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Abstract—Historical Quality-of-Service (QoS) data describing existing user-service invocations are vital to understanding user behaviors
and cloud service conditions. Collaborative Filtering (CF) models based on Matrix Factorization (MF) have proven to be highly efficient in
performing representation learning in QoS data. However, its performance is hindered by its linear inherence and implicit encoding of
collaborative QoS signal. To address this critical issue, we present a novel approach in this paper, dubbed as Two-stream Graph
convolutional network-incorporated Latent Feature Analysis (TGLFA). The proposed TGLFA is significantly different from previous
approaches to representation learning in QoS data in the following three aspects. First, it constructs a multilayer fully-connected network to
capture the attribute characteristics representing the nonlinear latent features of service. Second, TGLFA constructs a biparty graph to
represent the user-service interactions, where the light graph convolutional network is adopted to acquire the high-order connectivity in QoS
data. Last, Aiming to improve computational efficiency, the proposed approach considers the mechanism for data density-oriented modeling
when building the input and output layers. Detailed experimental results on eight large-scale cases constructed on two real QoS datasets
demonstrate that the proposed TGLFA significantly outperforms its state-of-the-art peers in both estimation accuracy for missing QoS data
and computational efficiency. The notable results show that TGLFA is a novel and effective approach to QoS data representation learning.

Index Terms—Quality-of-Service, Representation Learning, Data Science, Cloud Service, Missing Data Estimation, Graph Neural Network,

Non-Euclidean Data, High-Dimensional and Incomplete Data, Latent Factor Analysis, Latent Feature Model.

1 INTRODUCTION

LOUD services are ubiquitously employed by industrial

software applications under the service-oriented architec-
ture [1], [2], [3]. They are taken as the fundamental components
to achieve easy data exchange among these applications over
the World Wide Web. In this era of cloud computing, an in-
creasing number of service providers serve their customers by
deploying cloud services. Therefore, the number of online
cloud services increases explosively [4], [5], [6]. Due to the
highly similar functionality of available candidate cloud ser-
vices, it becomes a vital challenge for users to select appropri-
ate ones to build a reliable system [7], [8].

Most nonfunctional characteristics of cloud services are re-
flected by Quality-of-Service (QoS) data at both the server and
user sides [9], [10], [11], [12], [13], which are critical for service
selection. Specifically, user-service selections are influenced by
various QoS properties, e.g., availability, cost, robustness, ca-
pacity, confidentiality, reputation, throughput, accessibility,
response time, authentication, and interoperability [2], [11],
[12], [13]. Among them, service providers can provide server-
side QoS data, e.g., popularity and price. On the other hand,
response time, availability, cost, throughput, and other user-
side QoS metrics vary sharply due to both the server and user-
side factors, such as invocation burden and network condition
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[2], [13], [14], [15]. Conducting warming-up tests that directly
invoke the cloud services involved appears to be a straightfor-
ward approach to estimating the user-side QoS [1], [2], [3].
However, such warming-up tests are always time-consuming
and economically expensive since most invocations provided
by candidate services are charged.

Motivated by the success of Collaborative Filtering (CF) in e-
commerce, researchers attempt to adopt this technique to per-
form QoS estimation aiming at accurately estimating missing
QoS data based on historical records [16], [17], [18], [19], [20],
[21], [22], [23]. A CF-based QoS estimator works on a given
user-service QoS matrix, where the information of users, cloud
services, and their corresponding invocations are recorded in
its rows, columns, and entries, respectively. In real-world sce-
narios, the target QoS matrix is highly sparse since a user typi-
cally experiences a very limited number of candidate cloud
services [1], [2], [3], [20], [21], [22], [23]. Hence, how to perform
efficient and accurate representation learning to such a highly
sparse user-service matrix is a major challenge of CF-based
QoS estimation.

Among various CF-based QoS estimators, Matrix Factoriza-
tion (MF)-based models for Latent Feature Analysis (LFA) have
proven to be effective in learning representations for QoS data
[21], [22], [23], [24], [25], [26], [27], [28]. To perform the task of
QoS data estimation, they first map both users and services
into a low-rank latent feature space to extract their latent fea-
tures based on the known entries in a target user-service QoS
matrix. The inner products between corresponding latent fea-
ture vectors of users and cloud services are then calculated to
estimate the missing entries. A pyramid of sophisticated LFA
models has emerged in recent years. Zhu et al. [21] attempt to
achieve reliable and accurate QoS estimation by regularizing
the low-rank matrix factorization to be location-aware and us-
er-privacy-preserved. Luo ef al. [24] adopt the alternating direc-
tion method and ensemble mechanism to build an effective
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Fig. 1. An illustrative example of attribute characteristics (e.g., response
time) and high-order connectivity information in user-service interactions.

LFA-based QoS estimator. Zhao et al. [29] present a theoretical

analysis on the popularity bias in graph-based collaborative

filtering and carefully control the normalization strength to
balance the accuracy and novelty in the neighborhood aggrega-
tion process. Yang et al. [25] consider the correlation between
users and services, i.e., incorporating the neighborhood infor-
mation into the latent factorization process for accurate QoS
estimation. Fan et al. [30] introduce a graph trend CF method to
overcome the non-robust and non-adaptive propagation prob-
lems. To address the cold-start problem in QoS estimation, Ryu
et al. [19] extract the fusion of invocation and neighborhood
similarity, which is then used to model the preference propaga-
tion by matrix factorizations. Wu et al. [26] propose a density-
peaks-based clustering method to detect the neighborhoods
and noises for achieving a data-characteristic-aware model.

Despite their effectiveness, existing LFA-based QoS estima-
tors are observed to suffer from several inherent defects:

(1)First, the attribute characteristics of users/services carried
by the user-service interaction graph are crucial for repre-
sentation learning. They are yet under-explored by existing
models. For example, four users (u1, uz, us, us) depicted in
Fig. 1(a-b) invoke five services with solid lines, and the
numbers indicate the observed invocations on each service
by corresponding users. These records can be organized as
vectors of services’ attribute characteristics, which are al-
ways ignored by existing models. Moreover, existing LFA
models mostly rely on matrix factorization [16], [24], whose
linear nature limits their ability to capture the implicit con-
nections between users and services. Other studies propose
to replace the inner product with multilayer perception for
nonlinear interactions. However, they suffer from a high
computational burden [10], [17], [22].

(2)Second, the non-Euclidean structure in QoS data, i.e., high-
order connectivity information shown in Fig. 1(c), is not ful-
ly captured by existing models. Pioneer research has noticed
this drawback and put forward various improving strate-
gies [10], [31], [32], [33], [34], [35]. However, they fail to cap-
ture the higher-order neighborhood information (up to the
third or fourth order), resulting in sparse collaborative QoS
signals and accuracy loss.

(3) Third, existing nonlinear models, e.g., GCN-based ones [6],
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[10] adopt less-efficient methods for modeling the sparse
graph, where the detected links are commonly much fewer
than the unknown ones. Consequently, they suffer from
considerable time cost when learning in large-scale incom-
plete QoS data.

Given the observations mentioned above, we have the fol-
lowing open questions: Is it possible to perform effective repre-
sentation learning in QoS data by simultaneously capturing
unique attribute characteristics and higher-order connectivity
information? Can an improved nonlinear LFA model for highly
accurate and efficient cloud service QoS estimation be success-
fully implemented? To answer these critical questions, we in-
novatively propose a model named Two-stream Graph convo-
lutional network-incorporated Latent Feature Analysis (TGL-
FA) with the following three-fold ideas:

(1) A fully-connected network is built for capturing high-level
and nonlinear latent features from attribute characteristics of
service QoS data.

(2)The light graph convolutional network [28] is adopted to
integrate user-service interactions, i.e., the bipartite graph
structure, into the process of representation learning. High-
order connectivity information can be learned by TGLFA
from the holistic graph structure.

(3)The principle of data density-oriented modeling is consid-
ered by TGLFA to construct input and output layers so that
high computational efficiency can be achieved. The CUDA-
based method for accelerating the computation in incom-
plete data is also integrated into TGLFA to significantly re-
duce the training time.

Accordingly, the main contributions of the paper can be
summarized as follows:

(I)We propose TGLFA, a novel approach to representation
learning in cloud service QoS data. Different from existing
approaches, TGLFA considers capturing both attribute
characteristics and high-order neighborhood information
(even to the 20th order) when learning representations in
QoS data. The subsequent tasks of QoS estimation can be ac-
complished with the learned representations effectively and
efficiently. TGLFA provides researchers and engineers in
the service computing community with a well-designed
platform for QoS estimation tasks.

(2)We have extensively conducted empirical studies on eight
large-scale testing cases constructed from two commonly-
used real QoS datasets to evaluate the proposed TGLFA.
The notable experimental results obtained demonstrate that
TGLFA significantly outperforms its state-of-the-art peers in
both estimation accuracy for missing cloud service QoS data
and computational efficiency.

Section 2 gives the Preliminaries. Section 3 presents the
TGLFA model. Section 4 provides the Experimental Results
and Analyses. Section 5 performs the Discussions. In the end,
Section 6 draws the Conclusions of this paper.

2 PRELIMINARIES

Table 1 summarizes the notations used in this paper. A QoS
matrix describing the relationship between user and service
sets is the fundamental input for an LFA-based QoS estimator,
and it is well defined in [28], [36], [37], [38], [39], [40], [41]:
Definition 1. (A QoS matrix). Given a user set U and a service
set S, QI51*1Ul is a QoS matrix where each element g, describes
a QoS record of invocation by u€U on s€S.
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Fig. 2. The structure and flow chart of the proposed TGLFA: (a) The attribute characteristics module receives a highly-incomplete user-service QoS ma-
trix and learns services’ representations by a multilayered and fully-connected network; (b) The module for extracting high-order connectivity iteratively
performs light graph convolution with a constructed adjacency matrix; (c) The prediction module combines the outputs of Modules (a) and (b), and then
estimates the missing QoS data via the inner product of their achieved latent feature vectors.

TABLE 1
NOTATIONS USED IN THE MANUSCRIPT.
Symbol  Description
us Concerned user and service sets.
Q An |SIxIUI QoS matrix between U and S.
A, O Known and unknown entry sets of Q.
F Latent feature space dimension.
10) Q’s rank-F approximation.
G, Gsu Single entries in Q and Q.
K Number of hidden layers in Module (a).
H* ISIxF services’ feature matrix in the kth layer.
I, Single entries in Hx.
W, Bk Weight matrix and bias vector of kth hidden layer.
wh, by Single variables in W* and BF.
L Number of propagation layers in Module (b).
E! (1UI+1S1)xF combined feature matrix of /th layer.
e, e Ith order neighborhood representations of u and s in E.
A (IUl+1Shx(1Ul+1S1) adjacency matrix of Q.
D A’s degree matrix.
A A’s symmetrically normalized matrix.
A* Pre-trained average combined matrix.
M, N Resultant latent feature matrices of users and services.
Ms f, Nuf Single entries in M and N.
C Bias vector of the output layer.
Cu Single variables in C.
] Cardinality of the involved set.
[ Ceiling function of an involved number.
ax(-) kth layer activation function.
e(v) Loss function.
N(s), N(u)  First order neighbor sets of s and u.
A(s), A(u)  Subsets of A related to each s and u in Q.
v Testing set from A.
n Learning rate.
A L> regularization coefficient.
2 Coefficient controlling the importance of Ei-1si and H.
T, S1 Time and storage costs of Algorithm 1.
t, Trmax Current and maximum training epochs.

Since a user usually invokes a very limited number of can-

didate cloud services, Q is highly incomplete. Specifically, let A
and O denote the known and unknown entry sets, |Al is
commonly far less than |Ol. In light of prior research [25], [26],
[27], [28], [42], [43], [44], [45], [46], an LFA-based QoS estimator
has proven to be able to efficiently perform representation
learning to such QoS data, which has been introduced in [9],
[26], [27], [38], [39], [40], [41]:
Definition 2. (An LFA-based QoS estimator). Given Q, an LFA-
based QoS estimator builds Q’s rank-F approximation Q only
based on A, generating an estimate 4., for s€S and u€l such
that the generalized loss (e.g., >q.eA(Gs,u—s)?) is minimized.

3 THE TGLFA MoDEL

In this section, we introduce the proposed TGLFA, which can
be further divided into User-oriented TGLFA (U-TGLFA) and
Service-oriented TGLFA (S-TGLFA). Note that they have the
same structure, but the former takes each user’s records re-
garding all invoked cloud services as the input data, while the
latter takes each service’s invocation records as the input data.

This paper presents the Service-oriented TGLFA for concise-

ness, whose structure and processing flow are illustrated in Fig.

2. It consists of three main components:

(a) The module for extracting attribute characteristics receives
the input QoS matrix and adopts a fully-connected network
to acquire the nonlinear service representations;

(b)The module for extracting high-order connectivity infor-
mation iteratively performs light graph convolution to learn
smooth representations for users and services on their inter-
action graph;
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(c) The prediction module performs estimation, e.g., calculat-
ing the inner product, to predict the unknown QoS data
based on the learned representations of users and services.

3.1 Extracting Attribute Characteristics

The proposed LFA model can learn more accurate nonlinear
representations for services by feeding the known invocation
records in a user-service QoS matrix. To capture such attribute
characteristics in the sparse QoS data, we design an extraction
module based on skip connection and data density-oriented
modeling. Fig. 2(a) illustrates its architecture, and Fig. 3 depicts
the propagation process of a specified service s, whose full ex-
planations are as follows.

Input Layer. The input layer receives the service-oriented
QoS data, i.e., an | S| x| U| QoS matrix Q describing the attrib-
ute characteristics of services. As illustrated in Figs. 2(a) and 3,
the known data are marked with real numbers denoting the
user-service invocation records (e.g., throughput values), and
the remaining unknown ones are marked with question marks.
Since the real-world QoS data are mostly highly sparse, previ-
ous methods [6], [10] fill the unknown parts with artificial val-
ues, e.g., zeros, which bring huge computational costs. Follow-
ing the principle of data density-oriented modeling, TGLFA
only activates the input layer nodes based on the known user-
service interactions to achieve high efficiency.

Hidden Layer. The module for extracting attribute charac-
teristics makes use of multiple fully-connected hidden layers to
learn high-level nonlinear latent features. As shown in Fig. 2(a),
H¥ denotes the kth layer latent feature matrix, Wk and B* denote
the corresponding weight matrix and bias vector in the kth lay-
er. Note that the kth layer node count F* is set uniformly for
simplicity, i.e., Fl=F?=---=FK=F. Taking the first layer as an ex-
ample, the mapping formula can be written as:

hsl/f = al( Z qs,uwllz,f +b; J/ @)
ueA(s)

where g4, hl, w,, and b; are single entries in Q, H!, W, and B!,
A(s) denotes the known entry subset related to s, and a;(-) de-
notes the activation function that can be hyperbolic tangent
(tanh), sigmoid or Rectified Linear Unit (ReLU). Since
|A(s) |« | U], Eq. (1) significantly reduces the computational
and storage cost.

For the (2~K)th hidden layers, the computing process fol-
lows the principle of a fully-connected network:

F
h:f =a, (; h:;lw;,f + b?}, (2)

where K, h;, w), and b} are the single entries in H¥, H¥, AK,

IEEE TRANSACTIONS ON SERVICES COMPUTING

and B respectively, and ax(-) is the activation function. Differ-
ent activation functions are tested in our implementation, and
we find that uniformly adopting the sigmoid function for all
layers ensures the best performance in our implementation.

Layer Combination. When learning in large-scale QoS data,
a multilayer neural network suffers from long-tail convergence
and accuracy loss due to the issue of vanishing gradients. In-
spired by the idea of skip connection, we incorporate the layer
combination into our attribute characteristics module. As
shown in Fig. 2(a), after propagating K hidden layers, the
weighted sum of all the obtained latent features is regarded as
the output and calculated as follows:

h,, = alhjlf + azhf'f et akhff, (3)

where s is the single element in H, and &0 denotes the im-
portance of kth layer features, respectively. Note that H is the
resultant service representations learned by the attribute char-
acteristics extraction module, and a; is set at one uniformly for
simplicity.

3.2 Extracting High-Order Connectivity Information
As discussed in [10], [28], [29], [30], [31], [32], [33], explicitly
exploiting the high-order connectivity information from the
user-service interaction graph can acquire stronger collabora-
tive QoS signal, thereby boosting the accuracy of resultant la-
tent feature representations. Recently, Graph Convolutional
Networks (GCNs) [6], [10] have become highly popular owing
to their high accuracy and scalability in capturing high-order
connectivity information, which works by iteratively perform-
ing message passing to aggregate multi-hop neighborhood
information. Inspired by this discovery, we propose a module
for capturing high-order connectivity information, based on
the light graph convolutional network (Fig. 2(b)), to perform
effective representation learning for QoS data.

Complete Graph Convolution. When addressing non-
Euclidean QoS data, an empirical graph convolutional layer
with self-connection is given as:

1 1
E :a&D 2AD 2 +IJE’W’], )

where A is a (|U|+|S|)x(|U|+]|S]|) adjacency matrix build
with the bipartite user-service interaction graph directly, and I
is the identity matrix used to represent the self-loops on nodes:

0 Qad'
A=[QT_ O]], &)

where Q.4 is Q’s adjacency matrix. D is A’s diagonal degree
matrix, in which each entry D;; denotes the number of invoca-
tion records regarding each user or service, i.e., the nonzero
entries in A’s ith row vector. E! denotes the latent feature ma-
trix of the /th layer and W' is the feature transformation weight
matrix. o(-) is a nonlinear activation function such as ReLU.
Specifically, corresponding to the matrix form given in Eq. (4),
the message passing rules of each user u and service s are for-
mulated as:

1+1 _ 1,1
el =o| Wel + >’

;W]ei p
s=N() V|N(u)| V|N(S)| ‘ (6)
Z ;Wlel )
o e

el =c| W'e +
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formation for user u.. In light graph convolution, the feature transformation,
self-connection, and nonlinear activation are all removed; only the normal-
ized sum of neighborhood representations is aggregated towards the next
layer, whose simplified structure reduces the training difficulty thereby
achieving higher estimation accuracy and computational efficiency com-
pared with the complete one.
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form, N(u) and N(s) denote the directly-connected neighbor
sets of u and s. The message passing rule in Eq. (6) can avoid
the feature scale increasing and numerical instabilities owing
to multiple graph convolutional operations and attenuate the
propagated message with the path length.

Light Graph Convolution. Despite the broad success of
GCNs in various graph learning tasks, recent studies [29], [31],
[32], [33] indicate that appropriate simplification of the net-
work structure enables efficiency gain. Based on this finding,
we modify the graph convolutional layer shown in Eq. (4) to a
light form:

where are the symmetrically normalized

1 1

E"'=D 2AD 2E. @)
Compared with the empirical graph convolution in Eq. (4), the
proposed light graph convolution (Eq. (7)) removes feature
transformation matrix (JV//), nonlinear activation function (o()),
and self-loops (I). This simplified graph convolutional opera-
tion is regarded as a fixed low pass filter from the perspective
of graph spectral domain and greatly reduces the training cost
of node representations, i.e., E° [29], [31], [32], [33]. As shown in
Fig. 4, for each specified user or service, the (I+1)th layer fea-
ture is obtained by only aggregating the normalized represen-
tations of first order neighbors in the Ith layer. Accordingly, the
message passing rules in Eq. (6) are simplified as:

1
4=y e,
0 NN G) o
1

1+1 _

RN RN A

Layer Combination. Note that the above light graph convo-
lutional propagation process starts from E°, which contains the
representations of all users and services. Considering [ in {1, 2,

e

-+, L}, E' only contains the aggregated representations of Ith
order neighbors as the self-connections are removed in light
graph convolution. To obtain the representations embedded
with different orders of neighborhood information, we perform
the layer combination operation before estimation, i.e., calcu-
lating the weighted sum of the latent features propagated at
each layer:

E=B,E’+BE" +B,E* +---+ B, E", )
where E is the resultant representation matrix, and =0 de-
notes the importance of the features at the /th layer. Note that
Eq. (9) contributes a similar effect as self-connection, and it can
alleviate the over-smoothing. With it, for each user u and ser-
vice s, the output representations are:

€, = 5032 + 1816111 + IBZelf Tt ABLef'

€= ﬁoeg + ﬁ]ei + ﬁzes2 Tt ﬁLest

Pre-Trained Strategy. Although the proposed light graph

convolution is much faster than the empirical, it still suffers

from multiple data exchanges and gradient vanishment. After

analyzing the representation matrix E (Eq. (9)), we propose an

effective pre-training strategy to address the problem encoun-

tered by light graph convolution. By incorporating the propa-
gation rules of (7) into (9), E can be calculated as:

E=B,E’ +B,AE’ + B,A’E" +---+ B, A"E°, (11)
where A=D-1/2AD-/2 is A’s symmetrically normalized matrix.
As for the importance coefficients, we set them uniformly as
1/(L+1). In this case, Eq. (11) is reformulated as:

(10)

Eot poy b gpoy 1 Gepo 1 ipo
L+1 L+1 L+1 L+1
1

_ 0, Ap0 ., A2p0 ., ZLpO
—L+1(E +AE*+ A’E’...+ A E) 12)

:ﬁ(I+A+A2+m+AL)E°

=A'E,

where A'= ([+A+A>++-+A")/(L+1) and [ is the identity matrix.
Given the derivation above, we see that only E° needs optimi-
zation during the whole propagation process, which is conven-
ient to train and thereby acquires more accurate node represen-
tations. When calculating E, the combined matrix containing
different levels of high-order neighborhood information in can
be directly constructed by A (Eq. (12)). Therefore, after setting L,
i.e., determining the desired order of neighborhoods, we can
calculate the combined adjacency matrix before model training.
With this strategy, we avoid multiple iterations during the
training process and thus achieving affordable computational
cost. It strongly supports capturing high-order QoS signals in a
highly efficient way.

3.3 Prediction Module

For a QoS graph, the attribute characteristics and high-order
neighborhood information greatly enrich each node’s represen-
tation. Hence, by performing attribute characteristics extraction
and light graph convolution, we address the data sparsity
problem to obtain complementary latent features. After that, in
the prediction module, we obtain the estimations and minimize
the differences between them and the truth values.

Model Prediction. Firstly, the final representation matrix of
service is formulated as:

M=wE, y+(1-w)H, (13)

where M is the service latent feature matrix, and w is a hy-



perparameter representing the importance of Ei~js; and HX in
constituting M. According to Eq. (13), for a specified service, its
representation is calculated as:
m, =we +(1-w)h,, (14)
where m; is representation to s. Then we can extract N from E
as the user latent feature matrix (see Fig. 2). Based on M and N,
TGLFA estimates the interaction between each user and service
by calculating the inner product with bias:
F
q,,= Z m, m,  +c,, (15)
f=1
where ¢, is the estimation for each ¢, and c, is the bias for u
to enlarge the solution space. Note that the combination and
estimation strategies can be further extended to boost the per-
formance of TGLFA with different methods, e.g., a graph atten-
tion networks.
Model Training. As presented in Section 2, for optimizing
model parameters, we utilize Euclidean distance, which is a
commonly adopted strategy, to construct the objective function:

e(W],W2,~~~,WK,B1,BZ,~~~,BK,E°,C)
W+ el e+ e+l | as)

= % (8 -0.) +A

1P 2| K| 2
e B LB L el
where A denotes the known entry set and A controls the
strength of L, regularization to prevent overfitting. Like the
input layer in the module for attribute characteristics extraction,
Eq. (16) follows the principle of data density-oriented modeling
to only activate the known entries in Q, which avoids a large
number of redundant computations regarding the missing data.
The computation and storage costs of TGLFA are therefore
significantly reduced. To train the proposed TGLFA, we adopt
the mini-batch Adaptive Moment Estimation (Adam) optimiz-
er [47] to optimize the parameters in an end-to-end manner.

3.4 Algorithm Design and Analysis

Based on descriptions above, learning TGLFA is summarized
in Algorithm 1. Its time cost involves the following two factors:

(1) Initialization: T1=O((| U |+ | S|)XF); (17a)
(2) Two-stream light GCN-based learning;:
S
T,=0 |A|><F><L>< L xt (17b)
batch size
Therefore, the overall computational cost of Algorithm 1 is:
T1 = T11 + le
8 (18)
~0 |A|><F><L>< ——|xt
batch size

Note that in the input and output of Modules (Fig. 2 (a) and
(c)), we adopt the principle of data density-oriented modeling
rather than performing data filling, which makes their time
cost at ©(| A | xFxt). Hence, the main time cost is given by the
light graph convolutional operations in Module (b). As dis-
cussed in Section 3.2, with the well-designed simplified graph
convolution and pre-trained strategy, TGLFA achieves high
computational efficiency compared to its peers.

As for the storage cost of Algorithm 1, it consists of the fol-
lowing five factors:
(1) Data caching: S11=O(| A |);
(2) Weight and bias parameter arrays: S;=0( | U | XF);
(3) Arrays caching the node representation parameters:

(19a)
(19b)
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ALGORITHM 1. TGLFA

Input: A, U, S
Operation Cost
/* Initialization */
Initialize W\, ---, WK, B1, ..., BK
1: Initialize E° C, F, K, L Tn
Initialize n, A, w, batch size, Timax
/* Two-Stream Light GCN-Based Learning */
2:  Construct sparse A and D according to formula (5);
3: Calculate A based on A=D-1/2AD-/2 in a sparse fashion;
4: while not converge and t<Twax do
5: for batch=1 to [1S|/batch size]
6: fori=1toL
7 ! Calculate E! according to formulas (7) and (8);
8: end for
9: Calculate E according to formulas (9) and (10);
10: Sample a batch sizex| U| Quatch from Q;
11: for s=1 to batch size
12: forf=1toF
13: E Calculate /i, according to formula (1);
14: end for
15: for k=2 to K
16: | forfltoF T
17: i Calculate i, according to formula (2);
18: i end for
19: end for
20: Calculate hs according to formula (3);
21: Calculate msaccording to formula (14);
22: for ueA(s)
23: E Calculate s« according to formula (15);
24: end for
25: Calculate the loss of s according to formula (16);
26: end for
27: Accumulate the losses in Qbvatcr;
28: Calculate the gradients by backpropagation;
29: Update all the variables based on the gradients;
30: end for
31: end while
/* Operation Ending */
Output: W, W2, ..., WK, B1, B2, ..., BK, EY, and C
S, =0 (|| +[]) < F); (190)
(4) Arrays caching the adjacency matrices: S1u=O(| A |); (19d)
(5) Arrays caching the intermediate variables:
S, =®((|U|+|S|)><F). (19%)
Hence, the storage cost of training TGLFA is:
5, =5, +5, +5,+5,+5;5
A (20)
~ 0| F xmax ?, LI|+|S| ,

which is linear with the number of known entries in the target
QoS matrix and the number of latent features in TGLFA.
According to the above analysis, the proposed TGLFA is
highly efficient in computation and storage when performing
representation learning in user-service QoS data. The experi-
ments validating the model efficiency will be given in Section 4.

3.5 CUDA-based Sparse Matrix Computation

To address the high sparsity of QoS data, TGLFA adopts the
data density-oriented principle in its input and output parts,
i.e., only considering the known entry set rather than arbitrari-
ly filling missing data, to reduce time and storage consumption.
However, existing mainstream deep learning frameworks are
immature in sparse computing, and they cannot support TGL-
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FA’s numerous sparse matrix operations on GPU. Hence, fol-
lowing previous studies [48], [49], [50], an efficient CUDA-
parallelized sparse matrix computation module is specially
implemented for GPU-based acceleration of TGLFA.

More specifically, as illustrated in Fig. 5, two key schedulers,
ie, SM and warp, are adopted in CUDA programming to
achieve two-level parallelization of sparse matrix computation.
Compressed Sparse Row (CSR) format is utilized to re-
represent an incomplete user-service QoS matrix, which is con-
stituted by three arrays: a) ptr array storing the row pointers,
which denotes the position of each row’s first entry; b) idx ar-
ray storing the column indexes; and c) val array storing the
values of the known data, i.e., the known QoS data. Note that
given an incomplete QoS matrix Q, the size of ptr array is |S|,
i.e., the number of rows or services of Q, while the size of idx
and val arrays is |A|, i.e., the number of Q’s known entries.
Based on such CSR format, we achieve efficient GPU compu-
ting by designing sparse matrix operators (SMOs) [48], [49],
[50], e.g., the outer product one and the row product one.

On the other hand, the block size significantly influences the
performance of CUDA-parallelized computation. Since a warp
consists of 32 threads, it is better to set the size of block as a
multiple of 32. As GPU’s various architectures have different
numbers of SM, we follow prior studies [48], [49], [50] to set the
block size to 32x32 in this paper.

4 EXPERIMENTS AND RESULTS

In this section, we present the experimental results that reveal
the effectiveness and efficiency of the proposed TGLFA. Eight
large-scale testing cases have been constructed from two real-
world QoS datasets to evaluate the proposed model. By com-
paring TGLFA with state-of-the-art methods, we intend to an-
swer the following critical Research Questions (RQs):

RQ1. How do individual components, e.g., modules for attrib-
ute characteristics extraction, high-order connectivity infor-
mation extraction, and layer combination operation, affect the
representation ability of TGLFA?

RQ2. How do the multilayered design of attribute characteris-
tics extraction and light graph convolution affect the estimation
accuracy for missing QoS data and the convergence rate of
TGLFA?

RQ3. How do different hyperparameter settings, e.g., the final
feature combination weight (w) and the hidden layer unit
count (F), affect the performance of TGLFA?

RQ4. How does TGLFA perform when compared with state-
of-the-art QoS estimators?

4.1 General Settings

Evaluation Metrics. The representation learning accuracy,
i.e., missing QoS estimation accuracy is mainly considered in
this study to evaluate the performance of each model. Hence,
two commonly-adopted metrics, including Root Mean Squared
Error (RMSE) and Mean Absolute Error (MAE) [16], [17], [42],
[43], [44], [45], [46], [51], [52] are used in our experiments. Gen-
erally, they are formulated as:

RMSE = \/[qZW(q -4..) J /\y
MAE =[ Zq ZJ /‘I’

y
Is,u €

7

A
qS,u - qs,u

7
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7
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:
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\\ CSR Representation CUDA Block

g2 | 22
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Q Parallel Scheduler

Fig. 5. lllustration of the CUDA module for sparse matrix computation.

where || denotes the number of entries in the testing dataset.
According to the definitions above, lower RMSE and MAE in-
dicate a model can obtain higher estimation accuracy for miss-
ing cloud service QoS data.

For evaluating the computational efficiency of different ap-
proaches, the training time of each model after GPU-
acceleration on each testing case is carefully recorded. All the
experiments are implemented in Python 3.7, except that the
compressed sparse matrix parallel program for TGLFA is de-
veloped with CUDA C and compiled with CUDA 11.1. All em-
pirical tests are conducted on a server with a 2.4-GHz Intel
Xeon 4214R CPU, four NVIDIA RTX 3090 GPUs, and 128-GB
RAM.

Datasets. Two real-world datasets for QoS estimation, Re-
sponse Time, and Throughput are used in our experiments. Re-
sponse Time records the response times of 5,825 cloud services
experienced by 339 wusers’ 1,873,838 invocations. While
Throughput records the throughputs of 5,825 cloud services
experienced by 339 users” 1,831,253 invocations. They are all
user-experienced QoS affected by both server-side factors like
the invocation burden and user-side factors such as the net-
work condition. Moreover, the adopted datasets are known as
the largest and most frequently-used public datasets [7], [8], [9],
[20], [21], [23], [24], [25], [26], [53], [54]. Therefore, the QoS es-
timation results achieved on them are supposed to be highly
informative and representative.

For a fair evaluation, prior studies [2], [24], [26] propose a
method for dataset expansion by introducing Gaussian noise.
In our experiments, we also follow this method to synthetically
generate more data samples for the two testing datasets. Specif-
ically, the generation process is three-fold: a) For each known
entry g, in each dataset, a synthetic entry g. is generated by
Qsu=Gsutqsux0.05xrand, where rand denotes a random real num-
ber generated by a standard normal distribution; b) The gener-
ation process is repeated 20 times to acquire 20 different syn-
thetic datasets; c¢) By merging them, two testing datasets that
are 20 times larger than the original are obtained for perfor-
mance evaluation. Based on the aforementioned method, the
total number of users in both Response Time and Throughput is
expanded from 339 to 6,780. While the total number of invoca-
tion records in both testing sets is expanded to 37,476,760, and
36,625,060, respectively. Evidently, evaluating the performance
of different models on these two large-scale datasets can better
demonstrate the scalability of tested models. The characteris-
tics of these two generated datasets are summarized in Table 2.
It is worth noting that we randomly sample different testing
cases containing various ratios of data splits for training, vali-



TABLE 2
PROPERTIES OF TESTING CASES.

Dataset 1Al ul 1S1 No. Train:Validation:Test
Response D1.1 1%:4%:95%
! D1.2 2%:8%:90%
"{;Jnl\)e 37,476,760 6,780 5,825 Di3 3%:12%-85%
D1.4 4%:16%:80%
D2.1 1%:4%:95%
Throughput D2.2 2%:8%:90%
(D2) 36,625,060 6,780 5825 D23 3%:12%:85%
D24 4%:16%:80%

dation, and test (Train:Validation:Test), enabling us to test all
models' effectiveness comprehensively.

Models for Comparisons. Fourteen state-of-the-art QoS es-
timators are compared with the proposed TGLFA model in our
experiments. Their nonlinearities are summarized in Table S1
of the Supplementary File (SF)! and the details of these meth-
ods are described as below.

M1. NeuMF [17] is a widely adopted approach to neural col-
laborative filtering which combines multilayered percep-
tion and inner product into matrix factorization to
achieve nonlinear QoS estimation.
Mult-VAE [55] is a generative LFA model based on a
variational auto-encoder, which assumes data to be gen-
erated by a multinomial distribution and performs varia-
tional inference for parameter estimation.
MetaMF [22] is a federated meta matrix factorization
model for missing QoS data estimation, which builds a
federated learning framework to generate private em-
beddings of users.
GC-MC [56] is a graph convolutional matrix completion
model, which learns the first order neighborhood infor-
mation by the graph auto-encoder with node dropout.
NGCEF [57] is a neural graph collaborative filtering model
for QoS estimation, which incorporates a complete graph
neural network (GCN) into CF for integrating high-order
connectivity information.
LR-GCCEF [33] is a collaborative filtering model based on
linear residual GCN, which removes nonlinearities to en-
hance the performance.
LightGCN [28] is a QoS estimator based on light GCN,
which removes feature transformation and nonlinear ac-
tivation for obtaining efficient and accurate representa-
tions.
DGCN-HN [58] is a deep GCN model, which uses hybrid
normalization for flexible aggregation and adopts two re-
sidual connection methods to alleviate the over-
smoothing problem in QoS estimation.
SGL-ED [59] is a self-supervised graph learning model
for QoS data, which generates multiple node views by
edge dropout and maximizes the agreement between dif-
ferent views to improve the accuracy and robustness.
M10. GDE [60] is a graph denoising encoder model, which
captures important graph features by a band pass filter
and alleviates the over-smoothing problem by indefinite-
layer propagation.
M11. HMLET [27] is a hybrid method of linear and nonlinear

Thttps://github.com/Oak-B/TGLFA /blob/main/TGLFA-Supplementary%20File.pdf
*https://github.com/Oak-B/TGLFA /blob/main/TGLFA-Codes.zip

M2.

Ms.

M4.

M5.

Mé.

M7.

MS.

Mo.
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CF. It utilizes GCN to perform latent feature analysis and
adopts a gating module to select each node’s best propa-
gation method.

M12. LightGCN,.agjNorm [29] is an improved light-GCN-based
model, which proposes r-AdjNorm strategy by controlling
the normalization strength to balance the recommenda-
tion accuracy and novelty.

M13. GTN [30] performs the task of collaborative QoS estima-
tion through a graph trend filtering network, which uses
the principled graph trend to address the non-adaptive
propagation and non-robustness problems.

M14. GDSRec [52] is a graph-based model for decentralized
collaborative filtering, which captures the statistical bias
offsets by decentralized neighborhood aggregation and
differentiates the social connections.

M15. TGLFA is the model proposed in this paper.

Note that the source code of the proposed TGLFA has been

released on GitHub? As for the source codes of other com-

pared baselines, they can be freely downloaded from the shar-
ing repositories.

Model Settings. The following settings are employed for
each model.

(1) We initialize all the trained variables randomly with Xavier
method [61], and optimize all the models with Adam [47];
(2) For models based on conventional neural networks, includ-
ing M1-3, we adopt the model architectures suggested in
their original papers. For all GCN-based models (M4-14),

the latent feature dimension is set to 128;

(3) To achieve fair comparison, we carefully tune each model’s
hyperparameters to obtain the best performance. Specifical-
ly, in individually-built training and validation cases, we
tune all the hyperparameters for the lowest validation error
on the validation case, and then fix the same settings on the
testing case to record the generalization performance;

(4)On each testing case, we repeat the splitting and training
process for ten times and record the average results and cor-
responding standard deviations;

(5) Each model’s learning process terminates if: a) the training
epoch reaches a given threshold, i.e., 1000; or b) its estima-
tion accuracy keeps decreasing for 30 epochs.

4.2 Ablation and Effectiveness Analysis (RQ1)

Comprehensive ablation studies have been conducted to verify
the effectiveness of the essential components in TGLFA, in-
cluding modules for extracting the Attribute Characteristics
(Module (a)) and High-Order Connectivity Information
(Module (b)), along with the layer combination in the afore-
mentioned modules.

4.2.1 Impact of The Proposed Modules
For testing Modules (a) and (b), we implement several variants
of TGLFA, including TGLFA omitting Modules (a) and (b)
(TGLFA-w/o0-A&H), TGLFA omitting Module (a) (TGLFA-
w/o-A), and TGLFA omitting Module (b) (TGLFA-w/o-H).
The corresponding results have been summarized in Table S2
of SF. For TGLFA and all its ablated variants, we fix the layer
count of Module (a) at three (K=3) and the layer count of Mod-
ule (b) at ten (L=10). From these results, we obtain the follow-
ing significant findings:
(1) TGLFA’s estimation accuracy for missing QoS data bene-
fits from its correct extraction of attribute characteristics.
Compared with matrix factorization-based models, Module
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(a) of TGLFA explicitly extracts the attribute characteristics
in QoS data with a multilayered and fully-connected net-
work. Module (a) enables TGLFA to learn better representa-
tions, thereby boosting its estimation accuracy for missing
QoS data. As shown in Table S2, RMSE/MAE obtained by
TGLFA is much lower than that of TGLFA-w/0o-A on all
eight testing cases. For instance, on D1.1, TGLFA achieves
the best RMSE at 1.2613, which is 17.63% (ie., (Er-
1071igh—EY101100) / Erroryign) lower than 1.5312 achieved by
TGLFA removing Module (a). As for MAE on D1.1, TGLFA
achieves it at 0.4992, which is 15.38% lower than 0.6530 of
TGLFA-w/o-A. Similar results are observed in other testing
cases, which highlight the importance of attribute character-
istics in QoS data.

(2) Correct extraction of high-order connectivity information
enables TGLFA to achieve evident accuracy gain. Com-
pared with TGLFA-w/o-H, TGLFA maintains Module (b) to
extract higher-order connectivity information from given
QoS data with a pre-trained light graph convolutional net-
work. The carefully-captured structural information enables
TGLFA to involve multi-hop neighbors’ representations
when performing estimation for missing QoS data, thus en-
hancing the collaborative QoS signal and improving its ac-
curacy. From the experimental results on all eight testing
cases shown in Table S2 in the SF, TGLFA’s RMSE/MAE is
much lower than that of TGLFA-w/o-H. Taking case D1.1
as an example, TGLFA achieves the lowest RMSE at 1.2613,
which is 11.88% lower than 1.4313 achieved by TGLFA-
w/o0-H, and the MAE at 0.4992, which is 13.44% lower than
0.5767 by TGLFA-w/o-H. Similar outcomes are achieved in
the other testing cases as shown in Table S2.

(3)The accuracy gain brought by the extraction of attribute
characteristics and high-order connectivity information in-
creases as the density of known data in the target HDI ma-
trix decreases. For instance, on D2.4-2.1 (whose known data
density decreases from 18.98% to 4.74%) as shown in Table
52 in the SF, the RMSE values achieved by TGLFA are
0.4176, 0.4352, 0.4650, and 0.5266, which are 6.03, 6.71%,
6.93%, and 17.27% lower than that of TGLFA-w/o0-A&H,
2.73%, 3.46%, 3.75%, and 8.86% lower than that of TGLFA-
w/o0-A, and 3.18, 4.06%, 4.69% and 11.26% lower than that
of TGLFA-w/o-H, respectively. Similar results are obtained
when taking MAE as the evaluating metric. Therefore, at-
tribute characteristics, and high-order connectivity consid-
ered by the proposed TGLFA are crucial for real-world in-
dustrial applications related to QoS data. They work com-
patibly to enable the TGLFA model’s high estimation accu-
racy for missing QoS data.

4.2.2 Impact of Layer Combination

To verify the effect of layer combination, we use the variants of
TGLFA, omitting the layer combination operation to perform
the estimation task. The experimental results are listed in Table
S3 of SF, where TGLFA-Single-A/H means TGLFA does not
adopt the layer combination strategy and only uses the features
at the Kth layer of Module (a)/(b) to perform the estimation
task. Note that for TGLFA and TGLFA-Single-A/H, we uni-
formly set K=3 and L=10. Given the results obtained, we have
the following findings:
(1)The layer combination strategy significantly enhances the
representation ability of TGLFA in QoS data. As shown in
Table S3, summing the node features from all hidden layers

in Module (a) and averaging feature matrices from all layers
of the light graph convolutional network improve the esti-
mation accuracy of missing QoS data. For instance, on D1.2,
the RMSE and MAE achieved by TGLFA are 1.1986 and
0.4581, respectively. Owing to the ability to alleviate the
gradient vanishing by Module (a) [58], [61], [62], the RMSE
and MAE of TGLFA are 0.94% and 1.42% lower than that of
TGLFA-Single-A. Due to the ability to alleviate the over-
smoothing by Module (b) [28], [33], [58], the RMSE and
MAE obtained by TGLFA are 13.20% and 29.62% lower than
that of TGLFA-Single-H. Similar performances are observed
in other testing cases.

(2) Appropriate values of ai-x and f1- are convenient to dis-
cover. It is worth noting that hyperparameters such as ai-x
and pi~ can be tuned or self-adaptation [63]. In this paper,
by setting ai~x at 1 and pi~r as 1/(L+1), we still achieve ro-
bust performance in the task of QoS estimation because the
model parameters in E° implicitly learn the importance of
each layer. Hence, we do not tune or optimize a1-x and fi~r
to avoid the extra computational burden. Moreover, devel-
oping an effective scheme to identify the importance of each
layer is another interesting issue worthy of further investi-
gation. We leave these issues in our future work.

4.3 Effect of Multilayered Structure (RQ2)

To verify whether TGLFA can benefit from the multilayered
structure of attribute characteristics extraction and light graph
convolution, we vary the depths of two modules, i.e., K and L,
to conduct the following experiments.

4.3.1 Impact of K

We set K=(1, 2, 3, 4, 5} when L is fixed to 4, and the experi-

mental results as K varies are presented in Figs. S1-S2 in the SF.

Besides, we have chosen several representative figures and

presented them in Figs. 6 and 7. From them, we find that:

(1)Increasing the depth of the module for attribute character-
istics extraction vastly enhances TGLFA’s estimation accu-
racy for missing QoS data. Compared with a single-layer
model, a multilayered neural network can better fit the non-
linearity hidden in the input QoS data, thus improving its
representation ability. For instance, as recorded in Fig. 6(a),
by fixing other hyperparameters on D1.1, as K increases
from 1 to 3, the RMSE of TGLFA decreases from 1.2859 to
1.2711, which achieves an estimation error gap of 1.15%. As
for MAE, it decreases from 0.5233 to 0.5099 with an estima-
tion error gap of 2.56%. Similarly, on D2.3 (Fig. 6(b)), when
K is fixed at 1, TGLFA achieves the RMSE and MAE at
0.4512 and 0.1584. However, when K is fixed, its RMSE re-
duces to 0.4405 with a decreasing gap of 2.37%, and the
MAE reduces to 0.1516 with MAE decreasing gap of 4.29%.
Similar situations can be found in other testing cases. In
most cases (Fig. S1), TGLFA can achieve the lowest RMSE
when K=2 or 3 and the lowest MAE when K=5. Stacking
more layers may cause overfitting issues, which have to al-
leviate by adopting new learning objectives and regulariza-
tion schemes [64], [65], [66]. It is observed from the results
that the attribute characteristics are essential to improve the
performance of TGLFA.

(2) The convergence rate of TGLFA is greatly affected by the
depth of modules for extracting attribute characteristics.
As recorded in Fig. S2 in the SF, its converging epoch count
decreases as K increases. For instance, on D1.3, as K increas
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es from 1 to 5, TGLFA’s converging epoch count in RMSE
decrease from 609 to 257, and the converging epoch count in
MAE decrease from 383 to 189. As Module (a) sums all the
hidden layers as the output, the parameters stacked in mul-
tiple layers of the network can be optimized efficiently [62].
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greatly as L increases. For instance, as shown in Fig. 7(a), on
D1.2, when L=0, the RMSE and MAE of TGLFA are 1.2981
and 0.5154. When L increases to 24, their values decrease to
1.1831 and 0.4485, meaning that the estimation error of
RMSE and MAE significantly drops by 8.86% and 12.98%.
Due to the correctly extracted high-order connectivity in-
formation and layer combination, TGLFA effectively ad-
dresses the over-smoothing issue and thus achieves evident
performance gain. Note that the optimal L is data-
dependent. Taking the estimation errors on D2.2 (Fig. 7(b))
as an example, TGLFA achieves the best RMSE when L=12
and the best MAE when L=16. Hence, it is unnecessary to set
L to 24 as on D2.2. In general, in all the testing cases, TGLFA
achieves the highest accuracy when L is chosen in between
12 and 24. From the analysis above, explicitly exploiting the
collaborative signals from user-service QoS interactions is
essential for QoS estimation tasks.

(2)The convergence rate of TGLFA is vastly affected by the
depth of the module for extracting high-order connectivity
information. For instance, as plotted in Fig. 9(a), on D1.3, as
L increases from 0 to 24, the converging epoch count regard-
ing RMSE and MAE increases from 35 and 30 to 414 and 266,
respectively. Similar outcomes are also encountered in the
other testing cases (see Fig. 9 and Fig. 54 in the SF). This is
because all optimization parameters are in E°, while stacking
multiple layers of light graph convolution unnecessarily
may slow down the overall optimization process. In general,
to balance the estimation accuracy and efficiency of TGLFA,
the depth of Modules (a) and (b) should be set with care,
and we suggest setting K=3 and L=12 in most cases.

4.4 Analysis of Hyperparameter Sensitivity (RQ3)

The performance of a deep learning model can be affected by
many hyperparameters, such as batch size, initial learning rate,
and regularization coefficient. For TGLFA, the batch size is
fixed at 512, the learning rate is searched in {0.0001, 0.0005,
0.001, 0.005, 0.01, 0.05}, and the coefficient of L, regularization
is tuned in {10, 104, ---, 101, 102}. There are two unique hy-
perparameters, i.e, w controlling feature importance and F
determining the feature dimension of hidden layers. Their set-
tings might influence the performance of TGLFA.

4.4.1 Impact of w

We conduct a series of sensitivity tests to verify the impact of w,

and the corresponding results are depicted in Figs. S5-56 in the

SE. Herein, two examples are plotted in Fig. 10 for conciseness.

By analyzing these results, we have the following findings:

(1)w significantly influences the estimation accuracy of TGL-
FA. As shown in Fig. S5, increasing the value of w may
greatly reduce the estimation accuracy of TGLFA. For in-
stance, on D1.2 (Fig. 10(a)), the RMSE increases from 1.2070
to 1.2723 as w varies from 0.8 to 0.9. For MAE, it increases

4.3.2 Impact of L
In this section, we set L={0, 1, 2, 4, 8, 12, 16, 20, 24} when K is
fixed at 3. The results as L varies are depicted in Figs. 53-54 in
the SF. We have chosen several representative ones from the
whole results and plotted them in Figs. 8-9. Through analyzing
the presented results, we have the following findings:
(1)Capturing the high-order connectivity information from
the user-service interaction graph substantially enhances
the collaborative QoS signal. As illustrated in Figs. S3 and
54, in all eight testing cases, the estimation errors decrease

from 0.4613 to 0.5106. On the other hand, TGLFA achieves
steady performance when w increases from 0.1 to 0.8. For
example, when performing the task of QoS estimation on
D1.2 (Fig. 10(a)), the differences regarding RMSE, and MAE
are only 0.0063 and 0.0066.

(2) The convergence rate of TGLFA is also affected by w. As

depicted in Fig. S6, the convergence rate vastly decreases
when increasing w. Taking the case D2.1 as an example (Fig.
10(b)), the converging epoch count of TGLFA regarding the
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RMSE increase from 244 to 1000 when w varies from 0.1 to
0.9. As for MAE, the epochs to converge increase from 252 to
1000. Similar trends of model convergence can also be ob-
served in other testing cases. Based on the above analysis, it
is seen that setting w to a low value achieves both higher es-
timation accuracy and efficiency (e.g., w=0.2). Note that a
lower w indicates the module for attribute characteristics ex-
traction contributes more to output representations. This re-
veals attribute characteristics in QoS data are crucial for QoS
estimations.

4.4.2 Impact of F

Herein, we conduct sensitivity tests with F, and the obtained

results are demonstrated in Figs. S7-S8 in the SF. Note that Fig.

10 depicts two representative examples for readability. Based

on these results, we summarize that:

(1)RMSE and MAE of TGLFA significantly decrease with the
increase of F. A larger feature dimension of hidden layers
expands the solution space of TGLFA, thereby learning
more accurate representations. As illustrated in Fig. 57, the
RMSE and MAE decrease in most testing cases as F increas-
es. Taking the testing case D1.3 (Fig. 11(a)) as an example,
the RMSE obtained by TGLFA decreases from 1.1977 to
1.1505, and the MAE decreases from 0.4666 to 0.4352 when F
is changed from 16 to 512.

(2)By incensing the dimensionality of the hidden units (F),
TGLFA achieves fast convergence. For instance, as shown
in Fig. 11(b), on D1.3, when F=16, TGLFA’s training epochs
in RMSE and MAE are both at 1000. However, when F=512,
the training epochs in RMSE decrease to 141 and the train-
ing epochs in MAE decrease to 122, respectively. Although
the time cost per epoch becomes higher as F increases, larger
F should be considered for improving TGLFA'’s efficiency.
Overall, we suggest setting @ = 0.2 and F = 128. With an ap-

propriate learning rate (e.g., 5e-3) and regularization coefficient

(e.g., 0.1), TGLFA can achieve high performance in both esti-

mation accuracy and computational efficiency. We summarize

the suggested settings of hyperparameters in Table S4 of the SF.

4.5 Comparison with State-of-the-Art Approaches (RQ4)

To validate the effectiveness of the proposed TGLFA, we com-

pare it with fourteen state-of-the-art approaches to QoS estima-

tion, including three approaches based on conventional neural
networks and eleven GCN-based models. Tables S5-S8 of SF
respectively show the RMSE, MAE, and converging time of

RMSE and MAE obtained by all approaches on all testing cases.
Note that for more insights into the results presented in Ta-

bles S3-56, we summarize the win/loss counts of TGLFA (M15)

versus its peers on the second-to-last rows and record all tested

models” Friedman statistical results on the last row [42], [67],

[68]. With the significance level of 0.05, the hypothesis that all

involved models are significantly different is accepted. Moreo-

ver, the results of the Wilcoxon signed-ranks test are presented
in Tables S9 and S10, which can statistically verify whether

M15 is substantially superior to other models in estimation

accuracy and computational efficiency [42], [67], [68]. Wilcoxon

signed-ranks test is a widely-adopted nonparametric pairwise
comparison procedure, which has three important indicators,
including R+, R-, and p-value [67], [68]. Among them, the
higher R+ value stands for higher estimation accuracy (Table

59) and computational efficiency of TGLFA (Table 510), R- is

versa. And p-value indicates the significance level [42], [67],

[68]. Based on these results, we find that:

(1) TGLFA (M15) significantly outperforms its peers in esti-
mation accuracy for missing QoS data. Owing to the mod-
eling for the attribute characteristics and high-order connec-
tivity information, M15 achieves notable performance gain
in all testing cases. For example, when testing case D1.1 (Ta-
ble S5) is considered, the RMSE obtained by M15 is 1.2535,
which is better than M6, M4, and M14 by 2.39%, 2.99%, and
11.87%, respectively. When MAE obtained on D1.1 (Table S6)
is considered, M15 achieves 0.4948, which is better than M1-
M14 by 29.69%, 11.74%, 38.66%, 2.35%, 18.63%, 12.99%,
22.96%,29.23%, 25.41%, 34.37%, 12.80%, 22.89%, 27.89%, and
23.57%. More persuasively, M15 also obtained the lowest F-
rank value and supported Wilcoxon signed-rank results. As
Table S5 shows, for RMSE, the F-rank value of M15 is 1.00,
which is lower than any other model in the experiment. As
for MAE (Table S6), the F-rank value of TGLFA is also 1.00,
which is much lower than all the compared models in the
experiment. Apart from this, it can be seen in Table S9 that
the R+ values are high, and the p-values are all within the
accepted range of the hypothesis at the significance level of
0.1. Hence, it is concluded that M15 obtains significantly
higher estimation accuracy than other models do.

(2)TGLFA is more computationally efficient than other mod-
els when learning in QoS data. As presented in Tables S7,
S8, and S10, the training time for M15 to achieve the best
RMSE/MAE is far less than that of M1-14, as it adopts the
principle of data density-oriented modeling and light graph
convolution. For instance, as shown in Table S7, M15 only
spends 253 seconds on the convergence of RMSE on D1.2,
which is only 0.76%, 0.87%, and 1.96% of the time used by
M11, M14, and M13. On the other hand, considering the
time cost in MAE, M15 only spends 228 seconds, which is
about 1.88%, 64.04%, 21.55%, 17.67%, 11.83%, 12.45%, 1.96%,
1.71%, 1.45%, 9.73%, 0.70%, 1.91%, 1.40%, and 0.75% of the
time used by M1-14. In other testing cases, the converging
time cost of TGLFA is also less than that of other baselines.
Furthermore, from the results of the Friedman test present-



ed in Tables S7 and S8, it is seen that M1-15 achieve the F-
rank values on time cost to converge in RMSE are respec-
tively 10.38, 1.63, 3.25, 6.25, 6.50, 5.00, 8.88, 10.75, 10.38, 4.63,
14.38, 9.88, 12.13, 14.63, and 1.38. And on time cost in MAE,
their F-rank values are 9.75, 1.88, 4.75, 6.75, 5.50, 4.63, 8.63,
10.50, 10.75, 4.50, 14.50, 9.63, 12.75, 14.38, and 1.13. Com-
pared with other models, M15 achieves the lowest F-rank
value on training time cost in either RMSE or MAE. In Table
510, we additionally summarize the results of the Wilcoxon
signed-ranks test regarding the model efficiency. The high
R+ values of M15 versus other models and low p-values in-
dicate that M15 has highly competitive computational effi-
ciency compared with state-of-the-art approaches.

4.6 Summary

From the detailed experiments and analysis above, we summa-
rize that TGLFA has the following advantages. First, TGLFA
possesses high estimation accuracy for missing data in the us-
er-service QoS matrix. Second, TGLFA is highly efficient in
performing the task of QoS estimation. Third, TGLFA can well
handle sparse QoS data, which greatly enhances its scalability
in real-world applications. As for the limitations of TGLFA,
Like other models based on graph neural networks [27], [57],
[58], [59], the hyperparameters of TGLFA have to be carefully
tuned, and model optimization highly relies on GPU.

5 DISCUSSIONS

5.1 Connections between Interpretability and
Performance of TGLFA

The proposed TGLFA is a data-driven QoS estimator, which is
designed to effectively capture the features hidden in QoS data
for accurate representation learning. Thus, the interpretability
and effectiveness of TGLFA are determined by whether the
incorporated learning modules can capture the desirable fea-
tures in QoS data. It is known that TGLFA adopts a multilayer
fully-connected network to learn the attribute characteristics
from QoS data, utilizes a pre-trained light graph convolution
network to capture the high-order connectivity information,
uses the layer combination strategy to alleviate vanishing gra-
dients and over-smoothing, and incorporates a CUDA-based
computing module for fast training. The presented experi-
mental results show that the considerations of the aforemen-
tioned learning modules can effectively capture the attribute
characteristics and high-order connectivity in QoS data, there-
by significantly enhancing the performance of TGLFA. It is
said that the proposed TGLFA is interpretable to the connec-
tion between the model design and QoS estimation.

Also note that how to perform efficient and accurate repre-
sentation learning to a highly sparse user-service matrix is a
major problem of collaborative filtering for QoS estimation [2],
[7], [16], [17], [26], [69], [70], [71], [72]. From the perspective of
collaborative filtering, the proposed TGLFA well integrates
diverse forms of information in the historical QoS data and
accurately learns the representations for predicting missing
QoS data. Hence, its high estimation accuracy for missing QoS
data is convincing for facilitating accurate cloud service QoS
estimation with confidence.

5.2 Significant Differences between TGLFA and Existing
QoS Estimators

Most existing QoS estimators are based on matrix factorization
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(MF) [2], [7], [13], [15], [16], [26], [28], [32], which cannot learn
nonlinear representations. To overcome this limitation, several
estimators based on Deep Neural Networks (DNN) are subse-
quently developed [10], [12], [17], [18], [22], [55], [56], [57].
However, existing models mostly focus on the prediction part
to implement complicated nonlinear interactions, which leads
to high computational complexity. Moreover, neither an MF-
based nor a DNN-based QoS estimator can well handle high-
order connectivity and attribute characteristics information.

In contrast, the proposed TGLFA constructs Module (a) to
learn the attribute characteristics and Module (b) to capture the
high-order connectivity information. It incorporates the non-
linearities into Module (a) and removes the activations in
graph convolution to enjoy a fast and accurate nonlinear learn-
ing process. Moreover, TGLFA adopts the principle of data
density-oriented modeling to achieve high computational effi-
ciency. According to the empirical studies, the proposed model
achieves significant accuracy and efficiency gains when com-
pared with state-of-the-art QoS estimators [17], [22], [27], [29],
[30], [32], [33], [52], [55], [56], [57], [58], [59], [60].

5.3 Distinctive contributions

The proposed TGLFA is not a straightforward fusion of exist-
ing methods. Existing approaches to learning representation in
QoS data are mainly developed based on linear learning tech-
niques, e.g., matrix factorization [2], [7], [26]. They cannot ap-
propriately model the higher-order connectivity and attribute
characteristics information. In contrast, the proposed TGLFA
carefully considers the above information within the GCN
framework. Based on these observations, the distinctive contri-
butions of this paper lie in the following aspects.

(1) TGLFA is the first approach that considers both attribute
characteristics and high-order connectivity information in
QoS data to perform the task of QoS estimation. TGLFA
carefully builds the modules for extracting these two types
of information (Modules (a) and (b)), which can learn accu-
rate representations for the prediction module (Module (c)).

(2) The input and output layers of TGLFA are built according to
the principle of data density-oriented modeling. Besides, the
CUDA-based module for sparse matrix computation is de-
veloped. These amendments related to learning objectives
and optimization enable TGLFA to train in a highly efficient
manner.

(3)In Module (b), a pre-trained light graph convolutional net-
work is proposed to effectively capture the high-order con-
nectivity information in QoS data. Unlike existing tech-
niques, it removes nonlinear activation and feature trans-
formation, which significantly simplifies the network struc-
ture of classical graph convolutional networks. Therefore,
accurate representations can be efficiently learned from the
user-service invocation bipartite graph.

(4) An effective strategy for layer combination is proposed to
use in Modules (a) and (b) to alleviate the issues of vanish-
ing gradients and over-smoothing.

According to the experimental results, the above ideas enable

TGLFA to achieve high estimation accuracy and training effi-

ciency when predicting missing QoS data. Compared with

state-of-the-art models that are based on matrix factorization,
deep neural networks, and graph convolutional networks, it
achieves significant gains in accuracy and efficiency. Overall,
this study can provide researchers and engineers in the service
computing community with novel methodologies to perform
QoS research and novel insights for learning in QoS data and
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other bipartite graphs.

6 CONCLUSIONS

In this paper, a novel model, labeled as TGLFA, is proposed to
learn highly accurate representations in QoS data. Different
from previous approaches, TGLFA considers extracting attrib-
ute characteristics of cloud services by constructing a multi-
layered and fully-connected network and acquiring higher-
order connectivity information by designing a pre-trained light
graph convolutional network. It further incorporates the prin-
ciple of data density-oriented modeling into the learning pro-
cess for efficiency. To the best of our knowledge, existing ap-
proaches have never considered such learning paradigms. Ex-
tensive experiments on two real-world datasets have been
conducted to validate the effectiveness of the proposed TGLFA.
Ablation studies are further performed to verify the signifi-
cance of explicitly encoding attribute characteristics and high-
order connectivity in the task of QoS data estimation. The no-
table results demonstrate that TGLFA significantly outper-
forms state-of-the-art approaches to QoS estimation in both
accuracy and efficiency.

In the future, we will try to improve TGLFA in the following
ways. First, it is of high interest to achieve more effective inter-
actions between the latent features of users and services when
performing QoS data estimations [10], [63], [70], [73], [74], [75],
and other industrial applications, e.g., big data analytics in
healthcare [76], [77]. Second, self-adaption mechanisms can be
developed to enable TGLFA to distinguish the importance of
neighbors in different orders [78], [79]. Last, more forms of
trust-worthy data, e.g., Service Level Agreement (SLA), and
cloud service invocations with diverse metrics, can be used to
augment TGLFA. This enables TGLFA to be effective in vari-
ous learning tasks in graph data [18], [69], [70], [82], [83], and
directly identify key factors in QoS, e.g., trusted services pro-
viders [80], [81].
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