-
lying interaction relations among location features.

We will introduce the default experimental param-
eter settings and certain parameter studies refer to the 

(15)MAE =

∑

i,j

∣

∣ri,j − r̂i,j
∣

∣

N

(16)RMSE =

√

∑

i,j

(

ri,j − r̂i,j
)2

N
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following part. The optimizer is set to Adam Optimizer 
and the learning rate is set to 0.001 initially in DNM 
and our method MFAIN. However, the LAFIL use L2 
regulation with � =0.0001 for its DNN and CIN module 
according to their paper. Besides, the default settings 
for the number of neurons per hidden layer are 200 for 
a 3-layer CIN and [100, 100, 50] for DNN. And both 
CIN and DNN share the same embedding layer with 
dimension of a fixed value of 10. In DNM, embedding 
layer is fixed at 50, the number of neurons in the hid-
den layer is configured at 128 for the perception layer, 
the dropout rate is at the rate of 0.2 in the interaction 
layer. In our proposed MFAIN, the head number is set 
to 4, the dropout rate set to 0.1 in the interaction layer. 
And the remaining parameters are given by the contrast 
experiments.

To validate the effectiveness of our proposed MFAIN 
approach for service QoS prediction. We run all these 
competing methods on the same datasets, where the 
model parameters with the best performance of the ref-
erences. We run the experiments of one method for sev-
eral times and take the mean to avoid the deviations. To 
explore the performance of our proposed approach, we 
conducted various experiments under different matrix 
densities with 5%, 10%, 15%, 20% (both on response time 
and throughput).

Tables  4 and 5 illustrate the experimental results on 
response time (RT) and throughput (TP) compared with 
state-of-the-art approaches. Here, lower MAE and RMSE 
indicate better performance on service QoS prediction. 
As can be seen from the tables, the neighborhood-based 
CF method UPCC, IPCC and UIPCC perform worse 
than the method based on neural network significantly 
both on the RT and TP datasets. This shows that the 
neural network methods using context information for 
complex nonlinear relationship learning can significantly 
improve the prediction accuracy. Besides, according to 
the experimental results, LAFIL is more effective than 
DNM in most cases, which benefit from its implicit high-
order feature interaction learning module. At last, our 
proposed MFAIN remarkably outperforms all the base-
line approaches on both RT and TP datasets as shown 
in the tables. We make the best results of competing 
methods and calculate the performance gains on them. 
Experimental results show that our proposed approach 
outperforms 14.1% MAE,12.5% RMSE and 14.5% MAE, 
14.9% RMSE at most in Response Time and Through-
put respectively. It proved the multi-head self-attention 
mechanism used in the interacting layer is well designed 
to determine which features should be combined to form 
meaningful high-order features interaction to improve 
the prediction accuracy.

Table 4 Performace comparison for response time

RT Matrix density=5% Matrix density=10% Matrix density=15% Matrix density=20%

Methods MAE RMSE MAE RMSE MAE RMSE MAE RMSE

UPCC 0.7934 1.6724 0.6787 1.6278 0.6114 1.6038 0.5975 1.5302

IPCC 0.8551 1.4988 0.7091 1.4732 0.6515 1.4548 0.6351 1.4481

UIPCC 0.7354 1.4879 0.6234 1.4502 0.5669 1.4367 0.538 1.4272

DNM 0.4125 1.3463 0.3726 1.2673 0.3678 1.249 0.3575 1.2298

LAFIL 0.3968 1.3234 0.374 1.2808 0.3475 1.2279 0.3321 1.2146

MFAIN 0.3557 1.1909 0.3202 1.1238 0.3114 1.0904 0.3012 1.0629

Gains 10.40% 10.00% 14.10% 11.30% 10.40% 11.20% 9.30% 12.50%

Table 5 Performace comparison for throughput

TP Matrix density=5% Matrix density=10% Matrix density=15% Matrix density=20%

Methods MAE RMSE MAE RMSE MAE RMSE MAE RMSE

UPCC 29.4326 71.3528 22.3658 63.6902 20.8361 57.6302 18.1835 55.3903

IPCC 28.7652 62.4814 23.8052 60.1082 22.3727 58.2644 21.2426 56.9312

UIPCC 26.2808 60.8961 22.4295 54.7023 20.219 50.6028 18.9276 48.1629

DNM 18.4903 63.2993 16.2861 55.0821 15.1406 49.394 14.7933 48.4284

LAFIL 17.3753 55.46 14.692 48.552 13.7041 45.2544 12.8145 43.1456

MFAIN 16.0053 47.1833 12.5607 43.0931 11.9322 41.4552 11.4106 40.1253

Gains 7.90% 14.90% 14.50% 11.20% 12.90% 8.40% 11.00% 7.00%
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Influence of the Parameters
Impact of matrix density
To explore the impact of matrix density on predic-
tion results in our MFAIN, we vary the matrix density 
used in training dataset from 5% to 40% in steps of 5% 
and the rest are test dataset. The results are shown in 
Fig.  6, which include both MAE and RMSE on RT and 
TP, respectively. We can observe that MAE and RMSE 
decrease with the increment of matrix density, indicating 
the increasing prediction accuracy. Both MAE and RMSE 
decrease largely at the beginning and then decrease 
smoothly. These observed results coincide with the intui-
tion that relatively larger matrix density may generate 
better accuracy of the prediction.

Impact of Dimensionality in Embedding Layer
Dimensionality determines how many latent factors are 
utilized to represent contextual features in the Embed-
ding Layer. Meanwhile, it shows how many implicit fea-
tures are utilized to characterize the underlying relation 
between users and services. To examine the performance 
impact of dimensionality, we vary the dimensionality d 
from 16 to 128 in steps of 16, and test on the matrix den-
sity of 5%, 10%, 15% and 20% in this experiment. Experi-
mental results of QoS prediction value along with the 
changes of dimensionality and matrix density on MAE 
and RMSE are shown in Fig. 7.

It is observed that the accuracy of service QoS pre-
diction improves along with the matrix density, but the 
amplitude of improvement becomes smaller as the den-
sity of the matrix increases. That is because the influence 
of the amount of data on the prediction results is the 

main factor when the data are too sparse. Moreover, the 
best dimensionality d for service QoS prediction changes 
along with different matrix densities. The best dimen-
sionality d varies from 32 to 48 then to 80, 96, for md=5 
% to 20% respectively. The reason of these phenomena is 
that when service QoS matrix is too sparse, the param-
eters cannot be fully learned and optimized by model 
training, so that the implicit features of users and services 
are poorly represented via interacting layer. On the con-
trary, as the service QoS dataset becomes denser, more 
implicit features can be mined and more feature interac-
tion can be learned.

Impact of the Residual block
The standard MFAIN makes use of residual connections, 
which carries all learned combinatorial features through 
and thus allow modeling of very high-order combina-
tions. To justify the contribution of residual units, we 
separate them from our standard model while leaving 
other structures alone. As shown in Table  6, removing 
residual connections reduces performance, indicating 
that residual connections are critical for modeling high-
order feature interactions in our proposed method.

Impact of Clustering Parameter
In this experiment, to explore the effect of the number 
of explicit feature clusters, namely edge device type and 
network connectivity mode, we fix the data density to 10% 
and 20%, and the number of interaction layers is set to 4.

As shown in Fig. 8, when the cluster number K is set 
to 1, it degenerates to the method that excludes device 
features. When the number of clusters increases, the 

Fig. 6 Impact of parameter matrix density
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feature interaction layer can learn more useful infor-
mation about the interaction, which can improve the 
prediction accuracy of the model. When the number 
of clusters reaches 6, the improvement of accuracy by 
device features becomes slow because the useful infor-
mation has been fully utilized.

Impact of Interaction Layer
Interaction layer is a key component in our approach 
MFAIN which used to learn high-order feature combi-
nations. Therefore, we are interested in how the perfor-
mance change w.r.t. the number of interacting layers, 
i.e., the order of combinatorial features.

The experimental results are summarized in Fig.  9. 
We can see that when one interacting layer is used, i.e., 
the model can learn the low-order feature interactions, 
it performs well, showing that combinatorial features 
are very informative for prediction. As the number of 
interacting layers further increases, i.e., higher-order 
combinatorial features are taken into account, the 
performance of the model further increases. When 
the number of layers reaches four, the performance 
becomes stable, showing that adding extremely high-
order features are not informative for prediction.

Fig. 7 Impact of Dimensionality in Embedding Layer

Table 6 Impact of the Residual block

Method on MAE QOS 5% 10% 15% 20%

MFAIN-with  residual block RT 0.3557 0.3202 0.3114 0.3012

MFAIN-without residual 
block

0.3678 0.3523 0.3363 0.322

MFAIN-with  residual block TP 16.0053 12.5607 11.9322 11.4106

MFAIN-without residual 
block

16.3561 13.1452 12.3415 11.8635
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The Effectiveness of Implicit Feature and Device Feature
To explore the effectiveness of the implicit features and 
device features, we conduct a series of experiments on 
both RT and TP metrics from 5% density to 20% respec-
tively. The Fig. 10 results show that the implicit features 
obtained through MF can provide useful hidden infor-
mation to improve the prediction accuracy. Compared 
to the implicit features, accuracy improvement caused 
by device features may be less than implicit features, 
the reason we analyze is that the number of implicit 
features are more than device features, even so, device 
features still very helpful in improving prediction 

accuracy. In terms of our interaction networks, more 
features feed into the model, more high-order feature 
interaction will be learned in the interaction layers, 
then we will get higher prediction accuracy. Mean-
while, it proved that our approach offers good model 
expandability, if more contextual information collected, 
the predictive performance will continue to improve.

Conclusion and future work
The advancement of network technology enables people 
to invoke the services to meet the needs of high-density 
and low-latency. Quality-of-Service(QoS) prediction is 

Fig. 8 Impact of the number of cluster

Fig. 9 Impact of the number of Interaction layer
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of vital importance for users to find the proper services 
among huge numbers of functionally similar web ser-
vices in the complex future communication scenarios. 
But current QoS prediction algorithms could not fully 
consider the contextual information around the smart 
devices and the underlying relation between user and 
service. In this paper, we proposed a prediction model 
to combine the contextual information as the explicit 
feature and the implicit feature, and then feed into 
the interaction layer based multi-head self-attention 
mechanism to learning the low-order and high-order 
feature interactions. The key to our approach is the 
newly-introduced interacting layer, which allows each 
feature to interact with the others and to determine 
the relevance through learning. Experimental results 
on real-world data sets demonstrate the effective-
ness and efficiency of our proposed model. Besides, 

our approach offers excellent model expandability, the 
more features we have, the higher prediction accuracy 
we get. When integrating with implicit feature captured 
by MF, we achieve better MAE and RMSE compared to 
the previous state-of-the-art methods. For future work, 
we will attempt to take the time series into account to 
tackle the real-time prediction problem of dynamic 
QoS.
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