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Abstract — Cloud Computing has revolutionized computing
off late with several domains and applications resorting to the
cloud architecture. However effective task scheduling and
load balancing is critical for cloud based servers. This is
typically a very challenging task keeping in mind the fact that
cloud workload is a parameter that depends on several other
parameters. Moreover, due to the enormity of the data and its
complexity, the use of machine learning or artificial
intelligence based techniques is important for cloud workload
estimation. Forecasting future workloads with high accuracy
is especially challenging due to the randomness of the cloud
workloads and also the non-deterministic nature of the
governing or affecting parameters. Hence, due to the size and
complexity of the data involved, finding regular patterns is a
challenging task at hand. The present work proposes a back
propagation based deep neural network architecture for cloud
workload forecasting. The experiment uses the NASA cloud
data set. The performance evaluation parameters have been
chosen as mean absolute percentage error (MAPE) and
regression. It has been found that the proposed system attains
lesser mean absolute percentage error compared to previously
existing technique [1].
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l. INTRODUCTION

Cloud Computing has become one of the most sought after
technologies which plays a pivotal role in several domains
resorting to the high levels of data complexity, complex
computation or applications needing hybrid platforms [1]-[2].
One of the most important aspects of cloud systems
management is the fact that cloud servers sporadically face
sudden surges in the number of requests often termed as cloud
workload. This workload, if unforeseen can result in crash of
the cloud server if alternate provisions are not made to handle
the cloud workload [3]-[5]. This in term needs the estimate of
cloud workloads in advance considering several governing
factors. This is majorly critical especially for applications
such as e-commerce and finance which may see sudden
surges in requests. Thus there is a clear necessity of cloud
workload prediction using models which can estimate cloud
workloads with high accuracy. Statistical techniques are not
found to be as accurate as the contemporary artificial
intelligence and machine learning based approaches [6]. In
this paper, a back propagation based approach for estimating
cloud workload is proposed using deep learning architecture
[7]. Some of the salient work in the domain is cited in table
1.

Authors

Approach

Yazdanian et

A deep learning based Long Short Term
Memory Based approach for cloud

al. workload forecasting.

A machine Learning based trace-driven
experiments based on Google cluster
trace demonstrates that our clustering

Gao et al. based workload prediction methods
outperform other comparison methods
and improve the prediction accuracy to
around 90% both in CPU and memory.

The approach used for cloud workload

Jitendra prediction used in this paper is neural
Kumar et al. | networks in conjugation with differential
evolution approach

This approach focusses on the dispatch

Lan Va\lllang et of tasks and load on the cloud server as
' an optimization problem
The proposed approach presents a
Martin forecast of CPU utilization of Cloud
Duggan et al. servers using recurrent neural network
learning.
; . This approach uses a reinforcement
Ning Liu et 5
al. learning in neural r_1etworks for resource
management in cloud servers.
Liyun Zuo et _The ap_proach uses a multi queue l:_)ased
al. interlacing approach for classification of

cloud computing services.

Yazhou Hu et

The approach focusses on cloud
workload estimation and the
performance metrics is accuracy. The

al. approach tests the model for different
data sets.
The proposed approach predicts the
. number of data centers in cloud based
Ji Xue et al. . .
servers based on the analysis of previous
data.
The paper presents a comprehensive
Mehmet survey on machine learning based
Demirci approaches for cloud resource
management.
. The approach proposed an internet of
Sherif ; .
everything based approach using cloud
Abdelwahab . .
et al based services to connect devices over
' internet
The approach uses a collaborative
Chin-Feng computing based approach using cloud
Lai et al. based servers for Wireless Body Sensor
Network applications.
Proposed _ The proposed qpproach would
implement a moving average based
Approach

gradient descent algorithm which would
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try to track the recent variations in the
time series data along with the attaining
low number of iterations for
convergence.

Table 1: Existing Systems

The research gap identified in existing systems are:

Feed forward deep neural nets have been extensively
used generally DO NOT perform better than back
propagation based neural networks.

— Large data sets in industrial supply chain are extremely
non-linear and predictive models often encounter high
computational complexity in terms of processing time
and training iterations.

— Limited Work on data optimization and dimensional
reduction has been done.

— Tools to avoid overfitting have NOT been employed.

— Auto-regressive or moving average models have NOT
been explored.

— Optimal training in terms of achieving both quicker
convergence as well as minimization in loss function has
not been addressed.

Il. DEeP NEURAL NETS

Deep learning has evolved as one of the most effective
machine learning techniques which has the capability to
handle extremely large and complex datasets [11]. It is
training neural networks which-have multiple hidden layers
as compared to the single hidden layer neural network
architectures [12]-[13].

The architectural view of a deep neural network is
shown in figure 1. In this case, the outputs of each individual
hidden layer is fed as the input to the subsequent hidden layer.
The weight adaptation however can follow the training rule
decided for the neural architecture. There are various
configurations of hidden layers which can be the feed
forward, recurrent or back propagation etc.

* = M
A - m N oA Q

THDDEN LAYYERS

Fig. 1: the Deep Neural Network Architecture
The figure above depicts the deep neural network architecture
with multiple hidden layers. The output of the neural network
however follows the following ANN rule [14]:
Y=Yl X W + 6 @
Where,
X are the inputs
Y is the output
W are the weights
© is the bias.

Training of ANN is of major importance before it
can be used to predict the outcome of the data inputs [15].

I11. PROPOSED ALGORITHM

The proposed algorithm aims at addressing the research gaps
in the domain. Thus the following points are included in the
proposed approach which are combinedly non-existent in the
existing systems:

1) The proposed approach aims at implementing back
propagation along with optimized gradient descent or the
gradient descent with momentum.

2) The proposed approach also employs an optimized
gradient descent or gradient descent with momentum
(GDM) to overcome the challenges of conventional
gradient descent.

3) Data optimization in terms of principal component
analysis has been proposed to remove redundant data and
enhance training.

4) Back Propagation has been employed as the error
feedback mechanism.

Back propagation is one of the most effective ways
to implement the deep neural networks with the following
conditions:

1) Time series behavior of the data
2) Multi-variate data sets
3) Highly uncorrelated nature of input vectors

The essence of this approach is the updating of the
gradient vector g, in such a way that it reduces the errors with
respect to weights in the fastest manner. The gradient is
basically the rate of change of error with respect to weights.
Typically in every regression learning algorithm, the aim is
to reduce the errors as quickly as possible. This can be
accomplished by increasing the value of the gradient ‘g’ [16].
Mathematically, let the gradient be represented by g and the
descent search vector by p, then

Po = —9o )

Where,

go denotes the gradient given by g—;

The sub-script O represents the starting iteration

The negative sign indicates a reduction in the errors w.r.t.
weights

The tradeoff between the speed and accuracy is clearly given
by the following relations:

Wii1 = W — A0y, a=ﬁ ©))
Here,
Wy, IS the weight of the next iteration
wy, is the weight of the present iteration
g, 18 the gradient vector

Since the error or cost function can be both positive
as well as negative, hence squared error or mean squared
errors are considered for minimization. The gradient descent
(GD) tries to minimize the cost function mathematically as
[17]-[18]:

minimize < w,6 > %Z?:l[)/z -pi)? 4)

Here,
w represents the weight
6 represents the bias
y is the target or actual output
p is the predicted output
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n is the number of samples over prediction
There are some inherent limitations of the gradient descent
approach which are:

1) Oscillations of the gradients

2) Reduction in rate of convergence

3) Higher overshoots
Typically, the response time needs to be minimized by
assigning the mean square error of the learning algorithm.
The mean square error is defined as:

mse = -3, €] 5)

Here,
mse stands for the mean square error
n is the number of errors in the iterative learning process
e is the value of the error

The mean square error is computed as the metric to
evaluate the error performance since computing the mean of
the squared errors rules out the chance of cancellation of
negative and positive errors in the sum or simple mean
computation. Typically it is envisaged to reduce the mse in
the least number of iterations.

The cost function is chosen to be the response time
of the system [19]. Considering that the error of the system
decreases with the number of iterations of training, the
acceleration of the error gradient can be mathematically
defined as:

a=a;+a, (6)
Here,
dis the net acceleration towards the maximum gradient
a,is the acceleration of the gradient in the x-direction
a,is the acceleration of the gradient in the y-direction

Thus to reach the maximum gradient, the
oscillations need to be reduced. This can be done by reducing
ayand somehow increasing a,

Thus the decrease in vertical learning would end up
as increase the horizontal learning which is equivalent to
damping the vertical acceleration. The gradient descent with
momentum tries to essentially accomplish this [20]. Thus for
GDM, in each iteration ‘k’, dw and db are computed as:

vow = Bvow + (1 — f)ow (7
The weight is updated as:

Wiy1 = Wy — auow (8)
and the bias is updated as:

byy1 = by — avow 9)

Here,
k represents the iteration number
w represents the weight
wy, represents the weight of the present iteration
Wy, represents the weight of the next iteration
a is called the learning rate
B is called the friction parameter
(1 — B) is called the accelerating parameter

It can be seen that the term (1 — B)tends to increase
the values of vdband vd@. Thus it acts as an accelerating
agent or accelerating parameter for the velocity terms dwand
db. The same holds true for the bias d6too. B is called the
friction parameter since the value of Bis typically less than 1
and hence tends to reduce the velocity. Often aand PBare
called the hyper parameters of learning. The equation by, =
b, — avowrepresents the fact that that the gradient descent

b, is smoothened out. The vertical acceleration is minimized
with the aim to increase the vertical acceleration and in the
process, the oscillations in the vertical acceleration or
gradient are damped or smoothened out [19].

(1 —-pB)is the acceleration provided thereby
increasing the momentum. Thus, this approach is called the
gradient descent with momentum. The decrease in the
overshoot or the vertical acceleration is responsible to impart
momentum to the gradient by increasing the horizontal
acceleration. The concept of the acceleration of gradients is
depicted in figure 2. It can be observed that as the vertical
oscillations in gradient acceleration decrease, the horizontal
acceleration increases in the GDM approach. This suggest
that the time of convergence and number of iterations would
decrease in case of GDM as compared to the conventional
gradient descent (GD) [20].
Oscillation of

gradient in GD
approach

Ozcillation of
gradient in GDM
approach

Fig. 2: The gradient of acceleration for GDM approach.
The essence of the approach is based approach is the
fact that the errors of each iteration is fed as the input to the
next iteration [21].The error feedback mechanism generally
is well suited to time series problems in which the dependent
variable is primarily a function of time along with associated
variables. Mathematically,
Y=f(V;...}) (3)
Here,
Y is the dependent variable
f stands for a function of
t is the time metric
V are the associated variables
n is the number of variables
The activation function used for the algorithm is the
tan-sig function mathematically defined as:
tansig(x) = —— = 9
The Principal Component Analysis is an
optimization tool for the purpose of dimensional reduction of
the data set. Consider a data set X having N samples. Out of
the N sample, M samples may be highly correlated and hence
may render low or little additional information to the training
data.
M-N X) (10)
Here,
M are the correlated samples
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N are the total samples

X is the data set

If M samples are removed form the original data set, then

there will be dimensional reduction in the data given by:
Y=X-M (11)

Here,

Y is the dimensionally reduced data set for more effective

training.

IV. SYSTEM DESIGN

This input parameters used are:[1]
1) No. of servers
2) No. of users
3) Response time
4) Deviation delay value
5) Cloud Storage value
6) Mean Deviation value
7) Job Queueing value
8) Number of Operational Nodes
9) No. of Requests
The flowchart illustrates the summary of the system
design.
The data is divided in the ration of 70:30 for training
and testing data set bifurcation.
The final performance metrics computed for system
evaluation are:
1) Mean Absolute Percentage Error (MAPE)
MAPE = 22T, 22 (12)
Here E: and E; stand for the predicted and actual values
respectively.
E is the error
N is the number of samples
2) Accuracy:

Accuracy — 100 — error% (13)
3) Regression
The extent of similarity between two variables is given by the
regression where the maximum value is 1 and the minimum
is 0.

V. RESULTS

The proposed simulation model has been designed to forecast
cloud workload as a function of the training parameters. The
results have been evaluated based on the following
parameters:

1) Iterations

2) (MAPE)

3) Regression

Actud and Modeled Preciction

Forooming rooest Dad

Fig. 3: MAPE Analysis for Proposed Model
Figure 3 depicts the MAPE of the proposed system
which is 3.12%.
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Fig. 5: Regression Analysis
The proposed system trains the model with gradient
descent with the momentum parameter to attains fast
convergence. It can be seen that the proposed systems attains
convergence in 19 iterations with an MAPE of 2.2%. A
comparative analysis with existing work in the domain has
been cited in table 2.

. Proposed
S.No. Parameter Existing Work Work
1. ML Model LSTM GDM
Data
2 Optimization Nome PCA
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3. Tre_unlng 60s (best case) 2 seconds
time

4. MAPE 5.9% (best case) 2.2%

5. Accuracy 95.1% 97.8%

Apart from the above parameters, the additional
parameters which the proposed work attains are:
1) Iterations: 19
2) Regression: 0.85 (average)
3) Validation Checks: 6
It can be observed that the proposed system attains
better performance in terms of the performance metrics as
compared to existing work in the domain.

VI. CONCLUSION

It can be concluded from the previous discussions that cloud
workload estimation is critical for real time applications
which use the cloud architecture. However, the cloud
workload is sporadic and random in nature due to the large
number of governing uncorrelated variables. Hence
estimating cloud workloads with high accuracy is
challenging. In the proposed approach a back propagation
based deep learning model is proposed with a 1-10-1
configuration. The adaptive gradient descent algorithm
(GDA) is used to train the neural network. It has been shown
that the proposed work attains a mean absolute percentage
error of 3.65% compared to a mean absolute percentage error
of 10.26% of previous work [1].Moreover, the regression is
0.98 at the number of epochs being 17. Thus the proposed
system is able to achieve low errors, higher accuracy and
relatively low number of iterations.
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