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Abstract. Quality of service (QoS) is the main factor in service selec-
tion and recommendation, and it is influenced by dynamic factors, such
as network condition and user location, and static factors represented by
the invocation sequence at a fixed time slice. In order to jointly consider
these two factors, this work proposes a multi-dimensional sequential con-
trastive learning framework named MDSCL, which applies contrastive
learning method to learn the sequence representations of both user and
time dimensionalities. An overlap crop augmentation strategy is pro-
posed to obtain positive examples for user sequences and time sequences,
respectively. Besides, MDSCL includes an integrated feature extractor
that combines WaveNet and BiLSTM to facilitate the long short-term
feature capturing. Extensive experiments on WSDREAM have been con-
ducted to verify the effectiveness of our approach.

Keywords: QoS prediction - Multi-dimensional contrastive learning -
Multi-task training

1 Introduction

The continuous advancement of Service-Oriented Architecture (SOA) motivates
the rapid growth of the number of Web services or Web APIs, which drives the pro-
duction of software applications with more complex functions and accelerates the
development of interoperable interaction through the Internet. The proliferation
of Web services makes it difficult for consumers to effectively discover the high-
quality services that meet their requirements. Therefore, how to provide the sat-
isfactory service recommendation for consumers is becoming an imperative task.

For those Web services with similar functionalities, the traditional seman-
tic matching based service selection methods are no longer operative. In this
case, Quality of Service (QoS), which describes the non-functional character-
istics of Web service, such as response time, reliability, throughput, becomes
the main factor in service selection and recommendation. QoS prediction is the
essential preparation for service recommendation which aims at providing the
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appropriate services for consumers to satisfy both functional and non-functional
requirements.

There exist many approaches of predicting unknown service QoS values by
modeling the historical invocation information. Generally, these approaches can
be categorized into three groups, which are memory-based, model-based, and
context-aware methods. The memory-based methods [1,2] usually compute the
similarity between users or Web services and predict the missing QoS values
depending on the historical values of similar users or services. The model-based
approaches [3,4] learn the potential characteristics of consumers and Web ser-
vices with the machine learning algorithm for prediction. The context-based
approaches [5,6] incorporate the contextual information, e.g., geographical infor-
mation, time, trustworthiness to facilitate QoS prediction, among which the
temporal-aware methods have attracted great attention. Considering that a con-
sumer might receive different QoS experiences when invoking the same service at
different points of time, a deep learning based approach called DeepTSQP is pro-
posed to learn the temporal feature representations by modeling the user-service
invocation changes across different temporal slices [7]. Besides, a dynamic graph
neural collaborative learning approach is utilized to model user-service historical
temporal interactions and extract latent features of users and services at each
time slice [8].

Although the aforementioned approaches improve the performance of service
QoS prediction, most of them focus on the modeling of user invocation sequence
while neglect the importance of sequential information in time dimensionality.
Generally, many previous work models the user invocation sequence to predict
the QoS values on all the services in the next time slice considering that the
invocation conditions (e.g., network condition, user location) might be differ-
ent across different time slices. However, besides the dynamic factor, the static
factor represented by the invocation sequence at a fixed time slice should also
be considered. The underlying intuition is that service state is consistent and
user-service interactive features would be more prominent.

To compensate for this shortcoming, this work proposes a Multi-Dimensional
Sequential Contrastive Learning framework named MDSCL for QoS predic-
tion. Specifically, MDSCL performs contrastive learning on service invocation
sequences from both user and time dimensionalities to learn the discriminative
representations of user behaviours and temporal conditions. An overlap crop
strategy is proposed for the sequence augmentation which generates two posi-
tive examples for the user sequence and temporal sequence, respectively. Fur-
thermore, in order to obtain the representative sequential features, we integrate
the WaveNet [9] and BiLSTM [10] to capture both long and short information
for contrastive learning.

The main contributions of this work can be summarized as follows:

— We propose a multi-dimentional sequential contrastive learning framework
named MDSCL for QoS prediction which considers invocation sequences of
both user and time dimensionalities.
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— We equip MDSCL with a overlap crop augmentation strategy for positive
sequence generation and an integrated feature extractor for long short-term
feature capturing.

— We conduct comprehensive experiments on a real-world dataset and compare
the proposed MDSCL with the well-known existing methods. Experimental
results demonstrate the effectiveness of our MDSCL.

2 Related Work

Among various research topics related to dynamic service QoS prediction, the
prediction and estimation of actual QoS values of dynamic QoS attributes have
been widely studied, and the methods are mainly classified into factor analysis-
based methods, time-series-based methods, and hybrid-based methods that com-
bine the above two methods.

Factor analysis is a variable simplification technique that starts from analyz-
ing the correlation of multiple original variables, mainly by studying the corre-
lation matrix of multiple variables and identifying a limited number of poten-
tial variables that govern the correlation to achieve the purpose of explaining
complex problems with a few variables. In the field of QoS prediction, ten-
sor decomposition methods can be used [11], which can extract user-specific,
service-specific, and time-specific potential features from a three-dimensional
matrix based on user-service-time, and then perform QoS prediction based on
the potential features. On the basis of the basic matrix decomposition and tensor
decomposition, it can be improved. For example, the biased non-negative latent
factor decomposition model models the linear bias (LB) of users, services, and
time points and uses LB vectors of the same dimensionality to form a first-order
tensor of LB [12]. It applies additive GD and LB for each latent factor and con-
trols the learning rate to offset the negative terms with the initial state of the
corresponding parameters.

The essence of the factor analysis algorithm is to find potential factors in the
data and apply the potential factors to explain the phenomena shown by the
original variables. However, in practice, potential factors are difficult to extract
accurately, and the potential characteristics of users are dynamically changing,
as shown by the fact that the QoS values of users in a specific time interval
will be influenced not only by the QoS values of similar users, but also by the
QoS values in previous time intervals. Therefore, QoS prediction of dynamic
services can be performed by time series. The method is divided into a statis-
tical based method and a neural network based method. Statistical based time
series methods include by ARIMA model [13-15]. The neural network based time
series method mainly includes the prediction by using recurrent neural network
RNN [3,16].

The hybrid approach is to choose two or more of the most suitable methods
among the single methods of factor analysis and time series mentioned above.
However, it is not the case that the more methods there are, the better the final
prediction performance. Rather, its key factors should be considered, for exam-
ple, if the prediction accuracy is considered, i.e., the method with the lowest
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prediction error. A typical approach is to combine matrix decomposition with
other methods. For example, it can be combined with network embedding, where
a reputation-aware network embedding is used to learn the hidden representation
of the user [17]. Then a user-based matrix decomposition method is used to pre-
dict the unknown QoS values. Also, it can be combined with convolutional neural
networks [18] to extract QoS features through a joint deep network of potential
factor embedding methods, matrix decomposition, and convolutional neural net-
works [19]. In addition, it can also be combined with graph networks [20] to first
deep mine potential relationships based on the QoS matrix [21], and then com-
bine multi-source information from user-aware context and service-aware context
with graph networks to adaptively combine the QoS values by cutting irrelevant
edges into several subgraphs and establishing a Gaussian mixture model (GMM)
of QoS values as a fusion method based on the local information of the subgraphs
and the global information of the integral graph. Local and global information
to complete the final QoS prediction. Meanwhile, it can also be combined with
deep neural network DNN [22,23], with LSTM [24-26], etc. Although all of the
above methods take the time factor into account in QoS prediction, they tend
to extract dynamic features on user sequences at different time slices and thus
utilize it for QoS prediction to improve the final prediction accuracy. However,
these methods do not consider the sequence information on fixed time slices,
which is also important and reflects the user interaction information in the same
external state.

3 Proposed Model

In this section, we start with stating the problem formulation of prediction task,
and then describe the overall framework of MDSCL and the details of different
components.

3.1 Problem Formulation

Suppose the QoS prediction scenario includes N users U = {uj,ug, -+ ,un}
and M services § = {s1,89,--,sm}. If user u; € U invokes ser-
vice s; € & at time slice ¢, the QoS value would be recorded. These
QoS values generated by the N wusers invoking M services at multiple
time slices forms a three-dimensional QoS matrix Q@ €RN*MXT = where T
denotes the number of time slices. Fix the user dimensionality and con-
catenate the invocation sequences in different time slices to form a one-
dimensional user invocation sequence Seq" = [Seql, Seqy, - ,Seq}], where
Seqi = [(u; 81,8, Qusy t)s (W S25 8, Quosart)y > (U SMs t, Quosyyt)] 1S the invoca-
tion sequence of user u at time slice t. gy s: is an element of matrix @
which denotes the QoS value of user u on service s at time slice t. The
values of services that users do not invoke at each time slice are filled in
using the padding technique. In an analogical manner, the sequence of time
dimensionality can be constructed as Seq! = [Seq!,Seg,---,Seqt], where
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SEQZL = [(uly Sm, ta QUl,sm,t)7 (u27 Sms t) un,sm,t)a Ty (UN7 Sms t) QuN,sm,t)] is the
invocation sequence of service s, at time slice ¢. In this work, given the histori-
cal invocation sequence of both user and time dimensionalities, Seq“ and Seq?,
the goal is to precisely predict QoS values for the invocation on the ¢ + 1 time
slice.

3.2 MDSCLFramework

This paper proposes a multi-dimensional sequential contrastive learning frame-
work MDSCL, aiming at better extracting the user dynamic and time static
features from service invocation data for accurate QoS prediction. Figurel
shows the overview of the proposed framework. MDSCL consists of three phases:
sequential data filtering, multi-dimensional sequential contrastive learning, and
joint training. Firstly, the sequences of two different dimensionalites are trans-
formed from the historical invocation data and inputted into the Kalman filter
layer to get the smoothed QoS sequences. In the second step, the sequences
are inputted into a multi-dimensional sequential augmentation module includ-
ing the overlap crop to generate two positive sequence representations and an
integrated feature extractor to obtain the representative sequential embeddings.
Finally, we combine the contrastive learning losses of different dimensionalities
and one prediction loss for model training.

3.3 Sequential Data Filtering

As shown in Fig. 1, the sequences of two different dimensionalities are generated
from the historical invocation data. Specifically, the invocation sequence of user
and time dimensionalities are respectively denoted by Seq“ and Seq' as men-
tioned in Sect. 3.1. Since some interfering factors are present in the QoS sequence,
the Kalman algorithm, as a state-space model-based filtering algorithm, could
be chosen to filter the noise in the QoS data.

The original sequences Seq“ and Seq' could be transformed into K Seq* =
KalmanSmoother(Seq") and KSeq' = KalmanSmoother(Seq') through the
Kalman smoother. The Kalman smoothing algorithm includes forward filtering
algorithm and reverse filtering algorithm [27]. Specifically, the Kalman filter has
the following state and measurement definitions:

Xpr1 = FrgppXe + Wi,y = Hpxg + Vi, (1)

where x;, and yy, are the state and measurement at moment k, Fy1 and Hj
are the transition and measurement matrix, W and V are the process and
measurement matrix which are assumed to be white, zero mean Gaussian, and
the covariance matrix of V is Rg. In the forward filtering algorithm, the one-
step prediction of the state, and the state estimationare respectively as follows:

X1 = PXp—1, X = Xp -1 + Ke(yr — HpXp/p—1), (2)



Multi-dimensional Sequential Contrastive Learning for QoS Prediction 519
4 R 2 N
_____ user X
E 0.57| 12 |1.12[0.45) : 1.23|1.01|1.40| ? |-------~ > =
: ? 1?7 ? (0.1 IQ.S! 50| 7 ]0.46| i
i”‘“” 1 N Sequential
i 240t 2 |2 ; 2 |2 |2 |2 Data
T . i Filtering
Se! v S !
) @--- ¢ eqY
q yvY Vv v vy q YV v v vy
[ Kalman Smoother ]
\ J
KSeq KSeq" KSeq!
- - T TN T T TTTTTTTTN T T T T Y
| |
| [ Overlap Crop } [ Overlap Crop J | Sequence
[ I N A A ! 111l :Augmentation
ST? | SeQug] _ Seugr | _ _Seduurl _ _ Sedagl
————————————————————————————— —~
|( (Embedding) (Embedding] (Embedding] ~ (Embedding] (Embedding] | ED:'
|
I J [ Dropout M Dropout J [ Dropout ][ Dropout ]| Integrated
| €seq Caugt” ¥ €aug2’ v Caugt' ¥ Caugg' ¥ I Feature
i arro Ho G T | e
| v
| T |
| |
| |
| |
| | Sequential
: |Contrastive
| | Learning
g N————— { ______________________________ J/
4 —_—— ] ————— F—= ™
( Multi-Dimgnsional Contragstive Loss }
Zsqu:‘?:D ksumrl [T w2 T T Zaugt T Ill [ Zag? 0T | Joint
Prediction Loss : Use'r Contrastive Ichs Time Contrastive Loss : Training
\ UCL(") TCL(-) )
- 22020 ST mmem T J

Fig.1. The overall framework of MDSCL. The red and blue dots represent the
sequences of user and time dimensionalities derived from the original invocation records.
The gray dots represent the invocation sequence of user u on the first ¢ time slices being
used to predict the QoS values on the ¢ 4+ 1 time slice, which are actually the same as
the red dots.

where Xy /1 is the a priori estimate of Xy, Xj_1 is the a posteriori estimate
of xip_1, @ is the £ — 1 moment to & moment one-step transfer matrix. The
mean square error of the one-step prediction Py, and estimation Py, can be
calculated, and the Kalman gain K could be obtain. Continuously iterating
the above calculation process, the state vector estimation {Xz}(x=1,2,... +) can be
finally obtained. In the inverse filtering algorithm, the smoothing equation is:

3)

and the smoothed mean square error Py /; can be

Xyt = X+ Ap(Rpy1/e — Xpy1/k)s
where Ay = Pk¢TP;+11/k,
calculated. Suppose X;/; = X, the above process is integrated on the basis of for-
ward filtering, and the smoothed state vector estimate {Xj/; }(x=t—1,t—2,... 0).i-€.,
the output KSeq® is obtained recursively from the state vector estimate {X}, i)
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3.4 Multi-dimensional Sequential Contrastive Learning

In order to learn the discriminative sequence representations containing both
dynamic and static characteristics, this paper proposes a multi-dimensional con-
trastive learning which is the core component of MDSCL framework. The multi-
dimensional contrasitve learning includes separate contrastive learning in both
user and time dimensionalities. The sequence of user dimentionality is the invo-
cation sequence of a specific user on all services across multiple time slices, which
contains the user dynamic features. And the sequence of time dimensionality is
the invocation sequence of all users on multiple services at a specific time slice,
from which the service static features can be captured.

Specifically, the multi-dimensional contrastive learning module consists of
three parts: sequence augmentation, integrated feature extraction, and con-
trastive loss function.

3.4.1 Sequence Augmentation

In this part, the sequence augmentation module generates two invocation
sequences for the smoothed user sequence KSeq® and time sequence K Seq?,
respectively. The newly generated sequences are denoted by Seqg, 1, Seqgyg0
and Seq,,1, Seql, - Since the sequences of user and time dimensionalities are
processed with the same augmentation and feature extraction operations, we
represent them with K Seq uniformly in the next sections for simplicity. Specif-
ically, each smoothed sequence K Seq is fed into two successive layers, overlap
crop and embedding layer with dropout, to obtain two representations for the
augmented invocation sequences which contain the similar sequential characteris-
tics. These augmented representations are used as positive pairs for the following
multi-dimensional sequential contrastive learning.

The previous sequence augmentation methods [28,29] usually use the ordi-
nary crop method, where some sub-objects of the original object are randomly
selected as the augmented object. However, the ordinary crop method is only
applicable to the domain where the original object is simple, such as computer
vision. In the QoS prediction task, the QoS sequences have their unique time dis-
tributions, it is prone to destroy the time distribution of original sequence with
the traditional crop method adopted, resulting in a low correlation between the
time distributions of the two augmented sequences after cropping. Such aug-
mented sequences are less referable and less effective for the subsequent con-
trastive learning.

To alleviate this problem, this work designs an overlap crop method for the
QoS sequence augmentation, as shown in Fig. 2. Firstly, a segment of QoS sub-

sequence [gstart, " sqend) is arbitrarily selected as the overlap region in the
smoothed invocation sequence KSeq = [qo, - ,q:]. The length of the subse-
quence is decided by a preset parameter «, i.e., |[qstart, " s @end]| = - |[KSeq|.

Here we only use the symbols of QoS values to denote the invocation record
for simplicity. gstart and genq can be the same as ¢; and ¢;. Next, one of the
augmented sequences Seqqug1 = [Gi, - s Qend] 18 generated, where i = 3 - start.
The other augmented sequence Seggug2 = [¢start, - - »¢;] can also be determined,
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Fig. 2. A description of the overlap method.

where j = end + 8- |t — end|. Fig. 2 shows an example of overlap crop. Once the
overlap region is decided, two augmented sequences are derived by expanding
the region in different directions with the parameter (.

With the proposed overlap crop method, part of the time distribution
[@start, - " - Qena) in the original sequence [qo, ...... ,qt] is preserved, making the
two augmented sequences contain common temporal characteristics and facili-
tating the subsequent multi-dimensional contrastive learning.

3.4.2 Integrated Feature Extractor

8.4.2.1 Embedding-Dropout Layer

The augmented sequences Seqqug1, SeGaug2 generated by the overlap crop are
fed into the subsequent embedding layer with dropout to capture the sequential
features of the augmented samples from two dimensionalities.

Equg1 = Dropout(F(Seqqug1)), (4)

Eug2 = Dropout(F(Seqqug2)), (5)

where F(-) denotes the embedding layer and Dropout(-) is the dropout opera-
tion. Egug1 = [€aqug1,15° " »€aug1,l] € R!¥4 is the embeddings of the augmented
sequence Seqquqg1, where [ denotes the length of the sequence and d is the embed-
ding size. Here the dropout is introduced to add some noise by randomly setting
input units to 0 with a frequency of rate to the augmented representations, which
is able to improve the robustness of the model.

8.4.2.2 Long Short-Term Feature Extractor

Considering that the sequences augmented by the proposed overlap crop are
usually not too short, it requires a feature extractor that has the ability of captur-
ing both long-term and short-term sequential information. WaveNet [9] is origi-
nally proposed for speech recognition and generation and achieves the impressive
performance on sequential feature learning. Compared with the basic convolu-
tional neural network (CNN), the casual and dilated convolutions of WaveNet
effectively expands the receptive field, which increases its ability to handle long
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sequences. Since WaveNet processes the sequence only in one direction and might
loses the sequential features of another direction, we propose to integrate it with
Bidirectional LSTM (BiLSTM) model [10]. LSTM is a type of recurrent neu-
ral network (RNN) which maintains memory of the input internally, making it
well suited for solving long continuous data like time series. The performance of
BiLSTM is better than LSTM in the series prediction problem [30] as it con-
siders more contextual information, and we utilize the BiLSTM model as long
short-term feature extractor in this work.

Since the representations of the augmented sequences, namely Equg1, Equg2
are going to pass through the same layers, in this section, we denote the rep-
resentation with Eg,g uniformly. The augmented sequence embedding E,,g is
firstly fed into a casual convolutional layer, which ensures to keep the ordering
of the input sequence. Subsequently, this filtered tensor is fed into a stacked
dilated convolutional layer. Each layer performs the same operation, which is
formulated as follows:

Vi = tanh(nyk *Uy) ® O—(Wch *Uuy), (6)

where Wy and W are the learnable dilated convolution filters, f and g
denote ‘filter’ and ‘gate’, k denotes the layer index, ui denotes the input of the
k-th layer, and the input for the first layer is the output of causal convolution
layer. * denotes the convolution operator, ® is the element-wise multiplication
operator, o(-) is the sigmoid activation function.

After the gated activation unit, vy is processed with a 1 x 1 convolution
layer and residual operation, and the output is the input of the next dilated
convolutional layer, while the sikp connection is used to obtain the output of
WaveNet: :

d d—1
Uyque = Ug + Z up = up + Z(W * Vg + uk) (7)
k=1 k=0

The sequential feature representations filtered by WaveNet are used as the
input to the BILSTM module for further extraction of long short-term features,
and the calculation process is as follows:

hy = LSTM (g, hy_1),hy = LSTM (g, hy_1),h; = W/h, + W’h, + b, (8)

where g; denotes the input of the BiLSTM network at time slice ¢, the input
of the first moment of the network is the output of WaveNet u,qe. hy denotes
the forward output of BILSTM at time slice ¢ and h; is the reverse output of
BIiLSTM at time slice t. W{c and WY are the weight matrices, and b, is the
bias. We choose the last hidden vector h; as the final output of the BiLSTM
and perform a full connection layer F'C(-) of this output as the representation
of one augmented sequence Zgqq:

Zag = FC(hy) (9)
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3.4.3 Multi-dimensional Contrastive Loss
The multi-dimensional contrastive loss function is designed to minimize the dif-
ference between the augmented sequence pair and maximize the distance between
the negative sequence pair. Here we use the inner product of sequence represen-
tations to measure the difference between sample pairs.

Given a training batch with size BN = BN“+ BN*!, where BN" is the num-
ber of sequences of user dimensionality and BN? is the number of sequences of
time dimensionality, we can get 2BN"™ positive sequences of user dimensionality
and 2BN! those of time dimensionality. For each augmented sequence pair of
user dimensionality (Segqug1, Seqaugg), the rest 2(BN" — 1) is used as the nega-
tive samples. The contrastive loss function of user dimensionality can be defined
as:

eXp((Zgugl . Zgug2>/7)
eXp((Zgugl ' Zgug2)/7-) + Zexp((zgugl ! Zu_)/T)

where 7 is a temperature hyper-parameter [31]. In the same manner, the con-
trastive loss function of time dimensionality can be defined as follows:

Ly = —log ; (10)

eXp((Zfzugl . Z(tzug2>/7)
Xp((zfzugl ’ Zfzug2)/7—) + Z eXp((ZiLugl ’ Zt_)/T) ‘

(11)

Ef:l = —log
e

3.5 Joint Training

The task of the proposed multi-dimensional contrastive learning aims at learning
the discriminative representations for service invocation sequences of both user
and time dimensionalites by closing the augmented positive sequence pairs and
separating the negative ones. The aforementioned two contrastive losses £} and
L, well serve this purpose.

For the QoS prediction task, as mentioned in the problem formulation, the
goal is to precisely predict the QoS values on the next time slice ¢t + 1. The origi-
nal sequence Seq" = [Seq}, Seqy,- -+, Seq}] is fittered by the Kalman smoother
and input into the integrated feature extractor to generate the sequential repre-
sentations in the same manner with that of the augmented sequences. The target
service siqrger to be predicted at time ¢ + 1 is fed into the embedding layer to
obtain the representation e;qrge;. With the learned representation of the original
sequence z; and €srget , the final QoS value can be predicted by z: - €¢qrget. T
effectively learn the QoS prediction task, we adopt the squared loss as objective
function:

Lpred == ! Z (?Jz - yi)27 (12)

|Dt+1‘ 1€D¢41

where D;41 denotes the set of observed QoS values of all users on all services at
the ¢ 4+ 1 time slice. y; is the true QoS value, and y; is the predicted QoS value.

To jointly learn the QoS prediction task and the additional multi-dimensional
contrastive learning task, we combine the predictive loss and the constrastive
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learning loss of two dimensionalites to obtain the final objective function as
follows:
»Ctotal = Epred + )‘(Egl + ‘CZl)a (13)

where A\ denotes the fixed coefficient for sequential contrastive loss function of
the user and time dimensionalies.

4 Experiments

4.1 Datasets

We conduct all experiments on a publicly available dataset WSDREAM!, which
was collected from real-world Web services and suitable for large scale exper-
iments. The dataset is a time-aware dataset consisting of 27,392,643 response
time records obtained from 142 users from different regions sending requests to
4500 real-world Web services over 64 consecutive time slices. Since each time
period is 16 h, according to a time interval of every 15 min, there are a total of
64 time slices per user. We select response time as a typical QoS values for our
study.

4.2 Expermimential Setup

4.2.1 Implementation Details

In reality, since a user may invoke only a small number of services, the cor-
responding QoS values contain a large number of missing values, leading the
user-service QoS matrix with high sparsity. In order to simulate the actual ser-
vice invocation scenario, we remove some QoS values randomly on the basis of
the original data to generate eight datasets of different sparsity levels, namely
1% —5%, 10%, 15%, and 20%. When dividing the dataset, 60% of the QoS values
are used as the training set, and the remaining 40% are used for model testing.
In addition, in order to eliminate the coincidence of experimental results, each
experiment is conducted 5 times for each data density and the average result is
used as the final result.

For all the baseline methods, we take the same modeling approach for sequen-
cial input, i.e., the sequencial modeling approach in our MDSCL for the user
dimension. In addition, we take the same window size and number of samples to
control the sequence length and optimize the computational cost. We adjust the
parameters of the baselines according to the guidelines of the original paper, so
that the model parameters are different for different baselines, but the parame-
ters are the same for each baseline at different sparse. For our MDSCL, we adjust
the parameter settings to achieve optimal predictions. We utilize the Adam opti-
mizer with a batch size of 256 and set the learning rate to 0.001. The temperature
for the multi-dimensional contrastive learning is set to 0.04 and the weights of
contrastive losses are set to 0.1. We use an early stopping technique to train the
model.

! https://github.com/wsdream/wsdream-dataset.
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4.2.2 Metrics
We use Mean Absolute Error (MAE) [2] and Root Mean Square Error
(RMSE) [2] as the metrics for the evaluation, which are defined as:

n R ; ) n - i )2
MAE — > iy |real; — predicted,| RMSE = > iy (real; — predicted;)
n n

(14)
where n is the number of predicted QoS values i.e. the response time, and real;
and predicted; are the true and predicted values.

4.2.3 Baselines
We compare the proposed MDSCL with the following sequential prediction mod-
els and QoS prediction methods:

— TASR [32] is based on a time-aware service prediction method that combines
an enhanced time-aware similarity-based collaborative filtering approach with
an ARIMA model.

— CTF [33] is a QoS prediction method based on matrix decomposition, which
reduces outliers and increases the robustness of outliers through Corsi loss,
while taking the time factor into account in the matrix decomposition.

— RNN [34] is a recurrent neural network for processing serial data.

— LSTM [35] is long short-term memory network that improves the problem
of gradient disappearance and gradient explosion in RNN and has long-term
dependence.

— Trsfm [36] is based on a self-attentive mechanism deep learning model.

— RNN + Trsfm incorporates the Transfomer mechanism into RNN temporal
prediction.

4.3 Performance Comparison

To verify the effectiveness of the proposed MDSCL in QoS prediction task, we
compare it with the baseline methods. We use the same training, testing datasets
and the same form of data input to run all these methods. Table 1 summarizes the
performance of MDSCL and the baseline methods at different sparsity in terms
of MAE and RMSE. The best results are shown in bold. Generally, our MDSCL
achieves the best prediction accuracy for all sparsity. It shows the adaptability of
the realistic QoS environment, which learns sequential features from both user
and time dimensionalities and optimizes the prediction model and contrasive
learning by the multi-task joint training.

Specifically, our MDSCL consistently outperforms the baselines at each spar-
sity, especially the extremely sparsity of 1%, with MAE of 0.626 and RMSE of
0.949. When the sparsity is between 1% and 5%, the performance of our method
tends to be stable in terms of both metrics, benefiting from the robustness of our
model for sparse data processing. When the sparsity exceeds 5%, our method
decreases slightly, it is probably because the sequences of both dimensionalities
would become complex and noisy when the training data gets denser, which
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might increases the probability of randomly overlap cropping invalid sequence.
Thus, the proposed MDSCL is more suitable for the situation where the training
QoS data is sparse.

It is observed that our method performs better than the most efficient sequen-
tial model LSTM which obtains the highest prediction accuracy in all baselines.
On the one hand, we improve the feature extraction by combining the WaveNet
and BiLSTM. Compared to LSTM, the proposed integrated feature extractor has
the stronger extraction capability in handling long sequences as they expand the
receptive field and leverage the more contextual information. More importantly,
we improve the feature optimization by replacing the traditional prediction task
with a joint task of prediction and contrastive learning, so that the final learned
features are more representative and thus achieve higher prediction accuracy. In
addition, the other time series-based methods, such as RNN; exhibit lower predic-
tion accuracy. A possible reason is that RNN is deficient for extracting long-term
dependencies, while QoS data are usually long-term correlated, making it the
worst performer with a MAE of 1.505 at 1% sparsity. It also leads to the effect
of the combination of RNN and transformer with the highers values of MAE on
4%, 10%, 15%, and 20%, reaching 1.159, 1.233, 1.195, and 1.208, respectively.
Traditional-based methods, such as CTF, which relies on matrix decomposition,
consistently exhibit lower prediction accuracy on RMSE, especially at a low
sparsity of 1% sparsity, with an RMSE of 2.951. However, in general, it can be
seen that the time series-based prediction methods consistently outperform the
traditional prediction methods.

4.4 Ablation Study

We conduct an ablation study for the proposed MDSCL to explore the perfor-
mance of each module. Table 2 shows the predicted results of the variants which
removes components for multi-dimensional sequential contrastive learning mod-
ule and joint training one by one.

The results show that the composition of each part leads to the best per-
formance. In particular, both MAE and RMSE are significantly higher after we
use the traditional augmentation method, which randomly applies two of crop,
mask, and random order to generate positive samples. It indicates that our pro-
posed overlap crop could be used to generate effective positive samples for the
multi-dimensional contrastive learning.

In the joint training module, it can be seen that both contrastive losses are
effective in reducing MAE and RMSE. Particularly, the contribution of con-
trastive loss of user dimensionality is more significant than that of time dimen-
sionality. We further validate that removing the contrastive loss function leads
to the worse performance. Overall, both contrasive loss of user dimensionality
and contrastive loss of time dimensionality are able to facilitate the learning of
sequence representations and further improve the prediction performance.
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Table 1. Performance comparison for different sparsity (Best results in bold numbers).

Sparsity TASR | CTF | RNN | Trsfm | RNN + Trsfm | LSTM | MDSCL
1% |MAE |1.107 |1.239|1.505|1.193 |1.183 1.125 |0.626
RMSE | 1.897 | 2.951 |2.435|2.233 |2.218 2.151 |0.949
2% |MAE |1.058 |1.218|1.314|0.881 |1.149 0.882 |0.647
RMSE | 1.695 |2.764  2.256 | 1.868 | 2.165 1.848 | 0.954
3% |MAE |1.071 |1.197/1.163|0.926 | 1.118 0.846 |0.646
RMSE | 1.661 |2.6532.263|1.927 |2.219 1.808 | 0.956
4% |MAE |1.077 |1.087|1.1180.935 | 1.159 0.842 | 0.645
RMSE | 1.655 |2.674|2.171|1.921 |2.224 1.784 |0.960
5% |MAE |1.173 |1.071/1.124|0.934 | 1.130 0.846 | 0.652
RMSE | 1.663 | 2.636 | 2.228 | 1.954 |2.217 1.810 |0.993
10% | MAE |1.059 |1.045|1.171|0.980 |1.233 0.833 |0.732
RMSE | 1.639 | 2.593 |2.253 | 1.997 |2.360 1.811 |1.111
15% | MAE |1.132 |1.019|1.160|0.963 |1.195 0.871 |0.767
RMSE | 1.605 |2.671|2.241|2.002 |2.301 1.854 |1.181
20% | MAE |1.015 |1.0211.166|0.933 | 1.208 0.842 |0.801
RMSE | 1.590 |2.5922.252|1.975 |2.308 1.800 |1.232

4.5 Parameter Sensitivity

We conduct sensitivity analysis on two hyperparameters, namely DropoutRate
and A. DropoutRate denotes the hyperparameters in the dropout layer in the
module of integrated feature extractor, which decides the percentage of neurons
to be randomly deleted. A is the coeflicient of multi-dimensional contrastive loss
in the joint training phase. To make the results more convincing, dataset with
d of 1% is used to simulate the data in sparse environment.

For DropoutRate, Fig. 3(a) shows the results in terms of MAE and RMSE
with different parameter values. It can be observed that different DropoutRate
has essentially no effect on the results for MAE, while RMSE reaches a minimum
at 0.4 and then tends to increase gradually, peaking at 0.7. It might be because
the dropout of the embeddings of the augmented sequences prevents the model
from overfitting and improves the robustness, and the MAE is basically steady.
However, when the DropoutRate is too large and too much information is lost
in the augmented sequences, it leads to a decrease in RMSE. Overall, we choose
Dropout Rate = 0.4 to get the best performance on both metrics.
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Table 2. Ablation study of MDSCL on WSDREAM with 1%.

Method MAE |RMSE
Multi-Dimensional Sequential Contrastive Learning | w/o Overlap Crop 0.661 |1.032
w/o Embedding Drop 0.656 | 1.030
Traditional Augmentation |0.684 |1.054
w/o WaveNet 0.640 |0.997
w/o BiLSTM 0.642 | 1.001
Joint Learning w/o User Contrastive Loss |0.646 |1.011
w/o Time Contrastive Loss | 0.643 |0.998
w/o Contrastive Loss 0.647 |1.005
MDSCL 0.626 | 0.949

For A, Fig.3(b) shows the performance with different A. It can be seen that
with the increase of A\, both MAE and RMSE show a slowly increasing trend.
This is because the prediction task still dominates in QoS prediction, and the
multi-dimensional contrastive learning task is only an auxiliary task to improve
the prediction accuracy by learning the more representative sequence feature
embeddings. If the weight of the multi-dimensional contrastive learning task is
too high, it would lead to overfitting of the model and thus reduce the prediction
performance. Therefore, we choose to set A = 0.1 to obtain the optimal prediction

results.
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Fig. 3. Parameter sensitivity of DropoutRate, A in MDSCL with d=1%.

5 Conclusion
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In this paper, we propose a multi-dimentional sequential contrastive learning
framework (MDSCL). Specially, a augmentation strategy of overlap crop is pro-
posed in order to generate positive sequence pairs, and an integrated feature
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extractor with an embedding layer with dropout, WaveNe module, and BiL-
STM module is designed to capture long short-term sequential features. Finally
a contrastive learning framework that considers both the user and time dimen-
sionalities is combined with the original prediction objective to facilitate the task
of QoS prediction. The experimental evaluation demonstrate the effectiveness of
our MDSCL. In the future, we will further work on the representation of QoS and
learn more fine-grained information to improve the accuracy of QoS prediction.
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