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Abstract
Accurate future workload prediction is an essential step for proac-
tive resource allocation and efficient provisioning in cloud comput-
ing environments. Deep learning strategies have proven successful
for this task, but they face challenges due to the high dimensional-
ity of monitoring data, extensive preprocessing requirements, and
computational overhead. In this paper, we propose a hybrid frame-
work that integrates autoencoders for workload compression with
Long Short-Term Memory (LSTM) networks for time-series fore-
casting. Unlike prior studies, our approach systematically analyzes
the trade-off between compression ratio and predictive accuracy,
demonstrating how dimensionality reduction can improve both
scalability and robustness. Thereby reducing the computational
burden associated with processing massive-scale monitoring data.
Experiments conducted on both synthetic and real-world datasets
demonstrate that the proposed method achieves up to 60% data com-
pression with minimal reconstruction loss, while also improving
prediction accuracy compared to baseline LSTM models. We evalu-
ate the overall performance of the framework using various metrics,
including data reduction ratio, prediction accuracy, and the effects
of different compression stages on predictive performance. Addi-
tionally, we quantify the computational savings in terms of CPU
usage, memory footprint, and training/inference times, confirming
the framework’s feasibility for real-world deployment. These results
underscore the potential of integrating compression and prediction
to achieve scalable, accurate, and resource-efficient management of
cloud workloads.

Keywords
Cloud computing, Workload prediction, Data compression, Infor-
mation extraction, Autoencoders
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1 Introduction
Cloud computing enables users to utilize a wide range of services
without needing to manage or worry about the underlying infras-
tructure [1, 21]. It has become an essential solution in various fields,
including Information Technology, by providing equipment and
support that enable developers to focus on development without
worrying about infrastructure challenges [7]. Cloud providers are
responsible for providing users with resources that meet the quality
of service standards and ensure compliance with the conditions
outlined in the Service Level Agreement (SLA). In a modern cloud
computing environment, it is crucial to predict future workload
patterns for efficient and proactive resource allocation and sys-
tem optimization [2]. However, the high dimensionality and high
volume of monitoring data generated by cloud environments pose
challenges for efficient preprocessing and prediction of future work-
loads [4]. Traditional methods often struggle to handle large-scale
monitoring data, resulting in inaccurate predictions and high com-
putational needs. To address this problem, a robust cloud workload
prediction model is required that leverages data compression and
accurate prediction. Predicting future workload within a cloud
computing environment is an important task that directly affects
resource allocation and system performance. An accurate forecast
enables the timely provision of resources, prevents bottlenecks, and
ensures the efficient use of resources [17]. In addition, predictive
models have proven to improve and timely resource allocation in
cloud companies with high demand and service level agreement
(SLA) constraints [18]. Although deep learning techniques have
shown success in this area, their application is often impeded by the
significant effort required to preprocess the vast volumes of high-
dimensional, noisy monitoring data generated by cloud systems.
This data presents challenges related to computational complex-
ity [5]. However, two major challenges affect effective workload
forecasting:

1. The high-dimensional and noisy monitoring data produced by
cloud environments increase preprocessing demands and hinder
model generalization.

2. The computational overhead of deep learning models restricts
scalability in large-scale, resource-constrained deployments.
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Prior research has explored machine learning and deep learning
methods, including LSTM and GRU models, as well as dimension-
ality reduction techniques such as PCA and autoencoders. While
these approaches achieve good accuracy, they often treat compres-
sion and prediction as separate tasks, leaving unexplored the bal-
ance between data reduction, prediction quality, and computational
efficiency.

Big data compression and dimensionality reduction have emerged
as a significant research area in recent years [14], due to the in-
creasing complexity and volume of data generated across diverse
domains. Data compression techniques are essential to enhance
storage efficiency and reduce computational demands in resource-
constrained environments. To address the challenges in cloud work-
load data, this paper proposes a novel framework that integrates
autoencoder-based workload compression with Long Short-Term
Memory (LSTM) modeling to improve workload prediction and
resource management. The framework utilizes autoencoders to re-
duce the dimensionality of monitoring data, thereby reducing the
computational cost of training deep learning models and optimizing
storage. This compression step is crucial for accurately processing
large datasets, extracting meaningful representations, and training
the LSTM model for precise workload forecasting.

1.1 Proposed method
In this paper, we address a gap in the literature by proposing a
hybrid framework that combines autoencoders and LSTM (Long
Short-Term Memory) networks for joint optimization of compres-
sion and forecasting. Our approach utilizes autoencoders to extract
compact and noise-resistant representations of workloads, which
are then used to train LSTM models for time-series predictions.
In addition to assessing accuracy, we systematically evaluate the
trade-off between compression ratio and predictive performance.
We also quantify the computational advantages in terms of resource
usage and training/inference times.

1.2 Contribution of this paper
(1) A novel workload forecasting framework that integrates

autoencoder-based compression with LSTM prediction.
(2) A systematic evaluation of the trade-off between compres-

sion and accuracy, utilizing both synthetic and real-world
datasets.

(3) Evaluate the proposed framework for computational effi-
ciency, including CPU usage, memory footprint, and execu-
tion time.

(4) Demonstration of up to 60% storage savings and improve-
ment in accuracy compared to baseline methods, confirming
the framework’s suitability for practical deployment.

1.3 Significance
The proposed framework has significant implications for improving
the efficiency and performance of cloud computing systems. By
enabling more accurate workload predictions while reducing the
computational burden associated with processing massive monitor-
ing data, the framework can facilitate proactive resource allocation,
improve system scalability, and optimize resource utilization in

cloud environments. Ultimately, this research contributes to the ad-
vancement of cloud computing technologies by addressing critical
challenges in workload prediction and resource management.

The remainder of this paper is organized as follows: Section 2
provides an overview of state-of-the-art research in this field. Sec-
tions 3 and 4 detail the proposed methodology and experimental
setup, respectively. Finally, Sections 5 and 6 present the experimen-
tal evaluation and the conclusion.

2 Literature Review
The study of cloudworkload prediction can be generally categorized
into classical machine learning and deep learning approaches. First,
we summarize the key findings and contributions from state-of-
the-art machine learning-based cloud resource prediction studies,
followed by an overview of deep learning approaches. Furthermore,
we summarize dimensionality reduction and compression methods
for cloud workloads.

2.1 Deep learning-based methods
Deep Neural Network (DNN) is introduced in [6] to classify work-
loads in a multi-virtual machine cloud environment. In [30] the
authors have proposed an efficient supervised learning-based Deep
Neural Network (esDNN) that combines DNN with a Gated Recur-
rent Unit (GRU) to tackle the high variability and high dimensional
feature of cloud workloads. They have achieved improved per-
formance over the baseline GRU. Moreover, the authors in [11]
have proposed a Bidirectional Gated-Recurrent Unit (BiGRU) and
attention mechanism to predict future workload. They utilize Dis-
crete Wavelet Transformation (DWT) to decompose and extract
patterns from the non-linear and non-stationary input data. Sev-
eral LSTM-based approaches exist for workload prediction. In [19],
Long Short-Term Memory (LSTM) has been introduced to capture
the long-term dependencies of cloud workloads. On the other hand,
[23] has proposed an LSTM to predict storage workload in the
cloud. They further investigated the effect of hyperparameters in
the LSTM model. Tang [26] proposed a two-dimensional LSTM net-
work based on week-based dependence and weight parallelization.
They achieved real-time performance with high accuracy. Further-
more, [13] has utilized a multi-layer Bidirectional Long Short-Term
Memory (Bi-LSTM) to predict task and job failure in the cloud.
In [24] the authors proposed Feature Enhanced Multi-Task cloud
workloads (FEMT-LSTM) to predict the turning point of trend in
cloud workloads. A bidirectional long short-term memory (BiL-
STM) based on multivariate time series is proposed in [27]. The
authors considered predicting multi-dimensional virtual machine
resource parameters simultaneously to capture the relationship be-
tween application requirements and resources. The authors in [22]
demonstrated that LSTM achieved higher accuracy in predicting
future workload compared to DNN, Convolutional Neural Network
(CNN), and Recurrent Neural Network (RNN).

2.2 Dimensionality reduction and compression
methods

Principal Component Analysis (PCA) [29] is a widely adopted tech-
nique for reducing the dimensionality of high-dimensional datasets.
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Table 1: Comparison of Related Work on Cloud Workload Prediction

Study Method Datasets Strengths Limitations
Bhagtya et al. (2021)
[6]

DNN for workload classi-
fication

Multi-VM synthetic Handles diverse workloads Ignores temporal dependen-
cies, no compression

Dogani et al. (2023)
[11]

BiGRU + DWT Host load traces Captures non-linear work-
load patterns

High preprocessing cost; no
dimensionality reduction

Kumar et al. (2018)
[19]

LSTM Cloud datacenter
traces

Models long-term dependen-
cies

High computational cost;
scalability not addressed

Ruan et al. (2023) [23] LSTM for storage work-
load

Storage systems Explores hyperparameter ef-
fects

Limited to storage work-
loads; no compression

Ruan et al. (2022) [24] FEMT-LSTM (feature-
enhanced multitask)

Cloud workloads Predicts workload turning
points

Complex model; high train-
ing cost

Tang (2019) [26] 2D parallel LSTM Large-scale work-
loads

Real-time performance Parallelization needed;
resource-intensive

Ullah et al. (2023) [27] BiLSTM for multivariate
prediction

VM resource data Captures multi-dimensional
patterns

No compression; high com-
plexity

Alqahtani (2023) [3] Sparse Autoencoder +
GRU

Cloud workloads Reduces dimensionality;
good accuracy

Focused on GRU; lacks com-
pression–accuracy trade-off

Chen et al. (2020) [9] Deep learning on high-
dimensional workloads

Synthetic workloads High accuracy on variable
workloads

Computationally expensive

El Sayed et al. (2023)
[12]

Deep AE for compression
& anomaly detection

Telemetry data Achieves high compression
ratio

Focus on anomaly detection,
not forecasting

This Work (Pro-
posed)

Autoencoder + LSTM Synthetic (Ku-
bernetes), Real
(Wikipedia)

Joint compression &
prediction; systematic com-
pression–accuracy trade-off;
computational analysis

future work: diverse real-
world traces

PCA works by projecting the original data onto principal compo-
nents that are mutually orthogonal. With advancements in deep
learning, autoencoders have emerged as powerful alternatives for
dimensionality reduction, enabling the learning of compact data
representations. A convolutional autoencoder-based feature extrac-
tion and compression approach is proposed to capture daily and
seasonal variants for customer load analysis [25]. Moreover, in [9], a
top sparse autoencoder (TSA) basedmethod is utilized to extract rep-
resentations from high-dimensional workload data. They achieved
good accuracy on high-dimensional and highly variable workloads.
Similarly, the authors in [3] utilized Sparse Auto-Encoders (SAE)
and Gated Recurrent Units (GRU) to reduce dimensionality and
predict cloud workload data. Furthermore, they enhanced the GRU
model by incorporating a step-wise learning rate scheduler. In [20],
the authors have proposed two power prediction models for data
centers based on an Autoencoder (AE). A fine-grained model based
on recursive AE and a coarse-grained model based on AE to encode
extensive historical data and reduce dimensionality. Additionally,
authors in [16] proposed a lightweight Inception-based AE Net-
work to compress noisy time series data generated by the Internet
of Things (IoT). They evaluated the methods based on compression
and feature extraction capabilities. The authors in [12] proposed
deep autoencoders for adaptive telemetry data compression and
anomaly detection, demonstrating a compression ratio of up to 64%
with less than 1% reconstruction error in their experiments.

As illustrated in Table 1, existing studies mainly focus on achiev-
ing high accuracy in predicting future cloud workloads. However,
the high dimensionality of the data poses significant challenges,

particularly in balancing prediction accuracy with the computa-
tional demands of training deep learning models. Dimensionality
reduction techniques have demonstrated the ability to extract es-
sential representations from high-volume workloads. This enables
the training of deep learning models with reduced computational
requirements and improved accuracy. Additionally, traditional com-
pression methods primarily address data reduction for transporta-
tion purposes. In this work, we integrate cloud workload com-
pression and prediction to achieve an approach that delivers high
accuracy, reduced computation, and lower storage requirements.

3 Methodology
This section outlines the methodology used to develop and evaluate
the proposed framework for workload compression and prediction
in cloud computing environments. The approach involves data com-
pression using autoencoders [15] and workload prediction using
Long Short-Term Memory (LSTM) [16] model. The methodology is
divided into key components: data compression using an autoen-
coder, workload prediction using LSTM models, and evaluation
metrics. The architecture is shown in Fig. 1. The proposed method
is shown in Algorithm 2.

3.1 Data Compression and dimensionality
reduction using Autoencoder

We employ autoencoders for data compression to address the chal-
lenge of processing massive monitoring data. Autoencoders are a
neural network designed to learn efficient representations of input
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Figure 1: The architecture of the autoscaling mechanism in a cloud workload environment alongside the proposed workload
prediction approach.

data by encoding it into a compressed form and then reconstructing
it back to its original form [15].

3.1.1 Model architecture. The autoencoder architecture consists of
an encoder, which compresses the input data, and a decoder, which
attempts to reconstruct the original data from the compressed rep-
resentation. The model is trained to minimize the reconstruction
loss, ensuring that essential information is preserved during com-
pression.

3.1.2 Training. The autoencoder is trained on the collected moni-
toring data, optimizing its parameters to achieve the desired level
of data compression. During training, various compression ratios
are performed. The whole training process of the autoencoder is
illustrated in algorithm ??.

3.1.3 Latent dimension. This indicates the data reduction ratio by
the encoder. Once trained, the autoencoder is used to compress the
test data, and the data reduction ratio is calculated by comparing the
compressed data size to the original data size. This metric is crucial
in evaluating the efficacy of the autoencoder in reducing storage
needs. The complete flow of compressing data with an autoencoder
is illustrated in algorithm 3.

3.2 Workload Prediction using LSTM Models
With the compressed data obtained from the autoencoder, we pro-
ceed to the workload prediction phase using LSTM models. LSTM

[19] is a type of recurrent neural network (RNN) that is particularly
well-suited for sequence prediction tasks due to its ability to capture
long-term dependencies in time series data.

3.2.1 Model architecture. The LSTM model is designed with input
layers corresponding to the compressed data features, hidden layers
with LSTM units, and an output layer that generates the workload
predictions.

3.2.2 Training and validation. The LSTM model is trained on the
compressed training data. A validation set is used to tune hyperpa-
rameters such as the number of LSTM units, learning rate, and batch
size to prevent overfitting and enhance the model’s generalization
capabilities.

3.2.3 Prediction accuracy. The trained LSTM model is evaluated
on the test set, and its prediction accuracy is measured against the
ground truth workload observations. This assessment ensures that
the model can reliably predict future workloads.

4 Experimental Setup
All experiments are performed on a machine with 32GB of RAM,
an Intel Core i7-7700 3.6 GHz CPU with four cores on the Ubuntu
Linux 20.04 operating system. We implement our LSTM and AE
model using Keras [10].
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Algorithm 1 Training an Autoencoder

Input: Training dataset X = {𝑥 (𝑖 ) | 𝑖 = 1, . . . , 𝑁 }, encoder 𝑓𝜃 ,
decoder 𝑔𝜙 , learning rate 𝜂, number of epochs 𝐸,

Output: Optimized parameters 𝜃 and 𝜙

Initialize parameters 𝜃, 𝜙 randomly
for epoch = 1, 2, . . . , 𝐸 do

for each 𝑥 ∈ X do
Forward pass:

Compute the latent representation: 𝑧 = 𝑓𝜃 (𝑥) (Encoder)

Reconstruct the input: 𝑥 = 𝑔𝜙 (𝑧) (Decoder)

Compute reconstruction loss: L = ∥𝑥 − 𝑥 ∥2
Backpropagation:
Compute gradients:

𝜕L
𝜕𝜃

=
𝜕L
𝜕𝑧
· 𝜕𝑧
𝜕𝜃

,
𝜕L
𝜕𝜙

=
𝜕L
𝜕𝑥
· 𝜕𝑥
𝜕𝜙

Update parameters:

𝜃 ← 𝜃 − 𝜂 𝜕L
𝜕𝜃

, 𝜙 ← 𝜙 − 𝜂 𝜕L
𝜕𝜙

end for
end for

4.1 Datasets
The proposed methods are evaluated using synthetic and real-
world cloud workload datasets across all experiments. The syn-
thetic dataset is generated using Kubernetes [8] and a custom load
generator. Additionally, real-world workload datasets are employed
to validate the effectiveness of the methods in practical applications.
In this context, workload forecasting focuses on key performance
metrics, specifically CPU utilization and memory utilization, to
ensure relevance to real-world operational needs.

4.1.1 Synthetic workload. For this study, synthetic data was gen-
erated from a system deployed on a Kubernetes cluster, spanning
a two-day observation period and yielding 172,800 records. This
dataset includes diverse metrics such as latency, CPU usage, mem-
ory usage, network bandwidth, and storage utilization. These met-
rics are critical for the detailed analysis of workload patterns and
system performance, enabling a comprehensive evaluation of the
proposed methods.

4.1.2 Wiki dataset. The Wikipedia dataset used in this study rep-
resents 10% of HTTP requests recorded between September 19,
2007, and December 31, 2013 [28]. This dataset aggregates HTTP
requests over one-hour intervals across all languages supported by
Wikipedia. The dataset fields include an identifier (ID), timestamp,
and the number of HTTP requests, providing a comprehensive basis
for evaluating the proposed forecasting methods. The properties of
the datasets are presented in Table 2.

Algorithm 2 Autoencoder + LSTM for Cloud Workload Prediction
Input: Historical monitoring data X ∈ R𝑛×𝑚 , where 𝑛 is the

number of time steps and𝑚 the number of features.
Output: Predicted workload Ŷ.

Step 1: Autoencoder Training
• Train an autoencoder model on X.
• Encoder: Map input X to a compressed representation Z ∈
R𝑛×𝑑 , where 𝑑 ≪𝑚.
• Decoder: Reconstruct X from Z by minimizing the recon-
struction loss.
• Save the trained encoder for later dimensionality reduction.

Step 2: Dimensionality Reduction
• Use the trained encoder to transformX into compressed data
Z.

Step 3: LSTM Training
• Train an LSTM model using Z as input data.
• Input: compressed historical data Z.
• Output: future workload prediction Ŷ.
• Objective: minimize the prediction error (e.g., mean squared
error).

Step 4: Prediction
• Use the trained LSTM model to predict future workload Ŷ
based on Z.

Step 5: Evaluation
• Compare predictions Ŷ with the actual workload Y to evalu-
ate accuracy.
• Assess storage savings by comparing the sizes of X and Z.
• Measure computational efficiency for both training and in-
ference.

End of Algorithm.

Algorithm 3 Compression of Historical Data Using a Pretrained
Autoencoder
Input: Historical data X ∈ R𝑛×𝑚 , where 𝑛 is the number of time

steps and𝑚 the number of features.
Output: Compressed data Z ∈ R𝑛×𝑑 , where 𝑑 ≪𝑚.

Step 1: Load the Pretrained Autoencoder
• Load the encoder component of the pretrained autoencoder.
• Ensure the encoder maps R𝑚 → R𝑑 correctly.

Step 2: Preprocess the Input Data
• Handle missing data in X (imputation or removal).
• Normalize or standardize X according to the training config-
uration.
Step 3: Apply the Encoder to Compress Data

• Compute Z = 𝑓enc (X), where 𝑓enc is the encoder function.
• Verify that Z has dimensions (𝑛,𝑑).

Step 4: Save the Compressed Data
• Store Z for further analysis or workload prediction tasks.
• Optionally calculate storage savings: ratio =

size(Z)/size(X).
End of Algorithm.
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Table 2: Wikipedia dataset properties

Number of
Instances

Min Min Standard
deviation

Mean

50710 6 445592 57842.3 80277.2

4.2 Evaluation metrics
(1) Data reduction ratio: Measure the percentage of reduction

achieved in the size of monitoring data after compression
using autoencoders.

(2) Prediction accuracy: Evaluate the accuracy of workload pre-
dictions generated by the LSTM model trained on com-
pressed data compared to ground truth observations.

(a) Root Mean Square Error (RMSE)

RMSE=
√︃
( 1𝑛 )

∑𝑛
𝑖=1 (𝑦𝑖 − 𝑥𝑖 )2

where 𝑥𝑖 and 𝑦𝑖 denote actual values and predicted results,
respectively, and n represents the number of samples

(3) Computational efficiency: to analyze the computational re-
sources required by the proposed model for training and
inference processes, including CPU utilization, memory us-
age, and execution time.

(a) CPU % usage utilized on training and inference by the
proposed model.

(b) Memory % utilized on training and inference by the pro-
posed model.

(c) Model training time (s).
(d) Model inference time (s).

5 Evaluation
In this section, we thoroughly evaluate the effectiveness and effi-
ciency of the proposed research framework using a series of eval-
uation metrics. The performance of the proposed framework is
benchmarked against traditional workload prediction methods and
the LSTM model. The comparison involves two key aspects:
• Prediction accuracy: The accuracy of predictionsmade by the
baseline LSTM model is compared to the proposed method,
providing a measure of the superiority or parity of the pro-
posed approach.
• Computational efficiency: The computational efficiency of
the framework, considering both data compression and pre-
diction processes, is evaluated relative to the baseline meth-
ods. This comparison highlights the potential of the pro-
posed framework to reduce computational overhead while
maintaining or improving prediction accuracy.

5.1 Prediction Accuracy
The predictive accuracy of the proposed Long LSTM model, trained
on compressed datasets, is evaluated against ground truth obser-
vations to validate its reliability. This assessment highlights the
practical applicability of the framework in real-world scenarios.
Table 3 presents a comparative analysis of the average prediction
errors between the baseline LSTM and proposed models, utilizing

synthetic and real-world Wikipedia datasets. The results demon-
strate a marked improvement in predictive accuracy for the pro-
posed approach across both datasets, underscoring its efficacy in
enhancing the performance of conventional LSTM-based prediction
frameworks.

In addition to evaluating overall predictive accuracy, the per-
formance of the proposed model was also assessed for its ability
to predict long-term horizons. Table 4 summarizes the prediction
errors for horizons of 1, 10, 20, 30, and 40 steps into the future, eval-
uated on both synthetic and Wikipedia datasets. In the synthetic
dataset, the horizons correspond to 1-minute intervals, while in the
Wikipedia dataset, the frequency is 1 hour. The table shows that the
prediction error gradually increases as the horizon lengthens. How-
ever, despite this trend, the results demonstrate the reliability of the
proposed model in accurately forecasting over extended horizons,
thereby reinforcing its robustness and suitability for long-term
predictive tasks.

Table 3: Prediction performance of baseline LSTMmodel and
proposed model on synthetic and real-world datasets

Dataset LSTM (rmse) Proposed (rmse)

Synthetic 0.32 0.02
Wiki 0.13 0.06

Table 4: Prediction performance of various prediction hori-
zons of the proposed model on synthetic and real-world
dataset

Prediction horizon Synthetic Wiki

1 0.020 0.050
10 0.024 0.071
20 0.028 0.074
30 0.035 0.078
40 0.037 0.081

5.2 Experiment with Various Compression
Ratios

The proposed research framework undergoes rigorous experimen-
tation with different compression ratios, specifically 20%, 30%, 40%,
and 50%. This experimentation aims to assess the trade-off between
data compression and prediction accuracy across varying levels
of data reduction. By systematically varying the compression ra-
tios, we analyze how the compression level influences the LSTM
model’s predictive performance and the framework’s overall effi-
cacy. This study aims to evaluate how the LSTM model captures
information from compressed data representations. This evaluation
provides valuable insights into the optimal balance between data
compression and prediction accuracy, enabling the identification
of the most suitable compression ratio for practical deployment
scenarios. Through this additional evaluation, we expand our un-
derstanding of the proposed framework’s behavior under different
compression settings, facilitating informed decision-making regard-
ing the selection of an appropriate compression ratio tailored to
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Figure 2: Proposed model performance on synthetic dataset

Figure 3: Proposed model performance on wiki dataset

specific application requirements. The key findings are summarized
as follows.

• The LSTM model, trained with compressed representations
from the encoder, achieved acceptable accuracy in all cases.



BDCAT ’25, December 01–04, 2025, Nantes, France Lidia Kidane, Paul Townend, Thijs Metsch, and Erik Elmroth

Figure 4: The computational performance of the proposed model across various compression ratios on synthetic dataset.

• The LSTM model, trained with compressed representations
achieving up to 60% compression, produced the lowest pre-
diction error in both synthetic and real-world workloads.
• Smaller latent dimensions, specifically 10%, 20%, and 30%,
resulted in relatively higher prediction errors across both
datasets. This trade-off can be adjusted based on specific
requirements and the nature of the data being used.

5.2.1 Impact of Data Compression Ratio. In this section, we eval-
uate the model’s effectiveness in compressing data and examine
how different levels of workload compression impact the LSTM
prediction model. Additionally, we analyze the influence of the
compression ratio on model performance, focusing on prediction
accuracy, long-term forecasting capabilities, and the computational
overhead. This includes examining CPU and memory utilization, as
well as the model’s training and inference times. We look at both
synthetic and real-world datasets.

Synthetic data: We conducted experiments using various com-
pression ratios, specifically 10%, 20%, 30%, 40%, and up to 90%. As
shown in Fig. 2, all compression ratios produced low prediction
errors. However, in terms of computational overhead, higher com-
pression ratios resulted in increased CPU usage compared to lower
compression ratios. A similar trend was observed for both training
and prediction times.

Real world data: Similarly, we examined the effect of different
compression ratios on real-world workloads. As depicted in Fig.

3, higher compression ratios resulted in lower prediction errors
compared to lower compression ratios. This indicates that highly
compressed data provided the essential representation required for
the LSTM model to capture the data’s characteristics effectively.
Consistent with the results from synthetic data, we observed that
higher compression ratios resulted in increased CPU usage, as well
as longer training and prediction times.

We measure the efficacy of data compression using autoencoders
by calculating the percentage reduction in the size of the monitor-
ing data. This metric serves as a pivotal indicator of the model’s
ability to condense large volumes of data while preserving crucial
information.

5.3 Computational Assessment
In this evaluation, an analysis of computational resources required
for both training and inference processes is conducted. This as-
sessment encompasses CPU utilization percentage, memory usage
percentage, model training time, and inference time. By inspecting
the computational demands, we gain valuable insights into the
scalability and resource efficiency of the proposed framework, fa-
cilitating informed decisions regarding its deployment in resource-
constrained environments.

Figure 4 illustrates the computational requirements during the
training and inference stages of the proposed method on synthetic
data, with the prediction horizon set to 1. The analysis spans data
compression levels ranging from 10% to 80%, highlighting the cor-
responding prediction performance, CPU usage, and computation
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Figure 5: The computational performance of the proposed model across various compression ratios on Wiki dataset.

time. The results indicate that lower compression ratios require less
CPU usage and shorter training and inference times, thereby re-
ducing resource consumption. This is because a lower compression
ratio, which corresponds to a larger latent space, requires more pa-
rameters and, consequently, consumes more computational power.
However, the overall prediction loss remains relatively consistent
across all compression ratios. Notably, smaller compression per-
centages resulted in lower CPU usage, while a clear distinction was
observed in the time required for training and inference. Specifi-
cally, the 10% and 20% compression ratios exhibited shorter training
and prediction times compared to higher compression ratios.

Similarly, the results in Figure 5 show computational perfor-
mance evaluation on the Wiki dataset. The analysis spans data
compression levels ranging from 10% to 80%, showing the corre-
sponding prediction performance, CPU usage, and computation
time. The results indicate that lower compression ratios demand
less CPU usage and shorter training and inference times, thereby re-
ducing resource requirements. However, the model achieves higher
accuracy with greater compression. Specifically, compression levels
of 10% and 20% yielded a test loss of approximately 0.1, while higher
compression ratios achieved a lower prediction error, at around 0.06.
This highlights a trade-off between computational efficiency and
prediction accuracy, necessitating a balance based on application
requirements. This is because a higher compression ratio forces
the model to capture only the most essential features of the data. It
removes redundancy and less relevant information, focusing on the

underlying structure of the data that is most important for making
predictions.

Finally, through the extensive evaluation of the computational
requirement, we gained insight into not only the effect of workload
compression on prediction accuracy but also how each setting
chosen affects the system’s overall performance and its validation
in addressing the identified research objectives.

6 Conclusion
The study presents a novel cloud workload compression and predic-
tion frameworks that combine an autoencoder with LSTM models.
The framework aims to enhance efficiency by reducing storage
and computational overhead while maintaining high accuracy in
workload prediction. By using an autoencoder, the framework effec-
tively reduced the dimensionality of the workload while preserving
the necessary features. The LSTM model trained with the com-
pressed representation of the original workload achieved up to a
30% improvement in prediction accuracy.

In addition to improving the predictive performance, the com-
pression level achieved through the autoencoder contributes to
substantial storage savings by allowing compressed historical data
instead of original, high-dimensional monitoring data. A compre-
hensive evaluation demonstrated the framework’s effectiveness
in data reduction, prediction accuracy, and calculation efficiency.
Comparison with traditional methods emphasized its ability to han-
dle high-volume cloud workloads and improve prediction accuracy.
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The assessment further confirmed its feasibility for a real-world
cloud environment, achieving a significant reduction in training and
inference times, alongside storage optimization. Thus, it is a crucial
step to a robust and scalable solution for the challenges of workload
prediction in a resource-intensive cloud system. Through a com-
prehensive evaluation of the computational requirements needed
to train models to predict future workload, valuable insights were
gained into the significance of workload compression on predic-
tion accuracy and overall system performance. Notably, a higher
compression ratio resulted in more accurate prediction models,
albeit with a slight increase in computational demand. Moreover,
the framework allows for up to a 60% reduction in storage require-
ments for workload data. In a resource-constrained environment,
a trade-off can be made between storage, computational require-
ments, and workload predictive accuracy, depending on the specific
use case. Future directions include exploring more robust methods
with better compression techniques for cloud workloads.
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