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Abstract | Accurate workload forecasting is crucial for optimizing resource distribution
and minimizing cloud Service Level Agreement (SLA) breaches. Owing to
their sequential and linear nature, existing models, such as Long Short-Term
Memory, CNN, and their variants fail to learn complex temporal patterns and
relationships, resulting in inferior prediction accuracy and SLA violations. This
study presents a novel BiLSTM-based multi-modal attention model (BiLSTM-
MA) to address these challenges. The hybrid model integrates Bidirectional
Long Short-Term Memory networks with a multi-modal attention mechanism
to enhance the feature extraction from diverse cloud workload data. Compre-
hensive trials demonstrated that BiLSTM-MA markedly outperformed leading
models, including Deep Long Short-Term Memory, CNN-LSTM, MLSTM, and
LSTM, across several parameters such as SLA violations, energy consumption,
average CPU utilization, RMSE, and RMSPE. The results indicate that the
proposed model outperforms all baseline models across all workloads. The
proposed model exhibits the lowest average CPU use, incurs the fewest SLA
violations, and demonstrates minimal energy consumption, signifying its supe-
rior resource management capabilities while properly forecasting demand.The
mean CPU usage for BILSTM-MA within the workload was 64%, indicating a
reduction in RMSE error rates of 8.14%, 46%, 48%, and 55.39% compared to
baseline approaches.
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1. Introduction

Cloud computing has changed the fundamentals of business and individuals’ consump-
tion and management of computational resources. The challenge is to use resources
efficiently without the ability to maintain SLAs violation. Workload prediction models
can predict resource requirements promptly so that the efficient and elastic alloca-
tion of cloud resources becomes possible. Unlike cloud workloads exhibiting strong
signal non-linearity, traditional approaches/models, and machine learning methods,
workload prediction delivers limited performance owing to oversimplistic assumptions.
Consequently, there is an increasing demand to investigate learning methods that may
have the potential for better prediction performance through more efficient modeling
of complex temporal and spatial relationships [14]. These challenges can be solved by
workload prediction, which uses historical workload patterns to predict the demand
for resources more accurately. Predicting the workload behavior helps to provide
and allocate resources beforehand, ensuring that enough is available to meet the ex-
pected demand but not over-provisioned to keep unnecessary costs [5]. However the
approach must enhance its predictive accuracy in a significantly dispersed cloud en-
vironment. In such environments, a prediction model provides interval values for
future energy usage, CPU utilization, and SLA violations, encompassing both near-
and long-term scenarios. In a cloud environment, each job is assigned to a differ-
ent machine, and customers are responsible for supplying CPU, energy, and I/O re-
sources. This arrangement ensures project success but poses challenges for projecting
the data center CPU and energy consumption because customers may only some-
times know their exact resource requirements. The primary criterion for accuracy
in this context is the CPU and energy usage of the cloud service provider, as it di-
rectly affects work and cloud performance [15]. Proactive resource management relies
on a cloud environment to distribute resources dynamically based on demand fore-
casts. Accurate capacity planning of workloads is paramount for supporting cloud
providers to mitigate SLA violations, optimize resource utilization, and reduce en-
ergy consumption [19]. ‘Models such as Autoregressive Integrated Moving Average
(ARIMA), Exponential Smoothing, and other traditional time-series prediction mod-
els have limitations in predicting the non-linearity of cloud workloads. Models based
on deep learning, such as long short-term memory (LSTM), CNN-LSTM, Deep LSTM
(DLSTM), and Modified LSTM (mLSTM), have proven to be effective for workload
prediction because of their capability to capture long-term dependencies. Neverthe-
less, such models lack support for multi-modal data and perform less effectively under
rapid workload changes, resulting in inferior performance [11]. This paper presents
a novel multi-modal self-attention model based on BiLLSTM for cloud workload pre-
diction. BiLSTM-MA uses a multi-modal self-attention-based attention mechanism
that enables the model to concentrate on the most critical features obtained from
various types of information sources while utilizing the power of Bidirectional LSTM
(BiLSTM) networks to handle sequential dependencies in both forward and backward
directions. Given that our prediction problem involves handling heterogeneous data,
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including network statistics, CPU, and memory consumption, the multi-modal self-
attention component can assist the model in learning more efficient representations,
leading to improved prediction performance. The publicly accessible Google Cloud
Trace 2019 dataset, which monitors resource usage from a Google Cloud cluster, was
used to test the the proposed BiLSTM-MA model. This dataset is appropriate for
assessing workload prediction models because it includes comprehensive statistics on
CPU utilization, memory usage, disk read/write operations, and network bandwidth.
The tests evaluated the performance of BILSTM-MA against cutting-edge techniques
such as CNN-LSTM, mLSTM, LSTM, and DLSTM-MA in terms of important met-
rics such as average CPU usage, energy consumption, SLA violation rates, Root Mean
Square Error(RMSE) and Root Mean Square Percentage Error(RMSPE). The signif-
icant contributions of this research are highlighted as follows:

e Deep Learning based multi-modal attention model developed for cloud workload
prediction.

e BIiLSTM-MA outperforms state-of-the-art techniques like CNN-LSTM, mLSTM,
LSTM, and DLSTM-MA in various parameters, including energy usage, SLA
violations, and average CPU utilization.

e Experiments with various workloads demonstrated the capability of the model to
diminish SLA breaches, save energy costs, and optimize resource management.

e The BiLSTM-MA model effectively addresses workload management in dynamic
cloud infrastructures, improves service quality, reduces costs, and promotes sus-
tainability.

This paper is structured as follows: Section 2 examines the studies. Section 3 describes
the architecture and design. Section 4 presents observations and outcomes. Finally,
Section 5 outlines the conclusions and the subsequent steps.

2. Related work

Recent research has examined workload and forecasting prediction in cloud comput-
ing. This section outlines current research on this subject, covering both conventional
methods and the development of deep learning strategies. The literature has focused
on workload prediction in cloud systems, highlighting its function in maintaining
service standards, improving the effectiveness of resource distribution and exploring
various techniques, including state-of-the-art deep-learning technologies [8] [9] [1].
Al-Sayed et al. [1] proposed a deep learning approach that, despite its limitations,
has the potential to provide more reliable results for long-term forecasting. Con-
versely, the Sequence-to-Sequence neural machine translation approach, sometimes
called Seq2Seq, effectively understands long text. This study treats the estimation
of activity succession as a translation issue. Therefore, the proposed approach based
on Attention Seq2Seq is recommended for predicting workloads related to cloud re-
sources. This study used a dataset from a Google Network of 11,000 machines to
verify the proposed technique. A unique approach called cumulative validation was
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proposed to improve the suggested framework, making it more effective than cross-
validation.

Joeng et al. [7] forecast memory usage and CPU utilization using a Bi-LSTM
model with an attention mechanism. These predictions were based on whether the
patterns were similar. ReVPA, vertical pod autoscaling, or reallocation of container
resources adjusts resources based on predictions before consumption. Lastly, HPA to
avoid overflow works incredibly fast, taking pod infomation and predicting resource
usage into account and balancing the resources promptly. While looking into how
ProHPA works, it also turned out that the average CPU and RAM used by ProHPA
had increased to 23.39% and 42.52% respectively.

Xu et al. [23] proposed an efficient technique for workload projection called Deep
Neural Network (esDNN). The sliding window transforms multidimensional data into
a structured learning time series. The esDNN leads to data being at a suitable level
for deep learning algorithms to analyze. The initial tracks were sourced from cloud
data centers stored by Alibaba and Google, and extensive testing was conducted
based on these findings. These tests were designed to demonstrate the effectiveness
of esDNN. The experimental results show that the esDNN can be used for accurate
and fast workload predictions in cloud environments with a high degree of reliability.
The esDNN exhibited a mean square error reduction (up to 15% against the latest
baselines). This is different from the method that uses only GRU.

Yazdanian et al. [24] developed a hybrid model using a Generative Adversar-
ial Network (GAN) to predict a highly volatile and chaotic cloud workload. This
methodology employs a multistep-ahead approach, considering both the composite
and nonlinear dependencies between future samples of the workload time series. Con-
sequently, it generates considerable gains in workload prediction accuracy which may
be useful for informing resource management decisions. E2LG consists of two major
components: an LSTM stacked approach and the forecasting style of the IMF units.
However, high-frequency IMF units can be predicted using the GAN design.

Kumar et al. [10] introduced a hybrid strategy that combined LSTM and RNN
deep-learning methods. It has been used to address problems associated with the dy-
namic scalability of resources and power consumption in CDCs. The RNN contains
networks with connective loops that allow information to circulate and remain in the
form of memories. In the loop, each network receives data and inputs from the previ-
ous network, performs a task and generates an output. It also passes the data to the
following network within the cycle. Some applications may require only current infor-
mation, whereas others expect additional historical knowledge. For example, learning
is delayed for recurrent neural networks (RNN) because the previous information it
needs to access may be astronomically distant when it requires such data. Hence,
to eliminate this issue, the proposed method implements LSTM networks. This is
meant to avoid the long-term dependence problem observed in recurrent networks.
An LSTM network can store information for a long time.

Simaiya et al. [22] developed an advanced prediction model based on a neural
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network to achieve a better accuracy in scaling operations. The proposed method first
classified the VMs based on their historical use features and forecasted their future
use patterns for future time intervals. To achieve this, the program employed a multi-
layered perceptron classification technique. Sharma et al. [21] proposed performance
aware automatic scaling that can be used for the elastic architecture of a cloud based
on containerized cloud-based operations. This enables dynamic allocation of available
resources based on demand variability.

Lilhore et al. [12] developed a generalized scaling model of memory and CPU
estimates for VM resource utilization using CNN and K-means. This method precisely
predicts future workload requirements. Using a Bayesian method, the investigation
predicted resource consumption for a virtual machine, typically throughout a workday.
This recurrent LSTM neural network model is a predictive approach for estimating
future HTTP workloads. The proposed method is an artificial neural network (ANN),
that prevents the scaling challenge posed by elastic performance and autonomous
applications.

Sharma et al. [21] | used a multi-objective adaptive algorithm to effectively predict
the memory usage, CPU usage, and energy consumption within the following period.
Ghasemi et al. [6] created a Long Short-Term Memory (LSTM) technique to predict
the workload of cloud datacenters.

Pawar et al. [18] addressed the problem of load prediction in cloud datacenters.
An LSTM network was used to develop a computational load-forecasting model. Ac-
cording to the experimental results, the recommended strategy demonstrated more
accuracy in prediction than the other alternatives that were also evaluated. Fur-
thermore, several cloud service providers use user-defined resource criteria to provide
auto-scaling capabilities, restricting their capacity to construct models based on di-
verse workload characteristics.

This literature survey showed that deep learning and classical methods have been
widely applied to workload and forecasting predictions in cloud environments. Deep-
learning techniques, specifically DCNN and DLSTM, have shown promise. These deep
learning models demonstrate their ability to understand complex patterns, adapt to
workload fluctuations, and improve the prediction accuracy. These models require
additional testing to fully explore their potential and to develop hybrid approaches
that blend deep and classical learning [2, 3, 25]. The pertinent literature, machine
learning, and deep learning resource predictions are listed in Table 1.
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Table 1
An overview study of workload prediction on deep learning
Study Ref. Techniques Performance Objective Research gap
evaluation
Devi et al. [3] | ANN and Memory usage, Examine the There is a
ARIMA CPU utilization, | prediction load research gap in
Techniques RMSE, and and the assessing several
MAPE implementation of | necessary
nonlinear and measures,
linear prediction including
techniques inside | determining SLA
cloud computing violations
settings
Liu et al. [13] | ARIMA and | CPU Usage, Resource Memory
LSTM Optimal forecast |conservation and | utilization in
algorithm workload hybrid models
prediction with nonlinear
components is
subject to
limitations
Ding et al. [4] | RACC-MDT | CPU and Enhanced memory | Overhead,
Technique memory usage utilization and migration delays,
energy usage and SLA
violations are
disregarded
Sagheer et Deep LSTM Prediction This technique Time series data
al. [20] accuracy and guarantees that is reliant on
MAPE enhanced learning |several variables
results by is not evaluated
integrating
complex
conditional
distributions for
time series data
Pattanayak et | Fuzzy and Accuracy This work presents | The accuracy of
al. [17] SVM prediction for a data-driven the forecasting
algorithm Friedman test, technique for model might be

rank test, and
Nemeny test

predicting time
series by fuzzy
membership values

enhanced further
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Table 1 (cont.)

Study Ref. Techniques Performa?nce Objective Research gap
evaluation
Ouhame et CNN-LSTM Usage of Enhancing There have been
al. [16] memory, CPU, resource efficiency | discrepancies in
and network while concurrently |load forecast,
performance reducing the need |which
for relocations necessitated
changing settings

3. Materials and methods

3.1. Data

A dataset from Google’s 2019 data trial for one of its cloud clusters was used to
evaluate the BILSTM-MA model. This dataset includes performance parameters,
including CPU and memory consumption, disk operation network bandwidth, and job
arrival and completion times for the clusters’ working units over 24 h. The BiLSTM-
MA model’s evaluation dataset was taken from the 2019 data trial of a Google Cloud
cluster. It offers information on resource usage, such as CPU, RAM, disk I/0, and
network packet usage. It provides high-fidelity cloud resource usage, making it ideal
for testing workload-prediction methods in dynamic and realistic cloud environments.

3.2. Data pre-processing

Data preparation is necessary so that the data gathered from Google’s data tracking
system can be appropriately implemented in the BILSTM-MA model. This procedure
entails data cleansing by identifying duplicates or entries and filling in any gaps or
null values to guarantee a correct dataset. The next step is normalization, which
often scales the metric values (such as CPU, memory, and I/0O) whithin a given range
[0—1].

This guarantees the rapid convergence of the learning models. These data were
then divided using a sliding window technique based on predetermined time frames
to capture the correlations. Every window consists of observations made during a
given period with a particular overlap. Feature engineering improves the model’s
performance by producing metrics (such as averages and maximum values), developing
new metrics (such as CPU/memory ratio), and adding time-related features. These
preprocessing steps transform the data into a consistent format in which the DCNN
DLSTM model can used for efficient training and forecasting.

3.3. Proposed BiLSTM-MA model design and architecture

The approach uses the BiILSTM-MA model to learn discriminative features and cap-
ture intricate temporal correlations from diverse workload data of cloud environments.
To maximize workload prediction while minimizing SLA set violations, this innovative
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architecture combines the advantages of both BiLSTM networks and a multi-modal
attention mechanism. Fig. 1 depicts the operation of the proposed BiLSTM-MA
model design architecture. The input data to the model are multimodal and include
the most interesting workload metrics, such as CPU usage, memory usage, network
traffic, and disk I/O stats. These heterogeneous data sources must be preprocessed
and maintained on a homogenous scale. The model’s heart is a bidirectional network
with two LSTM layers: forward and backward. The BiLSTM layer captures forward
and backward dependencies, allowing for a greater context of temporal characteristics
in the workload data. This will also significantly improve the model’s recognition of
complex trends and trend reversal.

Let Et) be the hidden state of the forward LSTM cell at each time step ¢, and E
be the hidden state of the backward LSTM cell. The overall output at time step ¢ is
equal to the concatenation of the previous and current hidden states, as expressed in

Equation (1).
%
hy = |:ht ; ;1_15} 1

(1)

Je=0W;s-[hi—1, 3] + by) (2)
it = o(W; - [hier, 2} + by) (3)
Cy = tanh(W, - [hy—1, 2] + b.) (4)
Cy=frxCy_y+iy % Cy (5)

or = o(Wo - [hi—1,m¢] + bo) (6)
hy = 0f * tanh(Cy) (7)

In the above Equations (2)—(7), f; is the forget gate, which determines which
information from the previous cell state C;_; is discarded. i; represents the input
gate that determines the new information added to the cell state. C; represents
the candidate state to add potential new information in the cell, and the updated
cell state is denoted by Cp, which combines the decision of the forget gate and the
candidate cell state. Controlling the information using the output gate is represented
as Oy, which passes the information to the following and final hidden states. h; at
time step ¢ is passed on to the next layer. The weight matrices for the respective
gates are denoted as Wy, W;, W¢, and W,. The respective biases were by, b;, bc,
and b,.

3.3.1. Multi-modal attention model

After extracting the output of the BILSTM model, a multimodal self-attention mech-
anism was used to enhance prediction accuracy. It comprises three distinct pooling
mechanisms: Max Pooling, Average Pooling, and Sum Pooling, succeeded by soft-
max. Incorporating these pooling procedures aims to obtain different insights from
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the BiLSTM outputs, thereby facilitating the input necessary for making more com-
prehensive decisions. Upon completion of the output layer’s processing via BiLLSTM,
extracting the most salient features is essential, accomplished by a technique known
as Max Pooling, which involves selecting the maximum value from each feature map.
This highlights the most influential aspects that are critical for forecasts. Conversely,
Average Pooling computes the mean of feature values, yielding a more comprehensive
representation that encapsulates the predominant trend in the data. We averaged
them by matching them in the same sequence, reducing the noise impact and pro-
viding an equitable representation of the characteristics. Conversely, Sum Pooling
retains the aggregate contribution of all attributes at a given time step by summing
their values. This is particularly advantageous when the ultimate forecast relies on
the aggregate impact of characteristics. The MA model employs three pooling proce-
dures, enabling it to collect the entire contribution of the features, identify the most
significant factors, and discern the general trend of the combined information.

This helps a model to focus on critical interactions that occur over time. These
scores are called the attention weights.

w, = PlAscore) (®)
Zt’ eXp(aStCOI’e)

In Equation (8), w; represents the attention weight for time step ¢, and ascore is
the alignment score for time step t, which is evaluated by the forward pass of input
as h;. We used max and average pooling over the attention scores to fine-grain the
attention mechanism. Following pooling, these results are concatenated together by
the softmax activation function, ensuring that it provides a probability of attention
to an input weight with a total score of one;

Wmax = m?x Wy (9)
1 T
Wavg = 77 ; Wy (10)

T
Weum = Z wy (11)
t=1

w, = softmax([ Wmax, Wavg; Wsum ) (12)

In the above Equations (9)—(11), the maximum attention score is denoted by wy,azp
the average attention score is denoted by w,vgp and the total number of time steps
in the sequence is denoted by T from max pooling and average pooling. w, represents
the pooled value combinations using the SoftMax function.

At each time step, the attention score of high-level features was computed as
a pooled representation of all potentials, allowing the market stock price data to
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Figure 1. Working process of the proposed method design architecture

emphasize either global or local features. Finally, the output of the multi-mode self-
attention mechanism is produced as a weighted sum of the hidden states from the
BiLSTM layer, incorporating both time and context attention.
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ilc = Z Wo ht/ (13)
t/

Here, h: denotes the weighted sum of the attention output and the BiLSTM
layer output, incorporating the final outcome of the proposed model. The output
layer predicts the workload for the next time step(s). It estimates essential metrics
such as CPU and memory utilization, which support proactive resource allocation
decisions while minimizing the risk of SLA violations.

4. Experimental setup and results discussion

The experimental configuration was based on the Google Cloud Trace 2019
dataset [19], which contains resource utilization records from a real-world cloud clus-
ter. The comparison was carried out at both practical and synthetic levels using
various data models, including the proposed BiLSTM-MA. The dataset includes dy-
namic workload metrics such as CPU utilization, memory usage, disk I/O, and net-
work traffic, making it suitable for evaluating models designed for cloud workload
prediction.

Before training, the dataset was preprocessed by filling missing values using linear
interpolation and applying min-max normalization to scale all features between 0 and
1. To capture temporal dependencies effectively, the dataset was split using a sliding
window approach, where a sequence of ¢ time steps was used as the input to predict
the next time step.

The proposed BiLSTM-MA architecture was implemented using a Python-based
deep learning library. Empirical testing and optimization were conducted to deter-
mine the key parameters: the BILSTM layer used 128 units, dropout was set to 0.2
to reduce overfitting, and four attention heads were employed in the multi-modal
attention module to allow the model to focus on different aspects of the input fea-
tures simultaneously. Table 2 lists the workloads and parameter settings used in this
experiment.

The BiLSTM-MA model was evaluated using four different workloads: Work-
load 1, comprising 50 virtual machines and 50 provisioning managers; Workload 2,
consisting of 100 virtual machines and 100 provisioning managers; Workload 3, com-
prising 150 virtual machines and 150 provisioning managers; and Workload 4, com-
prising 200 virtual machines and 200 provisioning managers. The primary focus of
the evaluation was based on CPU usage, energy consumption, and memory utiliza-
tion. The performance of the BILSTM-MA model was compared with that of four
state-of-the-art models: DLSTM, CNN-LSTM, mLSTM, and LSTM.

4.1. Evaluation metrics

The performance of the BILSTM-MA model was evaluated by comparing it with
baseline models such as DLSTM, CNN-LSTM, mLSTm, and LSTM using a test
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Table 2
Setup of the simulation parameters

BiLSTM 128 LSTM units for each direction
Learning rate 0.001

Pooling strategy Max pooling, Average pooling, Sum pooling
Dropout rate 0.3

Activation function | ReLU

Loss function MSE

Attention head 4

Batch size 64

Epoch 100

‘Workload 4

dataset. Evaluation metrics such as Energy Consumption, SLA Violation Rates,
Average CPU Utilization, RMSE, and RMSPE were used to assess its effectiveness.

N
RMSE = %Z|Te(yi)—0p(yi)|2 (14)
[ 1%(@(%)—0;)(%))2 (s
ANNE= T ) )

where T, (y;) is the targeted real value and O,(y;) is the predicted value. The
total number of samples is denoted by NV in Eqgs. 14 and 15.

Energy Consumption: BILSTM-MA used lower energy than the other models for
all workloads, as shown in Fig. 2, which is essential for minimizing operational costs in
cloud data centers. BILSTM-MA consumed 1000 Watts for Workload 1, compared to
other models, with values ranging from 2083 Watts (LSTM) to 4056 Watts (mLSTM).
For Workload 2, BILSTM-MA consumed 1559 Watts whereas DLSTM consumed 4403
Watts and LSTM consumed 4635 Watts, which is a huge difference. Similarly, the
Introduction of each Workload 3 BiLSTM-MA to this workload saved 4245 Watts vs
BiLSTM-MA at Watt level 2674 (mLSTM =4226 Watts). For Workload 4, mLSTM
consumed 3723 Watts and LSTM consumed 4100 Watts, with BiLSTM-MA using
only 1293 Watts, again significantly lower than those of the other models. This shows
that BiLSTM-MA performs well in saving energy, which benefits from cost reduction
and environmental protection.

Average CPU Utilization: As seen from the results in Fig. 3, BILSTM-MA has
consistently lower average CPU utilization across all workloads than the other models.
The average CPU utilization for BILSTM-MA at Workload 1 was 64%. In compari-
son, it is 77% and higher than that of the other models, demonstrating high resource
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Energy Consumption for Different Models
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Figure 2. Energy consumption analysis of proposed method and other methods

management ability by consuming a low CPU percentage. For Workload 2, BiLSTM-
MA can keep the CPU utilization no higher than 67%, whereas the other two models
(CNN-LSTM and mLSTM) exceeded the 88% point of inefficiency. Similar trends can
be observed in Workloads 3 and 4, where BiLSTM-MA showed a relatively lower CPU
utilization of 7852% for both workloads. This also translates into better efficiency, as
lower CPU utilization means that the model spreads the load across virtual machines
and does not cause spikes in resource consumption.

SLA Violation: The BiLSTM-MA model has the least SLA violations in all four
workloads as shown in Fig. 4, proving its capability to predict and allocate resources
to satisfy the workload demand. BiLSTM-MA, on the other hand, had only four
SLA violations in Workload 1, and LSTM had 19. In Workload 2, the corresponding
number of SLA violations was even lower for BILSTM-MA: only two vs. CNN-LSTM
at 10 and mLSTM at 19, therefore the BiLSTMs present a significant advantage over
these models. The trend persisted in Workload 3, for which BiLSTM-MA achieved
the lowest SLA violations (2), again outperforming DLSTM, CNN-LSTM, mLSTM
and LSTM on this metric with more significant margins of performance (which yielded
significantly higher numbers of SLA violations: 16 for DLSTM; 18 for CNN-LSTM;
and 20 and 17 for mLSTM). BiLSTM-MA has the fewest SLA violations (5) in Work-
load 4, which is also less than all other models. This trend highlights the advantage
of BiLSTM-MA in reducing SLA violations, which is significant for stable and pre-
dictable cloud services.
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Average CPU Utilization for Different Models

m -
. for
4
seof
©
N
=50r
5
- L
Laor I BiLSTM-MA
Py I DLSTM
S30F [ JCNN-LSTM
§ I L STM
a T LsTM

20 o

10

-
Workload 1 Workload 2 Workload 3 Workload 4
Workloads

Figure 3. Average CPU Utilization analysis of proposed method and other methods

SLA Violations for Different Models
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Figure 4. Comparing the SLA violations

Prediction accuracy measures: RMSE and RMSPE are error types often assessed
in forecasting research. This was performed to determine the forecasting accuracy
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and performance assessment of the predictions. It is evident that the calculations for
both measures include comparing the goal values for the time series and projections
that correspond to the target values for the time series. The findings produced by
utilizing these two metrics provide numbers that are distinct from one another when
computed. However, the relevance of using either metric in measuring the performance
of prediction models is comparable. Because forecasting data tend to have varying
scales in most instances, it is best to rely on RMSPE when estimating the relative
error between various methods. This is because the RMSPE is a more precise method.
The performance of various forecasting models can be evaluated using several tools,
but the one most suited is the percentage error measure. This has been repeatedly
proven in the literature. In addition, it provides the percentage error that can be used
to evaluate the relative error between the various approaches, which is especially useful
in situations in which time-series data samples have varying sizes. Consequently, we
concentrated on these findings based on each method’s RMSE and RMSPE measures.

Table 3
RMSE and RMPSE values of LSTM in different layers

Layers Lag Hidden units Epochs RMSE RMPSE

1 3 3] 1850 0.327 4.223

2 3 [3,2] 1284 0.312 3.781

3 3 [4,3,2] 1125 0.272 3.104

4 3 [5,4,3,2] 575 0.298 3.335
Table 4

RMSE and RMPSE values of mLSTM in different layers

Layers Lag Hidden units Epochs RMSE RMPSE

1 3 [3] 1725 0.243 3.112

2 3 [3,2] 1840 0.283 3.438

3 3 [4,3,2] 982 0.297 3.499

4 3 [5,4,3,2] 780 0.258 3.233
Table 5

RMSE and RMPSE values of CNN-LSTM in different layers

Layers Lag Hidden units Epochs RMSE RMPSE

1 3 3] 1910 0.267 3.528
2 3 3,2] 1122 0.231 3.212
3 3 [4,3,2] 1423 0.248 3.425
4 3 5,4,3,2] 635 0.240 3.386

In the performance measure of lag 3, we can observe from Tables 6 and 7 that
the best results for DLSTM and BiLSTM-MA were obtained by utilizing four layers
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Table 6
RMSE and RMPSE values of DLSTM in different layers

Layers Lag Hidden units Epochs RMSE RMPSE

1 3 [3] 1850 0.183 3.311

2 3 [3,2] 1820 0.135 3.118

3 3 [4,3,2] 1352 0.176 3.286

4 3 [5,4,3,2] 1278 0.156 3.212
Table 7

RMSE and RMPSE values of BiLSTM-MA in different layers

Layers Lag Hidden units Epochs RMSE RMPSE

1 3 3] 1980 0.178 3.287
2 3 3,2] 1805 0.119 2.864
3 3 [4,3,2] 1524 0.146 3.177
4 3 5,4,3,2] 1410 0.159 3.189

for various epochs, and the DLSTM first layer gave the best result. BiLSTM-MA
outperformed all the other layers in the second layer. Tables 3, 4, and 5 show that
LSTM, CNN, and CNN- LSTM achieved lower outcomes than the proposed method
with the same lag value and layers. Based on the compiled comparison in Table 8, it is
evident that the values of the proposed BiLSTM-MA method are the global minimum
values compared with the other existing methods.

Table 8
Performance Summary of all methods

Methods RMSE RMSPE
LSTM 0.272 3.104
mLSTM 0.243 3.112
CNN-LSTM 0.231 3.212
DLSTM 0.135 3.118

BiLSTM-MA  0.119 2.864

Fig. 5 shows an overall accumulated comparison of BILSTM-MA and the existing
methods. The RMSE and RMSPE are two metrics used to accurately determine the
value of each approach.

4.2. Discussion

To evaluate the efficacy of the various methods examined in this investigation, we
conducted an analysis of the energy consumption, SLA violation, and CPU utilization
across all four workloads of each deep learning method, including BiLSTM-MA,
DLSTM, CNN-LSTM, mLSTM, and LSTM. Our findings indicate that the BiILSTM-
MA method outperforms other methods in terms of energy consumption and SLA
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Figure 5. Overall accumulated comparison of all methods

violation metrics across all workloads. The BiLSTM-MA method exhibits superior
performance in CPU utilization metrics for Workloads 1, 2, and 3 but underperforms
in Workload 4 compared to alternative methods. Hence, it was observed that the
BiLSTM-MA model exhibits limitations in its ability to perform effectively when
confronted with a higher number of configurations necessary for complex systems.
Table 8 presents the results of the BiLSTM-MA method and other deep learning
techniques in terms of their performance on Google trace datasets. The results of
our study indicate that our method has yielded a reduction in error rates across
various metrics when compared to existing deep learning models such as DLSTM,
CNN-LSTM, mLSTM, and LSTM. Specifically, our method demonstrated a decrease
in RMSE error rates of 8.14%, 46%, 48%, and 55.39%, and a reduction in RMSPE
error rates of 2.05%, 4.9%, 1.86%, and 2.17% on the datasets under consideration.
Our model exhibits a temporal superiority of over two times compared with the
other models, except for the LSTM model. The BiLSTM-MA model showed superior
performance in terms of predictive accuracy compared to conventional deep learning
techniques when applied to the dataset under consideration

5. Conclusion

This paper proposes BILSTM-MA, a new BiLSTM-based multi-modal self-attention
model for workload prediction in cloud environments. Accurate workload prediction
is crucial for minimizing service level agreement (SLA) violations and maximizing
resource utilization. The proposed model outperformed existing predictive approaches
in classifying complex cloud workload patterns extracted from CPU, memory, disk
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I/0O, and network traffic data.

Experimental results on the real-world Google Cloud Trace 2019 dataset show
that BILSTM-MA significantly improves several evaluation metrics compared with
state-of-the-art models such as LSTM, CNN-LSTM, DLSTM, and mLSTM. BiLSTM-
MA achieved the lowest RMSE and RMSPE values, indicating a higher prediction
accuracy. The method demonstrates reductions in RMSE by 8.14%, 46%, 48%, and
55.39%, and reductions in RMSPE by 2.05%, 4.9%, 1.86%, and 2.17% over the existing
methods.

Across all workloads, the experimental results show that the proposed BiLSTM-
MA model consistently outperforms the other state-of-the-art models. It provides
accurate workload predictions and effectively manages resources, as indicated by
its lower average CPU usage, fewer SLA violations, and lower energy consumption.
BiLSTM-MA enhances workload management, leading to improved resource utiliza-
tion and reduced operational expenditure while maintaining service quality.

In future work, we plan to extend the proposed model to VM replacement and
load prediction in cloud computing environments while incorporating additional pa-
rameters.
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