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Abstract

In recent days, we face workload and time series issue in cloud computing. This leads to
wastage of network, computing and resources. To overcome this issue we have used integrated
deep learning approach in our proposed work. Accurate prediction of workload and resource
allocation with time series enhances the performance of the network. Initially the standard
deviation is reduced by applying logarithmic operation and then powerful filters are adopted to
remove the extreme points and noise interference. Further the time series is predicted by
integrated deep learning method. This method accurately predicts the workload and sequence
of resource along with time series. Then the obtained data is standardized by a Min-Max scalar
and the quality of the network is preserved by incorporating network model. Finally our
proposed method is compared with other currently used methods and the results are obtained.
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1. Introduction

Cloud computing has reached a massive growth and widely used in many companies
and organization. It integrates CDC network, software, storage service and servers to produce
network resource with pool of dynamic data storage and computing. The bandwidth is

customized as per the user’s requirement. Google, amazon, Facebook and Alibaba are few of
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the classic providers of cloud computing. Interactive application is one of the successful
applications of cloud computing [1, 2]. CDC is utilized by providers to maintain their quality
of service, profit and customer satisfaction. Moreover this is cost effective. Proactive resource
allocations are carried out to meet the resource availability and satisfy the norms of SLA. To
achieve this we have to predict the workload accurately in CDC which is very difficult to
accomplish. While execution the workload frequently changes and behaves dynamic and
fluctuating. So the providers use payment model according to user’s requirement and this
model is termed as tiered business payment model [3, 4]. Here the user specifies the number
of resources needed but some users are not aware of the model completely and couldn’t give
the actual count. This leads to wastage of time, resource, storage and service. This affects the
revenue of the user. On the other hand some user specifies inadequate resource count and
suffers with partially completed task. This leads CDC providers to loose users because of
inadequate QOS and customer satisfaction [5, 6]. So the provider has to predict the workload

and resource allocation along with the time series to meet the requirement.

Historical Data Pre- Integrated Outout
Time Series | processing Prediction P

Figure 1. Data Processing and BG-LSTM Structure

In traditional method they have concentrated on predicting workload and time series
alone but this is insufficient to meet the needs of user and to provide QOS. So in our proposed
work we have considered time series of both workload and resource allocation for better results.
We have adopted Long Short-term memory (LSTM) and gated recurrent unit (GRU) to provide
high quality results [7, 8]. The extended studies such as Bi-LSTM and Grid-LSTM provide

some external changes to the network and used to predict pronoun of cross-language and
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change in speech frequency of multi-channel. These methods are applied to frequently
changing medium to capture their bi-directional characteristics [9]. The traditional method fails
to satisfy the users need so in our proposed method we have integrated the applications of Bi-
LSTM and Grid-LSTM with deep learning technique to produce a novel approach called Deep
LSTM. The end result provides better resource allocation and workload prediction along with
time slot [10-12].

2. Related work

The massive growth of CDC has attracted many users to utilize the service provided by
CDC this increases responsibility of the providers to maintain good QOS. Many classical

methods are implemented to predict the time series. Few of them are mention below

1. Autoregressive Integrated Moving Average Model (ARIMA)

N

Hidden Markov Model (HMM)

.

Support Vector Regression (SVR)
4. Back-Propagation Neural Network (BPNN)

In ARIMA the long term load prediction in developed cities are achieved by utilizing
load variation. It is also used to predict highly fluctuating workload in public cloud. Since it is
linear model it fails to predict the non-linear characteristics of workload [13, 14]. So they have
moved to SVR which can predict the non-linear characteristics of time series data with multi-
variant. Further HMM is used in virtual machine to predict the time dependency and tendency
of the pattern of workload [15]. A combinational method of neural network and linear
regression model produces error correction. Where the neural network is used as a sliding
window and the linear regression model is used to measure the desirable resources but this
method has many drawbacks and it is unsuccessful [16, 17]. Back propagation learning model

incorporates Google cluster traces to evaluate the workload by using latency sensitivity.
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Kalman filter and SVR acts as statistical learning module where the result appears with high
accuracy than traditional methods [18-20]. When the time series increases it increase the
prediction time and makes the system inefficient. A stochastic configuration network model is
designed to predict the time series with the help of wavelet decomposition but this is only

applicable for small dataset.

After the foot prints of artificial intelligence deep learning techniques have reached its
peak and used widely. In recent years, prediction of time series based on deep learning method
(Short-term) outperforms the traditional method (shallow learning method). The non-linear
characteristics such as feature manifestation and hierarchical dissemination of the data are
accurately evaluated by deep neural network [21, 22]. Deep belief network (DBN), stacked
auto-encoder and long short term memory (LSTM) are some of the modern evolutions of deep
learning techniques [20]. Out of this LSTM is capable of predicting workload in CDC. When
LSTM performs independently it fails to meet the requirements of customers [23, 24]. So the
researchers carried various experiment on LSTM to change its external structural
characteristics. As result of these experiments we have obtained three successful methods
namely Bi-LSTM, Conventional LSTM and Grid-LSTM. They differ by their connection lines
which are used for the prediction process. The Bi-LSTM can be used to obtain the features of
bio-informatics field. The digital sequence can be accurately sketched by using 2D Grid-
LSTM. Which is used in real-time and its performance can be enhanced by applying recurrent
connection along its dimensions. Integrating Bi-LSTM and Grid-LSTM we can accurately
predict workload and resource time series of cloud data centres (CDC) [24, 25]. The above
mentioned traditional methods have their own flaws and they are rectified by our proposed

method.

3. Proposed Work

The framework of the proposed model comprises of two sub-divisions namely

a. LSTM
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b. Bi-LSTM

3.1 Long Short-Term Memory (LSTM)

The Long Short-term memory is used to predict time series in long term and it follows
the pattern of past entry to predict the workload time series. By adding a memory cell, the
LSTM improves the performance of classical RNN method. The input, status of the cell and
output are determined by the gate unit present in each cell. The arithmetic expression of

standard cell is given as
fe = 0o( thht—l + Weexe + bf)
iy = o(Winhe—1 + Wixx, + b;)
Ce = tanh (Wepheq + Werxe + be)
Ct = fe-Ce-1 T it G
0r = 0(Wonhe—q + Woxxe + by)
h: = o..tanh(c;) 1)

We have three gate units such as input, forget and output. From the above equation f
denotes forget, i denotes input and o denotes output respectively. The input and states of the
cell are denoted by x and ¢ respectively. The bias and weight are the corresponding parameters
of gate and cell state and they are represented as b and w. The recurrent information is
represented as h and the time instant is represented as t and the past instant is represented as t-
1. The activation of hyperbolic and sigmoid functions are represented as tanh() and o
respectively. The multiplication function of vectors is defined by the operators. LSTM is
capable of processing sequence irrespective of their length and the contextual information is

processed by shorted long term memory. The major drawbacks of RNN are solved by LSTM.
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It can be easily adapted to frequent variation in the system and the volatile time series is
accurately predicted.

3.2 BG-LSTM
The accuracy is predicted by following three methods

1. The noise from the original data is removed by using SG filter. In addition the

workload and resource are also considered as noise.

2. The scale of the original data is reduced by using Min-Max scalar and natural

logarithm. This is called as pre-processing of data.

3. Finally the pre-processed data is trained and tested along time series by
integrated Bi-LSTM and Grid-LSTM.

The pre-processed data act as input to the system. A sandwich model is designed where
the Grid-LSTM is kept in between two Bi-LSTM layers. To obtain the output the end Bi-LSTM
is connected to fully connected layer. Practically a single model cannot achieve accurate time
series prediction. We need a combinational model to accurately capture the entire feature of
time series. An improved bi-directional structure is constructed by Grid-LSTM to solve context
sensitivity and gradient issue. To increase the accuracy of time series prediction we have to
combine different models which can capture entire features of time series in different
directions. Bi-LSTM and Grid-LSTM are combined to achieve better results. Bi-LSTM
explicitly models the time series of current time slot and Grid-LSTM uses dimensional depth
to model the time series. For accurate and deeper analysis of the data we have used two layers
of Bi-LSTM.

The prediction model of BG-LSTM is explained in detail as

1. The historical data is obtained from the Google cluster and their timestamp

information are analysed to determine the workload and number of resources
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used. CPU and RAM are also considered to determine the time slot. Then this
is considered as historical data.

2. Pre-processing of data is followed by three methods:

a. Natural logarithmic scale to reduce the raw scale values of workload and

resource.

b. Using SG-filter the noise interference is removed.

c. Min-Max scalar is used to maintain the features of the data in same magnitude.
3. Finally the model is trained and tested by integrated Bi-LSTM and Grid-LSTM.

As discussed earlier the BG-LSTM model has a sandwich structure where the Grid-
LSTM is kept in between two Bi-LSTM layers. The input of BG-LSTM is taken from the pre-
processing data and the output is connected to a fully connected layer. Similar structures of
LSTM are replaced by IL ().

Of =IL(f¢", if, of, hi_y, 1)

OF =IL(f*, i, of, i, 0F)

Ot =IL(f5Y icdi, ofdd, he ™, 0F ™)

Ve+1 = VVh<—Og‘:11 + VVh—>Og‘:11+by (2)
y y

From the above equation f represents forget, i represents input and o represents output
respectively. The gate inputs are represented in terms of Forget, input and output. The input of
BG-LSTM is represented by | and OF represents the output of Bi-LSTM layer at L. 0%}
represents the output of Bi-LSTM layer at L+1. Ot represents the output of Grid-LSTM

layer. The bias and weight are the corresponding parameters of gate and cell state and they are

represented as b and w. The recurrent information is represented by h and the time instant is
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represented as t and the past instant is represented as t-1. The sequence from t=1to T is
represented by — and the sequence from t=T to 1 is represented by «— and the output of BG-

LSTM is represented by y; 4.

Table 1. Performance of Workload Comparison with Various Filters

Method RMSLE MSE R2
No filter 0.73 61631.37 0.92
Median filter 0.47 40782.85 0.94
Average filter 0.19 15988.28 0.98
SG filter 0.16 13934.55 0.99

Table 2. Performance of CPU Comparison with Various Filters

Method RMSLE MSE R2

No filter 0.79 416.29 0.82

Median filter 0.58 284.69 0.90

Average 0.22 162.35 0.97
filter

SG filter 0.17 128.89 0.99

Table 3. Performance of RAM Comparison with Various Filters

Method RMSLE MSE R2
No filter 0.81 531.26 0.89
Median filter 0.56 302.92 0.93
Average filter 0.22 189.72 0.96
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SG filter 0.15 131.39 0.99

4. Result and Discussion

Here we have discussed the performance of proposed method with real time data.

4.1 Pre-Processing of Data

The data are collected from Google cluster trace to evaluate the performance of
proposed method. We have considered 12000 computers with workload of 25462157 task and
672003 jobs. Time slot is assigned for this work accordingly. It is taken for 29 days. The
programs are in Linux. By analysing this timestamp information the workload and time series
of resource are obtained. The obtained result is not accurate because it contains noise and
extreme points. We have to remove it to obtain accurate data. The workload and resource are
non-linear, non-stationary and changes frequently so it is very difficult to predict accurately.
Natural logarithm is applied before smoothing. This reduces the magnitude of the workload
and resource. This makes the task easier. When natural logarithm is applied to the original data
it reduces the standard deviation. The processed data is connected to SG filter to remove noise
interference. This filter is comparatively best among various filtering techniques such as
RMSLE, MSE, median and average filter and R2.

The training and testing process is carried out by taking the Google dataset and the

process is divided into three groups.
a. Training (First 16 days)
b. Verification (Middle 4 days)

c. Testing (Last 9 days)
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Then we reorganize the pre-processed data to preserve the originality of the data. Then
the input is connected to the integrated model. It contains four groups and used for prediction.

a. Bi-LSTM layer-2
b. Grid-LSTM-1
c. Dense-LSTM-1

Systematic investigation is performed multiple times with different combinations of
BG-LSTM to select the best among them.

4.2 Prediction Result
To achieve better accuracy the BG-LSTM is tested on three variants namely
1. Original workload
2. CPU
3. RAM

The testing result of original workload, CPU and RAM gives higher accuracy with total
workload along time series. To obtain precise output numerous simulations are carried out on
random data of workload and resources. We have compared traditional methods (ARIMA and
SVM) with our deep learning methods (LSTM, Bi-LSTM, Grid-LSTM, SG-LSTM, SG-Bi-
LSTM and SG- Grid-LSTM) in terms of MSE, RMSLE and R2. These are the evaluation
metrics used to evaluate the performance of the traditional and proposed methods. Since SG
filter is used to remove the noise in our proposed work we have specified it along with each
method. It is observed that better accuracy is acquired after the intrusion of SG filter. From
RMSLE result it is observed that BG-LSTM provides higher accuracy value.
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Table 4. Performance of BG-LSTM (SG-LSTM)

Method RMSLE MSE R2

BG-LSTM (SG- | 0.16 (13934.55) | 0.99 (73116.81) | 0.23 (0.72)
LSTM)

From the comparative results it is observed that the BG-LSTM produces higher
accuracy than that of SG-LSTM. BG-LSTM can capture some important features of time series
such as time, frequency domain and bi-directional dependencies. BG-LSTM has higher
modelling ability and fitting ability than the SG-LSTM. So BG-LSTM outperforms SG-LSTM.
The comparative results of training loss prove that BG-LSTM has less training loss than other
methods (SG-LSTM, SG-Bi LSTM and SG-Grid LSTM).When the epoch increases the
training loss decreases. BG-LSTM is faster than other three methods. The combination method
of BG-LSTM has higher modelling capacity than individual Bi-LSTM and Grid-LSTM. As
discussed earlier the Bi-LSTM layer is capable of capturing explicit time series model along
currently used time slot, bi-directional information and encoding property. The Grid-LSTM is
capable of capturing time series using deeper dimensions. The output will give features of time
and frequency domain. Then they are concatenated to produce modelling ability from LSTM.

Thus the result proves that BG-LSTM is performing better than other methods.

5. Conclusion

A Cloud data centres (CDC) require highly accurate prediction model of workload and
used resources to provide effective platform with better quality of service. This is very
challenging task because of the continuously varying characteristic of workload and resource
with the time series. Our proposed model have used integrated Bi-LSTM and Grid-LSTM
layers for the prediction of workload and resource time series and SG-filter is incorporated to
make the task easier by removing the noise interference in the system. Then BG-LSTM is

implemented to analyse the characteristic of the workload and resource to improve the accuracy

244
ISSN: 2582-2640 (online)
Submitted: 20.07.2021
Revised: 30.08.2021 :
Accepted: 14.09.2021 o ‘I,
Published: 27.09.2021 —

suting
&F > By,

Ft o
<
SN



Journal of Soft Computing Paradigm (JSCP) (2021)
V0l.03/ No.03

Pages: 234-248

http://irojournals.com/jscp/

DOI: https://doi.org/10.36548/jscp.2021.3.008

of prediction in CDC. Finally it is applied to real time data set from Google cluster trace to
prove that BG-LSTM is outperforms the traditional method.

In future, the issues like high dimensional input data and sparse data in a network can
be rectified by applying our proposed method. By adding intelligent optimization to our
proposed work the performance of the system gets enhanced and it can be applied for precise
prediction in real-time application. Further the robustness of the system can be enhanced by
performing numerous testing and training of various data types. It is proved that our proposed
method is highly accurate, robust and effective one by outperforming the traditional methods.
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