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Abstract

The exponential growth of cloud services utilisation has rendered robust and
accurate workload forecasting paramount. Predicting future computational de-
mands is essential for efficient resource management, cost optimisation, and

guaranteeing [service level agreement| (SLA). At the same time, the increase

in cloud resource demand poses new challenges related to data centres’ carbon
emissions and their environmental impact. However, these predictions are char-
acterised by inherent uncertainty stemming from both fundamental limitations
in data and the dynamic nature of cloud usage.

This dissertation delves into workload forecasting in cloud computing. Our pri-
mary focus is quantifying predictions’ inherent uncertainty, an important but
often overlooked aspect. Traditionally, forecasting models provide point esti-
mates, leaving cloud providers blind to the potential range of future demands.
This lack of uncertainty awareness can lead to suboptimal resource allocation,
unnecessary costs, and violations.

In particular, our work focuses on quantifying the uncertainty of different na-
tures. The epistemic uncertainty arises from limitations in our knowledge or
model, while the aleatoric uncertainty stems from the variability in the data it-
self, reflecting the inherent randomness of cloud workloads. By capturing both
these forms of uncertainty, we gain a deeper understanding of the prediction’s
confidence interval, empowering informed decision-making.

This work introduces a novel [Hybrid Bayesian Neural Network| (HBNN])) model

designed to capture both types of uncertainty in workload forecasting by incor-
porating a Bayesian layer at the network’s end. The surpasses conven-
tional approaches by estimating the future probability distribution to compute
the associated confidence intervals. This quantifiable uncertainty empowers the
model for more accurate prediction.

The thesis expands upon the model by exploring its application in bi-
variate forecasting, simultaneously predicting processing units and memory de-
mands. This approach proves good accuracy at the cost of more training data
required. Furthermore, this work investigates the impact of various factors on
forecast accuracy, including training data size, unseen data generalisation, and

the potential of transfer learning across different cloud environments.

Furthermore, recognising the potential computational hurdles associated with
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Bayesian neural networks, this work introduces a clustering-based preprocess-
ing technique. This technique intelligently selects training data points, signif-
icantly reducing computational cost while maintaining forecast accuracy. This
development enables the model to be deployed in cloud environments
at scale.

The thesis comprehensively evaluates the model through extensive ex-
periments on real-world cloud workload datasets. The results demonstrate the
model’s superior performance in quantifying uncertainty, achieving higher accu-
racy than baseline models and showcasing improved generalisation on unseen
data. By quantifying inherent uncertainty, empowers cloud providers to
manage cloud resources more efficiently, reliably and cost-effectively.
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Chapter 1

Introduction

1.1 Motivation and Background

Cloud computing is a paradigm that enables individuals and organizations to
access a shared and scalable IT resource pool, including servers, storage, and
applications, through a network. Nowadays, cloud services have become an
integral part of our daily lives, helping us with data storage, document cre-
ation, business management, and online gaming. For example, individuals use
services like Google Drive or Dropbox to store and back up their photos, docu-
ments, and important files. This ensures that their data is safe and allows easy
access from any device, anywhere in the world. Additionally, cloud computing
has played a crucial role in driving digital trends such as mobile computing,

the Internet of Things, big data, and [artificial intelligence] (AI), accelerating

industry development and digital transformation [SS20].

Businesses benefit significantly from cloud computing through cost savings,
high performance, and scalability. A company like Netflix, for instance, lever-
ages cloud services to manage vast amounts of data and deliver content seam-
lessly to millions of users worldwide, scaling up during peak times without
needing to invest in physical servers. Small businesses that previously needed
to invest heavily in IT infrastructure can now use services like Amazon Web
Services or AWS to host their applications and store data without upfront costs,
paying only for the resources they use. Cost savings, high performance, and
scalability are just some of the benefits that cloud computing offers to busi-
nesses and companies. Its adoption can eliminate the need for expensive hard-
ware and software, and avoid the costs of onsite [data centrel (DCk). Cloud com-
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puting services can be easily accessed on demand, which enables businesses to
scale up or down as they need. This flexibility and versatility make cloud com-
puting an excellent choice for businesses of all sizes, enabling them to achieve
their goals in a more efficient and effective manner.

The COVID-19 pandemic has led to a surge in demand for cloud computing, par-
ticularly as working from home has become more common [AAST21]]. Zoom, a
video conferencing platform, experienced exponential growth in user numbers
[PPT20]. To manage this surge, Zoom relied heavily on cloud infrastructure
to support millions of concurrent video calls, ensuring performance without
degradation. This capability was critical as companies and schools transitioned
to remote work and learning almost overnight. The market size for cloud com-
puting was projected to reach USD 545.8 billion in 2022 and is expected to
grow even further, reaching USD 1,240.9 billion by 2027 [MM22]. At the same
time, the size of [deep learning] models is growing exponentially, with ap-

plications such as the OpenAI’s GPT-3 model comprising 175 billion parameters
and a memory footprint of 350GB [BMR'20]. For this growth, it is estimated
that the energy consumption of data centres (which host cloud services) will
grow from 292 TWh in 2016 to 353 TWh in 2030 [KW21]], and greenhouse gas
emissions will increase over 14% in 2040, compared to a 1-1.6% increase in
the 2007-2016 [BE18]. Cloud providers face new challenges in this scenario.
They need to balance serving a growing number of diverse customers while also
minimizing environmental impact and operating and maintenance costs. Effec-
tive resource management is essential for remaining competitive in the market
while also being environmentally friendly.

Resource management refers to orchestrating resources and services that the
cloud offers and seeks to balance the requirements of users and applications
with the efficient and effective utilization of resources [MNH™15]. The size
of modern DGk, the diversity of resource types and their interdependencies,
the erratic and unpredictable workload, and the differing objectives of various
actors within a cloud ecosystem all pose significant difficulties with managing
resources in cloud computing [JS15]. Specific challenges include ensuring en-

ergy efficiency, minimizing [service level agreement| (SLA) violations, balancing

loads, managing network loads, maximizing profits, dealing with hybrid clouds,
and handling mobile cloud computing. Workload management is a crucial com-
ponent of resource management. To enhance the performance and
of cloud systems, modelling, analysis and forecasting of the work-
load is required.
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| Historical workload Predictive model Resource manager Cloud Resources

Figure 1.1: Resource management scheme in cloud computing. This disserta-
tion is focused on the forecasting part (highlighted in the red box).

Figure shows the resource management scheme in cloud computing. The
pipeline starts with the historical workload of the resources used to train a pre-
dictive model, which is responsible for providing an accurate prediction of the
future demand to the resource manager. The latter is the main actor in this
scheme, and it is in charge of the orchestration of the resource in a way that
the system requirements, such as the[QoS|levels, are met. This process involves
several interconnected steps to ensure efficient resource utilization: data collec-
tion, data preprocessing, feature extraction, model training, workload predic-
tion, resource allocation, and monitoring and feedback. For example, a cloud
provider like Google Cloud Platform collects data on server utilization, net-
work traffic, and storage usage to monitor and optimize performance. This is
followed by cleaning and transforming the collected data, extracting relevant
features, training a forecasting model using historical data, and predicting fu-
ture workloads. Dynamically allocating resources based on these predictions
ensures optimal performance and cost-efficiency. Continuously monitoring per-
formance and providing feedback improves the prediction model and resource
management strategies. This dissertation focuses on the forecasting part of the
scheme, which is highlighted in the picture with a red box. To address the
prediction part, several approaches have been suggested that employ [machine]
(ML), data mining, and mathematical techniques [MK20]. Most of the
work focuses on predicting the future demand for resources, i.e., processing
and memory units, improving the accuracy of the models with innovative archi-
tectures and training algorithms but limiting the analysis to point predictions,
i.e., single value estimates for a specific future time point.

Making a prediction without considering uncertainty can be limiting. While
a single-point prediction might be the most likely scenario, it offers no in-
sight into potential variations or risks. For instance, consider a cloud service
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provider forecasting resource demands without uncertainty modelling. This
could lead to over-provisioning (wasting resources and increasing costs) or
under-provisioning (causing service outages and customer dissatisfaction). Un-
certainty modelling addresses this by providing a probabilistic range of future
demands, allowing for more informed resource allocation decisions that ac-
count for the inherent variability in cloud workloads.

In many fields, such as having a reliable representation of uncertainty is cru-
cial, especially in areas where safety is a top priority [HW21]]. Uncertainty can
be categorized into aleatoric uncertainty (resulting from inherent randomness
in the data) and epistemic uncertainty (resulting from a lack of knowledge or in-
formation). Without measuring uncertainty, it can be challenging to determine
the reliability of a point prediction. For example, in cloud computing, deploying
new services without understanding the uncertainty in demand can result in in-
efficient scaling decisions, affecting the Researchers have proposed various
methods for uncertainty quantification and tested their effectiveness in various
applications, such as computer vision (e.g., object detection and self-driving
cars), image processing (e.g., image restoration), medical image analysis (e.g.,

medical image classification and segmentation), [Natural Language Processing]

(NLP) (e.g., text classification, social media texts, and recidivism risk-scoring),
bioinformatics, and more [APH™21].

While in cloud workload forecasting, there have been studies on predictive
models that account for uncertainty, they have mostly relied on probabilis-
tic forecasting principles, including non-parametric methods [MMF17] such as
quantile regression [MBK"23]. Although quantile regression can estimate the
conditional quantiles of the predicted variable, it does not provide information
about the uncertainty in the model parameters, i.e., the epistemic uncertainty,
and does not exploit prior knowledge of the underlying data distribution. On

the other hand, Bayesian inference and the use of [Bayesian Neural Networks

(BNNE) offer a more principled and robust approach to reasoning about uncer-
tainty, allowing for the incorporation of prior knowledge and the quantification
of uncertainty in both model predictions (aleatoric) and parameters (epistemic)
[ZYW20], at the cost of a bigger computational overhead.

In this dissertation, we fill some of the gaps in the literature highlighted in
this section. While uncertainty is a well-established notion, our work brings
new insights by applying a for the first time in this domain. have
been utilised for uncertainty modelling in various applications, but their use
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in cloud workload prediction is entirely novel. To address the time complexity
associated with BNNk, we propose the use of a [DL] architecture for predicting
future demand for cloud resources that incorporates principles only in
the last part of the network, while considering both the epistemic and aleatoric
uncertainty.

We test the robustness and generalisation capabilities of this model when ap-
plied to predict the workload of unseen cloud computing and improve the
runtime performance with a clustering-based training data selection. For exam-
ple, uncertainty modelling can help operators plan for unexpected spikes in
demand due to unforeseen events, thereby avoiding downtime and ensuring a
high level of Our findings open up insights for practitioners to design new
and more uncertainty-aware predictive models to improve cloud operations.
We believe that incorporating confidence measurements in cloud predictions
can lead to better scheduling decisions and resource utilization, especially when
aiming for high levels. For instance, by understanding the uncertainty in
demand forecasts, a cloud provider can better allocate resources during peak
usage times and reduce costs during off-peak periods. Moreover, this approach
has been demonstrably effective and introduces a methodology for accounting
for uncertainty that can be extended to applications beyond cloud workload
prediction.

1.2 Research Questions

This thesis addresses several critical research questions in the domain of cloud
workload forecasting, focusing on uncertainty modelling. The primary research
questions explored are:

What datasets are suitable for training forecasting models,
and what preprocessing steps are necessary?

Identifying the right datasets is essential because the data’s quality and rele-
vance directly impact the forecasting models’ accuracy and reliability. In cloud
computing, workloads can vary significantly, and using comprehensive real-
world datasets like Google Cloud Trace and Alibaba Cluster Trace ensures that
the models are trained on realistic and diverse scenarios. Proper preprocess-
ing is crucial to eliminate noise and standardize the data, which enhances the

model’s learning process and performance.
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How can both epistemic and aleatoric uncertainty be modelled

in cloud workload forecasting?

Modelling uncertainty is important for making reliable predictions. Epistemic
uncertainty, which arises from the model’s lack of knowledge, and aleatoric
uncertainty, which comes from inherent randomness in the data, both need
to be addressed to improve the robustness of the models. By incorporating
these uncertainties, we can provide more accurate predictions with confidence
intervals, which are essential for effective decision-making in cloud resource
management. This helps in planning and allocating resources more efficiently,

reducing the risk of over-provisioning or under-provisioning.

What methods can enhance the forecasting and generalization

capabilities of the models?

Enhancing the generalization capabilities of forecasting models is crucial be-
cause it ensures that the models perform well on new, unseen data. This is par-
ticularly important in cloud computing, where workloads can change rapidly
and unpredictably. Techniques like transfer learning allow models to leverage
knowledge from related tasks or domains, improving their adaptability and ro-
bustness. This means that the models can provide accurate forecasts even when
faced with different types of workloads or changes in usage patterns.

How can the training time of data-intensive models be re-
duced?

Reducing the training time of models is essential for making them practical
and scalable. Training deep learning models can be computationally expensive
and time-consuming, which can be a barrier to their widespread adoption. By
exploring clustering techniques, we can simplify the training process by group-
ing similar workloads together. This not only speeds up the training process
but also helps the models focus on the most relevant data patterns, improving
their efficiency and effectiveness. Faster training times mean that models can
be updated more frequently, keeping them accurate and responsive to the latest
data.

These research questions are designed to address key challenges in cloud work-
load forecasting, providing a comprehensive framework for developing more
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accurate, reliable, and efficient forecasting models. By answering these ques-
tions, we can improve the performance and applicability of forecasting models,

ultimately enhancing the management and optimization of cloud resources.

1.3 Contributions

The work in this dissertation is about uncertainty in time series forecasting of
future workload in cloud computing. In the following, we list our main contri-
butions to this topic and how they relate to the chapters of this dissertation.

Uniform workload datasets preprocessing

There are numerous available datasets in the literature regarding cloud com-
puting workload decisions, which have been released by major global service
providers such as Google and Alibaba. However, some of these resources have
complex structures that make them difficult to preprocess. Additionally, the
steps involved in preprocessing these datasets are often vague and inconsistent.
To address this issue, we have preprocessed various datasets from Google and
Alibaba cloud traces and made them available for training our predictive mod-
els. We have also provided a detailed and replicable procedure for preparing
workload data in this format (Chapter |3)).

Uncertainty modelling with the HBNN

We introduce a new model called [Hybrid Bayesian Neural Network| (HBNN)) to
forecast the probability distribution of the future demand for computational re-
sources (Chapter [4). To the best of our knowledge, this is the first time that
have been applied to workload forecasting in cloud computing. The out-
put of our model is a Gaussian distribution, with the standard deviation rep-

resenting the level of uncertainty in our prediction. To evaluate the accuracy
of our models, we have developed a comprehensive methodology. Our results
show that the provides the same level of point accuracy as standard net-
works, but the standard deviation can be used to compute tighter confidence
intervals without the need for further post-processing of the prediction. Thanks
to the new approach, we can correctly predict a tighter confidence interval of
the prediction, i.e. a reduced amount of predicted resources sufficient to satisfy
the demand. This suggests that uncertainty would be beneficial when making
scheduling decisions.
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Bivariate HBNN

We augment the predictive capabilities of the by accurately forecasting
the demand for processing and memory units simultaneously, extending the
model from univariate to bivariate (Chapter [5)). We also show that in a simi-
lar way other methods can be extended to bivariate predictions. The Bayesian
layer makes the neural network more robust, but it faces difficulties in conver-
gence, especially when dealing with complex problems like bivariate prediction
(predicting two resources at the same time) compared to univariate prediction
(predicting only one resource). This can be overcome by training a model with
more data, i.e. multiple time series. The results indicate that the can
be extended to bivariate predictions and can provide estimates of uncertainty
when trained with enough data.

Transfer Learning for the HBNN

In our research on workload prediction in cloud computing, we explored
for the first time in the literature (Chapter [5). We trained
the using workload data from diverse cloud service providers, assess-
ing whether the model generalises well on unseen data. Our results indicate
that with sufficient data, it is possible to pretrain a neural network to predict
future demand on unseen workload data, with better performance when the
source and the target domains come from the same cloud service provider. This
approach when tailored for cloud workload forecasting would allow cloud re-
source managers to quickly deploy predictive models on new systems without

waiting for extensive historical data for a negligible cost in accuracy.

Numerosity reduction for workload prediction

We develop a framework to train predictive models using a clustering-based al-
gorithm to reduce the size of the training set (Chapter[6). This involves group-
ing workload traces with similar patterns into clusters before selecting data for
model training. Results show that by choosing the appropriate training data,
we can achieve the same accuracy performance with significantly reduced com-
putational cost for training the and other advanced predictive models,
with a consequent reduction of energy consumption and CO, emissions.
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Open Source

To facilitate reproducibility and encourage further research, all the code devel-
oped for this dissertation is made available as open-source. This includes the
access to the preprocessed datasets used for training and evaluating our mod-
els. Additionally, we provide the implementations of the model and the
deep learning architectures used in our experiments. These resources can be
found in the following GitHub repositories:

* https://github.com/andreareds/cloud workload datasets

This repository provides the preprocessed datasets used in the experi-
ments and detailed preprocessing scripts. It ensures that other researchers
can easily access and use the same data for replication studies. More de-
tails can be found in Chapter [3]

* https://github.com/andreareds/UncertaintyCloudWorkload

This repository contains the code and models developed for predicting
cloud workload uncertainty, focusing on the integration of the im-
plementation introduced in this thesis for enhanced uncertainty quantifi-
cation. More details can be found in Chapter 4]

* https://github.com/andreareds/TowardsUncertaintyAwareWorkloadPrediction

This repository includes the research and implementation efforts aimed
at developing more uncertainty-aware predictive models for cloud work-
loads, including the experiments for bivariate and transfer learning. More
details can be found in Chapter

* https://github.com/andreareds/clustered-reduction-cloud-workload

This repository focuses on the clustering-based reduction techniques ap-
plied to cloud workload prediction, aiming to improve runtime perfor-
mance and model efficiency. More details can be found in Chapter [6]

By sharing these resources, we aim to contribute to the transparency and open-
ness of research in this domain, enabling others to build upon and extend our

work.
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1.4 Publications

Aspects of the work described in this dissertation have been published as fol-
lows:

* Andrea Rossi, Andrea Visentin, Steven Prestwich, and Kenneth N. Brown:
Bayesian Uncertainty Modelling for Cloud Workload Prediction in 2022 IEEE
15th International Conference on Cloud Computing (CLOUD) (pp. 19-
29). IEEE, 2022.

* Andrea Rossi, Diego Carraro, Andrea Visentin, Steven Prestwich and Ken-
neth N. Brown: Forecasting Workload in Cloud Computing: Towards Uncertainty-
Aware Predictions and Transfer Learning, accepted for publication in the
Cluster Computing, The Journal of Networks, Software Tools and Applica-
tions by Springer Nature.

* Andrea Rossi, Andrea Visentin, Steven Prestwich and Kenneth N. Brown:
Clustering-based Numerosity Reduction for Cloud Workload Forecasting, in
International Symposium on Algorithmic Aspects of Cloud Computing
(pp. 115-132). Cham: Springer Nature Switzerland, 2023 and accepted
for presentation at The Second Workshop of Artificial Intelligence for Time
Series Analysis (AI4TS): Theory, Algorithms, and Applications (IJCAI'23).

The following publications and submitted manuscripts are derived from work
carried out during the PhD study, but not presented in this dissertation:

» Kate Murray, Andrea Rossi, Diego Carraro, and Andrea Visentin: On Fore-
casting Cryptocurrency Prices: A Comparison of Machine Learning, Deep
Learning, and Ensembles in Forecasting, 5(1), pp. 196-209, 2023.

This paper investigates statistical machine learning and deep learning fore-
casting methods in the context of cryptocurrency price prediction. It pro-
vides a detailed comparison of various models, including traditional machine
learning algorithms, deep learning approaches, and ensemble methods. The
study highlights the strengths and weaknesses of each approach and presents
insights into their practical applicability for forecasting in highly volatile
markets [MRCV23]].

* Diego Carraro, Andrea Rossi, Andrea Visentin, Steven Prestwich and Ken-
neth N. Brown: Performance and Energy Savings Trade-Off with Uncertainty-
Aware Cloud Workload Forecasting, in 2023 IEEE 31st International Con-
ference on Network Protocols (ICNP)(pp. 1-6). IEEE Computer Society,
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2023.

This research extends the work of the thesis by addressing the resource allo-
cation problem in cloud computing. The study explores various strategies for
efficient GPU allocation to meet the demands of diverse cloud workloads. It
includes an in-depth analysis of the challenges and solutions associated with
optimizing GPU usage, ensuring high performance and cost-effectiveness in
cloud environments [[CRVT23].

* Veronica Biolcati, James Woolley, Elodie Lévéque, Andrea Rossi, Anna
Hoffmann, Andrea Visentin, Pddraig O Machdin, Daniela Iacopino, Es-
tablishing the original order of the poems in Harward’s Almanac using pale-
ography, codicology, X-ray fluorescence spectroscopy, and statistical analysis
in Heritage Science, 11(1), pp. 1-14, 2023.

In this paper; clustering algorithms are applied to classify documents within
Harward’s Almanac, a historical manuscript. The research focuses on catego-
rizing the documents based on their content and features. The study provides
valuable insights into the use of machine learning for historical document
analysis, demonstrating the effectiveness of clustering methods in organizing
and interpreting complex datasets [BWL™23]].

1.5 Outline of the Dissertation

The remainder of this dissertation is organised as follows.

In Chapter [2, we review the forecasting methods in workload demand predic-
tion in cloud computing. After this review, we survey the uncertainty quantifi-
cation methods in We conclude the chapter with an overview of time series
clustering.

In Chapter 3] to provide a platform for other researchers and to support repro-
ducibility, we preprocess the real-world datasets from Google Cloud and Alibaba
Cloud systems that we use in the experiments and describe each step explicitly
and accurately to overcome the inconsistent and often not detailed versions in
the literature.

In Chapter[4], we present the[HBNN] our model that accounts for the uncertainty
in univariate time series forecasting. We analyse the components that charac-
terise this model. Then, through experiments on eight datasets, we show the

Modelling Uncertainty in Cloud Workload 11 Andrea Rossi
Forecasting



1. INTRODUCTION 1.5 Outline of the Dissertation

advantages of uncertainty modelling and compare it to a standard predictive
DL architecture.

In Chapter 5, we analyse how well the model can generalize to different
datasets and train it for bivariate forecasting. Then, we examine how accu-
rately the models can predict in a domain generalisation context that gives the
opportunity for deploying pre-trained models.

In Chapter [6] we explore the use of time series clustering to reduce the compu-
tational cost of the training of the forecasting models. In particular, we compare
four clustering algorithms for time series to reduce the numerosity of the train-
ing set to train the and state-of-the-art probabilistic forecasting models.

Chapter [7| draws conclusions and discusses open research paths that could be
explored in the future.

All the experiments in this dissertation have been conducted using a CPU In-
tel®Xeon®Gold 6240 at 2.60GHz and GPU NVIDIA Quadro RTX 8000 with 48
GB of memory in Ubuntu 20.04.
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Chapter 2

Workload Prediction in Cloud
Computing

Workload prediction is a technique used to improve efficiency and reduce the
operational cost of the cloud. It can be exploited in many aspects of cloud
resource management, such as proactive resource allocation, load balancing,

and virtual machine| (VM) migration [SS21]]. Proactive resource management

involves allocating resources in advance based on predicted future workload.
This approach helps to avoid challenges like under/overloading of physical ma-
chines, resource wastage, and violations. Load balancing is another appli-
cation that benefits from workload forecasting, as it allows for even distribu-
tion of the workload across different servers, preventing any single server from
becoming a bottleneck. Workload forecasting also guides the decision-making
process for VM| migration, ensuring efficient utilization of resources. In this way,
cloud service providers can optimize the energy consumption of by sleep-
ing or awakening servers, leading to cost savings and reduced environmental
impact. Accurate workload forecasting also helps in meeting the required
level, preventing violations, and ensuring rapid response to user demands
[MK20].

In workload forecasting, the time is divided into periods ¢ € T. Considering
a dataset consisting of the historical workload data, where y; is the resource
usage (e.g., processing units, memory units) at time ¢. We can formulate the
workload forecasting as the task of learning a function f(¢, §) parameterized by
f that maps a window of the historical workload to a prediction of the upcoming
one:
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f : (ythJ"'7yt7176) —>$’t (2']-)

where y, is the predicted value of the workload at time ¢, and K is the number
of past values given as input. The function f is learned by minimizing a loss
function L(yy, f(yi—k,---,¥:i-1,0), which quantifies the discrepancy between
the predicted and the true workload. Therefore, workload forecasting can be
mathematically formulated as a regression problem that finds the parameter 6
that minimizes the loss over given datasets. We can optimize the model using

the gradient descent algorithm and a loss function such as the [mean squared|
lerror] (MSE) or mean absolute error] (MAE), which are defined as follows:

N
MSE = Z Virk — Yt+k (2.2)

t:O

1 N
MAE = ——— Y — 2.3
N +1 ; ’}’t+k Yt+k| (2.3)

where N is the number of predictions and y;,, and y;,, are the prediction and
ground truth at time ¢ + k, respectively.

If the variable y, represents only one type of resource, then the problem of
predicting the workload is called univariate forecasting. On the other hand, if
the output has multiple dimensions, the problem is referred to as multivariate
forecasting. Additionally, if the objective is to predict y;, it is known as one-
step-ahead forecasting while, if the goal is to predict (y;,¥:+1,- .-, ¥t 1), then it
is referred to as multi-step-ahead forecasting, where H is the prediction length
or horizon.

An important yet underinvestigated aspect of workload forecasting is the un-
certainty of the prediction. This involves generating probabilistic forecasts (i.e.,
where y, is a probability distribution instead of a value) with confidence inter-
vals or quantiles that can provide an informative picture to the resource man-
ager, helping the decision-making process. Accurately measuring uncertainty
is essential for making safe decisions and comprehending the potential costs of
every scheduling decisions [CJBR21]].

Recent advancements in cloud workload forecasting have focused on leverag-
ing sophisticated time series forecasting models and techniques to enhance
accuracy and efficiency. For instance, Google Cloud Platform employs predic-
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tive autoscaling, which uses historical and real-time data to forecast future load
and automatically adjust resources, ensuring optimal performance and cost-
effectiveness [Goo24]. Similarly, Alibaba Cloud has developed models which
use historical data and [DL|algorithms to predict future resource needs and au-
tomatically adjust capacity, addressing issues like elastic lag and cold starts
[Ali24]. A significant part of these advancements is the incorporation of un-
certainty in forecasts, allowing for more robust and resilient resource manage-
ment. By accounting for uncertainty, cloud providers can better handle unex-
pected surges in demand and optimize resource allocation, leading to improved
service quality and reduced operational costs. These practices underscore the
industry’s shift towards proactive resource management and the adoption of
models to improve cloud service quality and scalability.

In this dissertation, we focus on uncertainty modelling in workload forecasting
in cloud computing environments. In this chapter, we review the main time se-
ries forecasting techniques used in workload prediction, uncertainty modelling
in time series analysis and time series clustering algorithms. Our review is
based on a rigorous selection process to ensure comprehensiveness and rele-
vance. We selected papers using specific search terms such as "workload fore-

nmn

casting", "workload prediction", "cloud computing" "time series analysis", "uncer-
tainty modelling" and "uncertainty quantification" to identify relevant literature.
Papers were sourced from reputable databases including IEEE Xplore, ACM Dig-
ital Library, and Google Scholar. We prioritized publications in well-regarded
journals and conferences in the fields of cloud computing and The number
of citations was considered as an indicator of a paper’s impact and relevance.
Starting from key seed papers, we followed trails of references to discover ad-
ditional important works. Papers were included based on their relevance to
workload forecasting and their contribution to advancing the field, particularly
those introducing novel methodologies or significant enhancements to exist-
ing techniques, expanding the research to state-of-the-art models in time series
forecasting and time series clustering. Exclusion criteria included papers that
did not directly address workload forecasting or lacked sufficient experimental
validation.

In Section[2.1] we classify the predictive models in the literature. In Section 2.2}
we discuss the uncertainty in cloud workload forecasting with a focus on types
of uncertainty and how to model it. Moreover, we review the Bayesian inference
via and the state-of-the-art probabilistic forecasting models. Finally, in
Section we review a few approaches for time series clustering and Section
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2.4 concludes the chapter.

2.1 Predictive Models

The workload in cloud computing refers to the computing requirement needed
to ensure the system is running effectively, and it is represented with time series,
i.e. sequences of data points that occur in successive order over some period
of time. Each time series represents the output obtained from monitoring the
system resources, e.g. processing units or memory, over time. In recent years,
workload prediction in cloud computing has been extensively studied, resulting
in an important data collection effort and the development of various approac-
hes to tackle this issue. These approaches can be grouped into three categories:
statistics-based, classic [ML}based, and DL}based. These categories represent
the technological progression of these techniques over time, from basic statis-

tical methods to advanced jneural networks (NNfs). Statistics-based approac-

hes employ mathematical models to identify patterns and trends in workload
data, but they often struggle to manage the complexity and variability of cloud
workloads. Classic[MIL}based approaches use various algorithms to learn from
historical data and make predictions, but they necessitate manual feature ex-
traction and parameter tuning. [DL}-based approaches utilize multi-layer NNk to
learn the features and relationships of workload data automatically, but they
demand large amounts of training data and computational resources. This sec-
tion offers a succinct and non-exhaustive overview of these forecasting models,
emphasizing their key features and applications.

2.1.1 Statistical Methods

Statistical methods are widely used for time series forecasting due to their abil-
ity to model complex patterns in data. They are among the first methods that
have been proposed for this task. Here, we briefly describe the most popular
statistical methods used in workload prediction in cloud computing.

ARIMA

IAutoRegressive Integrated Moving Average| (ARIMA) is a powerful statistical

modelling technique that enables the analysis and prediction of time series data.
ARIMA models are particularly useful when working with stationary time series
data, characterized by consistent mean and variance over time and often exhibit
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patterns like trend and seasonality. With |ARIMA| it is possible to forecast future
values of a time series based on its historical data.

The model is a more advanced version of the ARMA model, which is
used to analyze time series data and make predictions about future values. The
'AR]' in stands for [autoregressivel, meaning that the studied variable is
regressed on its own past values. The order of the [autoregressive| component,

denoted as p, is the number of lag terms to consider. The [AR| model can be
expressed as:

Ye =C+ O1Yi—1 + G2l + - + OplYi—p + €& (2.4)

where ¢ is a constant (intercept), y; and ¢; are the values of the time series and

the white noise error term at time ¢, respectively, and ¢; are the [autoregressive|

coefficients.

The 'MA]' stands for [moving average] indicating that the regression combines

error terms from various past times. The order of the [moving averagel compo-

nent, denoted as ¢, is the number of error terms to consider. The model can
be expressed as:

Y = W+ €+ 1916t71 + ’ngﬁtfg + -+ ﬁqﬁt,q (25)

where 1 is the mean of the time series, ¢; is white noise error term at time ¢,

and v; are the moving average| coefficients.

The "I" stands for integrated and represents the difference between data values
and their previous values, with this differencing process potentially being re-
peated multiple times. The order of the integrated component, denoted as d,
represents the number of times that differentiation is applied to reach stationar-
ity. A time series is considered stationary if its statistical characteristics, such as
the mean, variance, and autocorrelation, do not change over time [HA18]]. We
denote the value of the time series at time ¢ after d differentiation as yt(d). These
features are designed to help the model fit the data as well as possible. From
its components, models are typically denoted as[ARIMA|(p, d, ¢), where
p, d, and ¢ are non-negative integers representing the order of the autoregres-
sive model, the degree of differencing, and the order of the moving-average
model, respectively [HA18]]. Combining the three components, the model can
be expressed as:
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yt(d) =c+ ¢1yﬁ)1 + ¢2yt@2 +eet ¢pyt@p +U161 F U260+ Vg6 + € (2.6)

There are also more powerful variations of this model, such as SARIMA (Sea-
sonal and SARIMAX, where seasonality and exogenous variables, i.e.
external regressors, are considered in the forecasting model. It is worth noting
that the workload of the cloud server tends to have a non-seasonal random pat-
tern due to its burst [TBDT20], which can make a seasonal model less effective
in predicting its workload. In contrast, other workload types, such as HTTP
server requests, exhibit strong seasonality in their pattern [WSS23]].

ARIMA| models have been widely investigated in workload forecasting, starting
from predicting the future host workload in distributed systems (Digital Unix)
[DOOQ]. In their study, [CMRB14] put forth a module for workload prediction
based on the model. This module allows for the dynamic provisioning
of in an elastic cloud environment to serve predicted requests while con-
sidering [QoS| parameters like response time and rejection rate. The model was
trained using data from Wikipedia web servers, which exhibit seasonal patterns,
making it an effective predictor.

As more public datasets on workload in cloud computing became available in
the following years, emerged as a widely-used benchmark for assessing
advanced models for workload forecasting [Vaz15, XYB™15, BRGB* 16, [KS21].

GARCH

\Generalized AutoRegressive Conditional Heteroskedasticity] (GARCH) is a sta-
tistical model that analyzes time-series data while considering serial autocor-

relation in variance errors [Bol86]. These models assume that the error term’s
variance follows an autoregressive moving average process, making them useful
for tasks such as predicting the volatility of financial asset returns. The GARCH
model is identified by its order p and ¢, so we refer to it as GARCH(p,q).

The value of the dependent variable at time ¢, i.e. y,, is defined as:

Yy = b+ € 2.7)

where i is the expected value of y, and ¢, the error term at time ¢ computed as
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folllows:

€t — Ot€¢ (2.8)
where o; and e, ~ N(0,1) are the standard deviation and the white noise at
time ¢, respectively.

The variance o7 is computed as follows:

P q
atz =w+ z Oé,UtQ_i + Z ﬁjef_j (2.9
i=1 j=1

with w > 0, oy, 5; > 0, parameters of the model to ensure the positivity of the
variance.

From this formulation, we can see that y; can be drawn from a Gaussian distri-

bution of mean equal to ;. and variance equal to o7, i.e.:

ye ~ N(u,0}) (2.10)

This model focuses on modelling the variance of the output while a simple [AR]
component is applied for the mean component.

GARCH]|has been used as a baseline in workload forecasting in cloud computing,
such as [BS15]], for modelling the volatility in workload data.

Other methods

There are many other statistical techniques available for workload forecast-

ing. Two of the most common methods are [exponential smoothing| (ETS|) and

Kalman filters. [ETS|is a time series forecasting method that can be applied to
univariate data and handle data with systematic trends or seasonal patterns. It
generates forecasts that are weighted averages of previous observations, with
older observations carrying less weight [Bro56]. On the other hand, Kalman fil-
ters are recursive Bayesian filters that can estimate the state of a linear dynamic
system based on a series of noisy measurements [Kal60].

and its variants have been widely used for workload forecasting in cloud
computing. Examples include [DKC12| YPZ" 14, DKC14, WFC21]] where
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has been used as a baseline in workload prediction of CPU demand for appli-
cations such as autoscaling. Similarly, Kalman filters have been applied for re-
source provisioning and elasticity mechanisms in cloud computing applications
[HJL™ 14, HDPW16].

2.1.2 Machine Learning Methods

[ML}based algorithms offer numerous benefits over traditional statistical meth-
ods for predicting workloads in cloud computing. Statistical methods are based
on the assumption that the underlying relationships in the time series are sta-
tionary, meaning that they do not change over time. methods, on the other
hand, are not based on this assumption. This makes methods suitable also
for forecasting non-stationary workloads. Furthermore, algorithms can han-
dle complex and diverse data more efficiently despite being less interpretable
and requiring more data for training than statistical methods [[CTS19]. Here,
we briefly describe the most popular methods used in workload prediction
in cloud computing.

K-Nearest Neighbours Regression

IK-nearest neighbours| (KNN) regression is method that works by finding
the K most similar past workloads to the current workload and predicting the

future workload based on the average of the K past workloads [Mit97]. The
similarity between two workloads is typically measured using a distance metric,
such as Euclidean or Manhattan distance on the features. The features might in-
clude historical workload data, time of day, day of the week, and other relevant
factors. One of the main advantages of is its simplicity and the fact that
it makes no assumptions about the underlying data distribution, making it a
flexible method that can adapt well to changes in the cloud environment. How-
ever, it can be computationally intensive, particularly with large datasets, and
the model’s performance can be significantly impacted by the choice of K and
distance metric. is one the first|[MLj methods used in workload forecasting,
and it has been applied in middleware platforms [DQRT15].

Random Forest

IRandom forest| (RF) regression is a type of ensemble learning algorithm. Unlike

traditional models that rely on a single decision tree, RF builds a "forest" — a

collection of numerous, uncorrelated decision trees. Each tree is trained on a
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random subset of features and data points drawn with replacement from the
original dataset [BreO1]. regression is well-suited for cloud workload fore-
casting because it can handle the complexity of cloud computing workloads, the
scarcity of data, and the non-stationarity of workloads. This dynamic model can
be updated with new data to adjust to changing workload patterns, making it a
valuable tool in the constantly evolving cloud computing landscape. works
best when it is fed with features extracted from the data rather than raw data.
This aligns with the approach taken by [SK21b], where the is one of the
methods used for forecasting CPU, disk and memory utilisation in cloud
computing environments.

Support Vector Regression

ISupport vector regression| (SVR)) is a type of kernel-based regression, which

means that it uses a kernel function to transform the data into a higher di-
mensional space, where it is easier to learn a linear relationship in the data
[DBK"96]. works by finding a hyperplane in the transformed space that
minimizes the error between the predicted and actual workload values, i.e. by
finding a function that deviates from the actual workload value by no more than
a certain threshold called support. It is robust to outliers, but the choice of ker-
nel function and the tuning of parameters can significantly impact the model’s
performance. In this regard, the performance of the can be improved when
the tuning of the hyperparameters is suitable [ZZSG18]] and it has been shown
to outperform and improve the prediction accuracy [GWS20].

Other methods

There are many other algorithms available for workload forecasting. Other
popular examples in the literature include linear regression [AB13]] and gradi-
ent boosting algorithms such as XGBoost [DORT15,|CLY"21]. Linear regression
is a supervised learning algorithm that can predict the value of a continuous
variable, such as CPU usage or memory usage, based on the values of other
variables, such as the number of active users or the time of day [Fre09]. Lin-
ear regression is a simple algorithm to train and interpret, but it can be less
accurate than other algorithms for complex patterns, such as cloud work-
loads. Gradient boosting is an ensemble learning algorithm that combines the
predictions of multiple weak learners to produce a more accurate prediction
[Fri01]. Gradient boosting algorithms such as XGBoost, a specific implementa-
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tion of the gradient boosting algorithm known for its accuracy and scalability,
can handle the complexity and dynamism of cloud computing workloads. It is
one of the most sophisticated algorithms that outperform other models like
linear regression, [KNN| and [SVR| [BRK21]].

2.1.3 Deep Learning Methods

methods, while powerful tools, may struggle to capture long-term patterns
in the data, and often, these methods require feature engineering, a process
of manually extracting and crafting informative features from the raw data, to
achieve optimal performance [WBB*22]. The use of DL| methods has become
increasingly popular for addressing the difficulties presented by the intricate
nature of cloud workload data, especially since the advent of the first large
datasets from the cloud computing domain. Unlike traditional approaches,
[DI] excels at automatically extracting features directly from the raw data. This
eliminates the need for extensive manual feature engineering and allows the
model to learn complex, non-linear relationships within the data. In the follow-
ing sections, we will go deeper into the most popular [DL] approaches employed
for workload prediction in cloud computing environments.

Neural Network-based models

The initial exploration into workload forecasting with [DLj models utilized feed-
forward [PNKJ11]. These models demonstrated significant promise, cap-
turing non-linear relationships between input features and workload demands,
leading to precise short-term predictions. However, as the complexity of work-
load data grew, limitations of feedforward [NNs emerged [QZG16]]. Feedforward
laid the groundwork for more complex models, showcasing the potential
of in capturing non-linear relationships and providing precise short-term
predictions. They serve as an early point of reference for evaluating the effec-
tiveness of newer, more sophisticated architectures.

To address this challenge, [Deep Belief Networks (DBNs) were introduced.
possess a unique architecture that allows them to learn intricate dependen-
cies and feature representations within the data [ZDY'17, KGR 24].
are stacked layers of a specific type of neural network known called Restricted

Boltzmann Machines (RBMs) and that are trained one layer at a time in an
unsupervised manner. Each layer learns to represent the data in a progres-
sively more abstract and informative way. For instance, in the context of cloud
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workload forecasting, a might learn low-level features like CPU utiliza-
tion patterns in the first layer. Subsequent layers could then build upon these
features, potentially identifying relationships between CPU usage and memory
demands, or even user behaviour patterns influencing workload spikes. This
enhanced learning capability translated to improved forecasting capabilities,
particularly for capturing long-term trends and complex patterns in workload
data. Thus, demonstrate a significant advancement over previous models.

However, the effectiveness of models hinges not only on the architecture
itself but also on careful hyperparameter tuning and weight initialization. Re-
searchers have investigated various optimization algorithms, including differ-
ential evolution [KS18|,[KS19al], particle swarm optimization [MDB™ 18, [KP24],
genetic algorithms [PR21]], and other metaheuristics [KS19b]]. These methods
can be used to fine-tune model parameters, resulting in improved overall pre-
dictive performance. The advancements in optimization algorithms illustrate
the importance of parameter tuning in enhancing model accuracy and reliabil-

ity.
Sequential models

The time-sensitive nature of cloud workload data presents a unique challenge
for forecasting models. might struggle to capture the sequential patterns
and dependencies inherent in such data. To address this, sequential models
have emerged as a powerful tool for cloud workload forecasting.

One of the fundamental building blocks in this domain is the Recurrent Neu-|
iral Network| (RNN) [ZLZ"16, DMD"17]. RNNk excel at processing sequential
data, allowing them to effectively analyze the order and relationships between

data points in a time series that fits the temporally ordered nature of cloud
workload data. This capability makes suitable for capturing trends and
dependencies within the data. serve as a foundational model for eval-
uating the performance of advanced sequential models in handling temporal
dependencies.

However, can suffer from the vanishing gradient problem, hindering
their ability to learn long-term dependencies. To overcome this limitation, ad-
vancements have led to the development of more sophisticated architectures.
networks address the vanishing gradient problem by incorporating spe-
cialized memory cells that can learn and retain information over longer periods
[JB17,/SYZ*18]. This allows to effectively capture both short-term and
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long-term dependencies within the workload data, leading to more accurate
forecasts. [LSTM| networks mark a pivotal improvement in handling dependen-

cies in sequential data.

The exploration of architectures continues with models like Bidirectional
ILSTMs (BILSTMs) [BLYZ21, WFC21., [UBY23]]. BILSTMs process data in both for-
ward and backward directions, allowing them to capture context from both the

past and future, potentially leading to even more comprehensive understand-
ing of the workload patterns. Gated Recurrent Units present another variant,
offering a computational efficiency advantage over while maintaining
strong performance in capturing long-term dependencies [XSW™22].

Beyond these individual models, recent research has explored the synergy be-
tween [Convolutional Neural Networks (CNN§) and [LSTMk. excel at ex-
tracting spatial features from data, and their integration with lever-
ages this strength to capture both local patterns within workload data and the
broader temporal dependencies [LFK™21, [KMDA21), (OHU21,, PK22]]. This hy-
brid approach has proven to be particularly effective in cloud workload fore-

casting tasks. More recently, [Temporal Convolutional Networks (TCNs) have

emerged as a powerful alternative for time series forecasting tasks. em-
ploy convolutional layers to capture temporal dependencies in data, utilizing di-
lation and causal convolutions to ensure that predictions are only influenced by
past information, preserving the temporal order [LFV"17]. have demon-
strated superior performance in capturing long-range dependencies and han-
dling variable-length sequences, making them well-suited for complex time se-
ries data [HZ19]. In the context of cloud workload forecasting, can ef-
fectively model intricate temporal patterns and relationships between various
workload metrics, such as CPU, memory usage, and network traffic. By lever-
aging these capabilities, [TCNs provide more accurate and robust predictions,
enabling cloud service providers to optimize resource allocation and improve
service quality [Abo22].

Overall, cloud workload forecasting has benefited greatly from the advance-
ments in sequential models, offering a robust toolkit for capturing the complex-
ities of cloud workload data and generating accurate forecasts.

Transformer-based models

Cloud workload data often exhibits intricate patterns that unfold over extended
periods. Traditional sequential models might struggle to capture these long-
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range dependencies effectively. To address this challenge, recent advancements
in DL| have introduced novel techniques like attention mechanisms and trans-

formers.

Attention mechanisms, as proposed by Vaswani et al. in 2017 [VSPT17]], offer
a groundbreaking approach to sequence modelling. These mechanisms allow
models to focus on the most relevant parts of an input sequence, dynamically
assigning weights to different segments based on their significance for the pre-
diction task. This targeted focus on informative parts of the data sequence
empowers models to capture long-range dependencies more effectively. Trans-
formers further revolutionize sequence modeling by integrating the attention
mechanism and enabling parallel processing of data. Unlike traditional
that process data sequentially, transformers can analyze the entire sequence si-
multaneously. This parallel processing capability not only improves efficiency
but also eliminates the vanishing gradient problem that can hinder in
capturing long-term dependencies.

The combination of attention mechanisms and transformers has demonstra-
bly revolutionized sequence modelling. Researchers have successfully applied
these techniques to the cloud workload forecasting problem [ZZCG19, XYILX21|,
QYLC21,,ISZL"21, IAJL. T 22, [CZY22], [PB23], DKMS23]]. By incorporating attention
and transformers into forecasting models, researchers have achieved signifi-
cant improvements in capturing long-range dependencies within cloud work-
load data, leading to more accurate and robust forecasts. These advancements
highlight the transformative impact of attention and transformer models on se-
quence data processing.

Ensemble models

Over the years, researchers have been exploring how combining various [DI] ar-
chitectures can enhance forecasting accuracy and model robustness. They have
introduced ensemble models integrating multiple and statistical models
into a single framework. These models leverage the unique strengths of indi-
vidual models, capturing various aspects of workload patterns and providing
more dependable predictions. Several studies [DKC14, EVG15, EVG15, LLC16),
ZUHK™17, KWQH20, BRK21], KSK*™24] have demonstrated the effectiveness of
ensemble models.

Using the ensemble approach in data analysis enables a thorough examination

of intricate relationships and patterns. This reduces the possibility of overfit-
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ting and improves overall performance. By combining the benefits of various
[DI]architectures, the forecasting model becomes more adaptable and capable of
handling diverse workload scenarios. This enhances the effectiveness of work-
load forecasting in cloud computing [VKSR21]].

For more predictive models in cloud computing that have not been included in
this chapter due to their specific focus on time series forecasting, which falls out-
side the scope of uncertainty modelling for cloud workload prediction, we refer
the reader to the following survey papers [HAAT17, DLCO19, MK20, [AK23b),
KS23| [KJS24].

Numerous models have been proposed for cloud workload forecasting, employ-
ing techniques such as data mining, time series analysis, and techniques.
This survey particularly emphasizes models that are widely used in the lit-
erature, focusing on those where uncertainty quantification components can
be easily integrated. These models aim to predict future workloads to enable
proactive resource allocation and management. The performance metrics used
in these studies include predictive accuracy and computational efficiency. For
instance, the studies collectively highlight that models leveraging DL]techniques
generally outperform those based on simple statistical methods in terms of ac-
curacy. However, these models often require more computational resources and
longer training times. The reviewed studies provide a comprehensive evalua-
tion of various cloud workload forecasting models, identifying their strengths
and limitations. These insights are invaluable for developing more accurate and
efficient forecasting models with enhanced uncertainty quantification capabili-
ties.

2.2 Uncertainty in Cloud Workload Forecasting

The models discussed so far all share a common characteristic - they provide
a point prediction of future workload without any indication of the confidence
of the forecast. This can be problematic because, especially in due to the
lack of explainability of the models, these predictions may be either underconfi-
dent or overconfident, and we cannot distinguish between them. In critical use
cases such as healthcare or autonomous vehicles, incorrect and overconfident
predictions can be dangerous. To ensure safe and informed decision-making,
models should provide an output that accurately describes the level of certainty
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in their results. This means that models should include information about their
uncertainty so that users can determine whether the output can be trusted. If
the model produces an output with high uncertainty, the algorithm can request
additional information or input from a human to make the decision-making
process smoother.

Cloud workload can be highly unpredictable, and without considering uncer-
tainty, it can be inaccurate and misleading. This can lead to several problems,
such as overprovisioning, which can waste money and resources; underprovi-
sioning, which can lead to performance problems and outages; and inefficient
resource utilization, leading to higher costs and lower performance. Manag-
ing uncertainty is vital, and it enables organizations to make more informed
decisions, allocate resources effectively, and adapt to changing conditions in
dynamic environments [KKM™21].

However, uncertainty quantification is challenging due to several sources of
uncertainty, including the diversity and dynamic nature of cloud workloads.
Cloud workloads exhibit diverse characteristics and patterns, making gener-
alising forecasting models across different applications and usage scenarios
challenging. Furthermore, cloud workloads constantly change due to user be-
haviour, application updates, and external events, making capturing long-term
trends and patterns difficult [MAH18].

We also need to highlight that cloud computing is a relatively new technology,
and the availability of historical data for workload forecasting is often limited,
making it challenging to build accurate predictive models. Data can be noisy
and incomplete, containing missing values, outliers, and inconsistencies, fur-
ther complicating the task of uncertainty quantification.

In uncertainty is generally classified as epistemic and aleatoric, which are
explained in the following section.

2.2.1 Epistemic and Aleatoric Uncertainty

Epistemic uncertainty refers to the uncertainty of a model caused by insufficient
training data [HW21]]. Adding more relevant and high-quality data for training
can reduce this type of uncertainty. It is important to note that the effectiveness
of data in reducing epistemic uncertainty depends on its appropriateness and
annotations [HLZ21]]. When the input of the model is far from the training data,
models are expected to exhibit high epistemic uncertainty (data variability).

Modelling Uncertainty in Cloud Workload 27 Andrea Rossi
Forecasting



2. WORKLOAD PREDICTION IN CLOUD 2.2 Uncertainty in Cloud Workload
COMPUTING Forecasting

In contrast, they should show low epistemic uncertainty for data points near
the training data. If a narrow dataset is used as a baseline, the model can
only perform well for inputs within that range. However, the model may lack
knowledge of inputs beyond the training range and, therefore, fail to categorize
data correctly [ZLPT22].

Additionally, complicated models containing a multitude of parameters can re-
sult in increased epistemic uncertainty. When there is a lack of sufficient data,
it may not be possible to definitively determine the values of all the param-
eters, which can lead to uncertainty surrounding their accuracy (procedural
variability). Epistemic uncertainty is a significant issue in real-world applica-
tions, mainly when there is a large quantity of data but poor quality. Epistemic
uncertainty can be used to adapt forecasting models to changing data patterns
and improve their accuracy over time. Indeed, by monitoring the level of epis-
temic uncertainty, forecasting models can be updated or adjusted to reflect new
trends or changes in the data distribution [ARA23]].

Aleatoric uncertainty is related to the inherent stochasticity in the process.
When we capture data, it is never a perfect representation of reality because
it is always contaminated by noise and randomness. This noise cannot be con-
trolled and is accumulated across all observations, resulting in aleatoric un-
certainty for the model. Unfortunately, unlike epistemic uncertainty, aleatoric
uncertainty cannot be reduced with additional observations. This is because
additional data will still include noise captured during observation. Aleatoric
uncertainty is not a property of the model but rather an inherent property of the
data distribution. It is also known as data uncertainty and can be captured by
probabilistic classification and regression models through maximum likelihood
estimation [DKDQ9].

Generally, the sum of epistemic and aleatoric uncertainty is referred to as pre-
dictive uncertainty [GHO17]]. The design of the approach influences the type of
uncertainty that can be modelled [APH"21]]. There is a broad literature on how
to model the uncertainty in including ensembles [PHB18] and Bayesian
approaches [[CN20, MPV21] that can be adapted to time series forecasting tasks.
In the following section, we survey the techniques used for modelling and quan-
tifying uncertainty in cloud workload forecasting.
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2.2.2 Forecasting Uncertainty with Deep Learning

Uncertainty quantification techniques for time series forecasting provide a range
of tools for capturing and interpreting uncertainty in model predictions. The
choice of approach depends on the specific characteristics of the data, compu-
tational considerations, and the types of uncertainty that need to be accounted
for. Various methods are employed to measure the level of uncertainty in time
series prediction, such as ensembles and probabilistic forecasting [FVT22].

Ensemble forecasting enhances the robustness and accuracy of predictions by
training multiple models and combining their outputs [AV17]. This technique
captures uncertainty by considering diverse sources of variability. The variabil-
ity and the spread of predictions among ensemble members serve as a natu-
ral indicator of uncertainty. Ensemble forecasting offers robustness by reduc-
ing overfitting and improving generalization. However, managing and training
multiple models can be computationally intensive, and the size and diversity
of the ensemble members influence the effectiveness of ensembles. For this
reason, ensembles have become very popular for improving the accuracy of
cloud workload forecasting [ZLZ™20, KWQH20, BRK21]], without focusing on
the uncertainty quantification aspects that are mainly tackled by probabilistic
forecasting.

Probabilistic forecasting, instead of providing a single forecast, estimates the
probability of various future outcomes. This approach generates a distribution
of potential values, accounting for the inherent unpredictability and variabil-
ity in real-world scenarios, making it an ideal choice for workload forecasting
in cloud computing environments. Probabilistic forecasting is a comprehen-
sive concept that includes any predictive technique that provides a probability
distribution of future outcomes.

Probabilistic forecasting can be classified into parametric and non-parametric
approaches. Parametric methods assume a specific structure or distribution
for the data, while non-parametric methods do not. Parametric methods are
typically more efficient and can provide more accurate forecasts for data that
follows the assumed distribution. However, they may be less flexible in captur-
ing complex patterns in the data that deviate from the assumed distribution.
Non-parametric methods are more adaptable to a wider range of time series
patterns but may require more data and computational resources compared
to parametric approaches. The choice between parametric and non-parametric
methods depends on the characteristics of the time series data, the specific fore-
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casting task, and the balance between flexibility and computational efficiency.
For time series with well-defined patterns and limited complexity, parametric
methods can provide efficient and accurate forecasts. For more complex and
non-stationary time series, non-parametric methods offer greater flexibility and
adaptability. Examples include Bayesian inference [BT11]] and density kernel
estimation [Wegl8|], which are parametric and non-parametric methods, re-
spectively.

Bayesian inference can incorporate prior beliefs about cloud workload patterns
into the forecasting model that can be based on historical data, expert opinions,
or domain knowledge, which is translated in the assumption of a specific shape
of the underlying output distribution, e.g. Gaussian. Density kernel estimation
is a method that estimates the probability density function of a random vari-
able based on observed data points, and it is particularly useful for capturing
the underlying distribution of data without assuming a specific form. In cloud
workload forecasting, kernel density estimation has been applied directly to es-
timate the probability density function of future workload scenarios, offering a
non-parametric approach to uncertainty quantification [MMF17].

Another popular non-parametric method called |quantile regression| (QR)) is used

to estimate conditional quantiles of the response variable based on the predictor
variables. This method provides a complete understanding of the potential
outcomes’ distribution for a given input and gives a detailed knowledge of the
uncertainty associated with the model’s predictions. [QRlis often used in time
series forecasting, and most state-of-the-art models predict a set of quantiles
of the output distribution. It has recently been used for uncertainty prediction
in workload prediction in cloud computing [MBK™23]. However, interpreting
uncertainty estimates in non-parametric models can be more difficult, as they
combine multiple sources of uncertainty [KSZ20].

Another classification of probabilistic forecasting is between Bayesian and non-
Bayesian methods. Bayesian methods incorporate prior beliefs about the pa-
rameters of the model, while non-Bayesian methods do not. Bayesian methods
can provide more robust and reliable forecasts, especially for small datasets,
by incorporating prior knowledge about the data. However, they may be more
computationally expensive and require the specification of prior beliefs, which
can be challenging in some cases. Non-Bayesian methods are simpler and more
computationally efficient but may be less robust in cases where prior knowl-
edge is available. are a specific application of that incorporate the
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Table 2.1: Summary of the uncertainty quantification methods discussed in this
section and their use in cloud workload forecasting domain.

o e . Cloud workload
Method Classification | Type of uncertainty forecasting applications

Ensemble Forecasting (*) non—parame.trlc, epistemic [ZLZ* 20/ KWOH20| [BRK21]
non-Bayesian

Density Kernel Estimation non-parame.trlc, aleatoric [MMF17],
non-Bayesian

Quantile Regression non-pararne.trlc, aleatoric [MBK*23]

non-Bayesian

Bayesian Neural Network | non-parametric, epistemic X

(via Monte Carlo Dropout) Bayesian P

Bayesian Neural Network parametric, epistemic X

(via Variational Inference) Bayesian P

(*) Uncertainty aspects are still underinvestigated

Bayesian principles, while [QR] and density estimation methods do not rely on
Bayesian principles.

Finally, uncertainty quantification methods for time series forecasting can be
classified based on the type of uncertainty that they can model, i.e. aleatoric
only, epistemic only or both. Density estimation methods and [QR] model only
the aleatoric uncertainty [ZZT"22]. Ensemble forecasting captures the diver-
sity among models, which represent different hypotheses, and helps to quantify
epistemic uncertainty. Bayesian inference updates prior beliefs based on new
workload data, resulting in posterior distributions that represent both the inher-
ent randomness in the data (aleatoric uncertainty) and the uncertainty in the
model itself (epistemic uncertainty). However, in the cloud workload prediction
context, Bayesian inference is still underinvestigated. Table [2.1|summarises and
classifies the uncertainty quantification methods described in this section.

In DL} use Bayesian inference principles to model both the epistemic and
aleatoric uncertainty and generate probabilistic predictions. There are various
ways to implement [BNNE, including via [variational inference| (VI). The follow-
ing section will go through the Bayesian inference approach and how it is ap-

plied via[BNNks and

2.2.3 Bayesian Inference

Bayesian inference is a crucial framework in statistics and probabilistic reason-
ing that enables us to revise our beliefs about uncertain quantities (known as
parameters) after studying observed data. This method is built on Bayes’ the-
orem, which outlines the connection between the conditional probabilities of
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two events. Specifically, in the context of Bayesian inference, it links the like-
lihood of a hypothesis (which refers to parameter values) given the observed
data to the likelihood of the data given the hypothesis, the prior probability of
the hypothesis, and the marginal probability of the data [DKC12].

Given a dataset D, we annotated it as D = Ulﬂ (x;,y;); for simplicity. In the case
of a general time series dataset x; corresponds to (y;_x,...,y:—1) (past values)
and y; to y; (value(s) to predict). To estimate an unknown parameter 6 from D,
we combine our prior beliefs with the likelihood of the data to obtain a posterior
distribution. This distribution represents our updated beliefs after considering
the data. Before observing any data, we express our prior beliefs about 6 as a
probability distribution, called the prior distribution, denoted by p(f). Before
data is collected, the prior distribution incorporates any existing knowledge
or beliefs about ¢. The likelihood function, denoted by p(D|f), describes the
probability of observing the data from D given a specific value of . It quantifies
how well ¢ explains the observed data.

Based on the new observed data, the beliefs about the parameter need to be
adjusted. To do so, the posterior distribution p(f|D) can be computed. This
distribution gives the probability distribution of the parameter 6, given the ob-
served data D. To obtain this distribution, Bayes’ theorem can be applied:

p(D|0)p(9)
p(D)

where the term p(D) represents the marginal likelihood or evidence. It acts as

p(61D) = (2.11)

a normalizing constant, ensuring that the posterior distribution sums up to 1.

After obtaining the posterior distribution, future data points can be predicted.
The predictive distribution, which is represented by p(D*|D), shows the prob-
ability distribution of new data points D* based on the observed data D. To
obtain it, we integrate the likelihood function with respect to the posterior dis-
tribution.

p(D*|D) = / p(D*|0)p(0]D)do (2.12)

where p(D*|0) is the likelihood function for the new data points D* given a pa-
rameter . However, in practical applications, the integrals required to compute
the posterior and predictive distributions are often too complex to calculate.
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Applying Bayesian principles in[DI]can be hard due to the numerous parameters
involved in and the complexity of the models [BCKW15]. Despite this,
many methods have been created to apply Bayesian concepts to models,
which can improve the accuracy of predictions and provide a more reliable
outcome. This approach can be seen in the development of BNNE, which use
Bayesian principles in a unique way to provide probabilistic forecasts, unlike
traditional deterministic [NNk.

Bayesian Neural Networks

A is a type of [NN| that utilizes Bayesian inference to calculate the uncer-
tainty of its predictions. In a regular the weights and biases are typically
learned by optimizing a loss function through backpropagation. However, in a
the weights and biases are considered random variables with probability
distributions. Bayesian inference is then employed to update these distributions
as new data is received. This enables the model to estimate the uncertainty in
its predictions [JLB22].

are a valuable tool for probabilistic modelling, and they are gaining more
attention in research and applications that require accurate uncertainty mea-
surement. Nonetheless, pose particular challenges, including higher com-
putational complexity and the requirement for more advanced training algo-
rithms compared to standard [WBM™20].

One of the main concepts of is to assign prior distributions to the model’s
parameters (such as weights and biases) and modify them based on the ob-
served data using Bayesian inference. This process results in the posterior dis-
tribution of the parameters, representing updated beliefs about the model’s pa-
rameters based on the data. ABNN]functions as a probabilistic model, denoted
as p(y;|x;, w), which calculates the probability of each potential output by uti-
lizing the set of weights w.

The weights can be learnt by maximum likelihood estimation| (MLE]), the [MLE]

weights are given by:

wMEE — arg max log p(D|w) = arg maXZlogp(yAxi,w) (2.13)

To achieve this, we typically use gradient descent, specifically backpropagation
[BCKW15]. We make the assumption that log p(D|w) is differentiable in w.
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We can introduce regularization by placing a prior on the weights w and then
finding the maximum a posteriori (MAP) weights.

wMAP — argmax log p(w|D) = arg max log p(D|w) + log p(w) (2.14)

where the term logp(w) is a regularization measure. When w is assigned a
Gaussian prior, it results in L2 regularization (also known as weight decay).
On the other hand, assigning a Laplace prior to w leads to the recovery of L1
regularization.

In Bayesian inference, the posterior distribution of the weights for is calcu-
lated as p(w|D), based on the training data. This computation is equivalent to
using an ensemble of an infinite number of NN, which is not feasible for practi-
cal purposes due to its complexity. Therefore, there is a need for approximation
methods [[Grall]].

There are different techniques available for training BNNE, including Markov
Chain Monte Carlo (MCMC) methods, Monte Carlo Dropout, and

MCMC methods are used to sample from the posterior distribution of the pa-
rameters [MRR" 53], but they can be computationally expensive and impracti-
cal for large networks. Monte Carlo Dropout is a simpler and more efficient way
to approximate Bayesian inference in [NNs [GG16]]. During training, dropout is
applied to the network by randomly setting some activations to zero. Multiple
forward passes with different dropout masks are used to obtain a distribution
over model predictions, which can be interpreted as uncertainty estimates.

approximates the posterior distribution using a tractable distribution like a
Gaussian distribution. The objective is to find the approximating distribution
parameters closest to the true posterior distribution. This approach is less accu-
rate but more computationally efficient than MCMC methods, making it more
suitable for real-world applications [[SKW15].

Variational Inference

is a statistical and method that uses probabilities to estimate complex
probability distributions, particularly in Bayesian inference scenarios. Essen-
tially, VI transforms the task of determining the precise posterior distribution of
unobserved variables into an optimization challenge [BKM17].
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The goal is to estimate the posterior distribution of the weights based on the
training data, which is denoted as P(w|D). Unfortunately, for many complex
models, calculating the exact posterior distribution may not be feasible due to
computational limitations or analytical difficulties.

To tackle the challenge of approximating the true posterior distribution, [VI|in-
troduces a simpler and more manageable family of probability distributions
called the "variational family" represented by ¢(w|6). The goal is to determine
the closest member of the variational family to the true posterior using a dis-
tance metric. As a result, [VI] aims to identify the optimal parameter 6* that
minimizes the [Kullback-Leibler| divergence between the distribution on the
weights ¢(w|0) and the true Bayesian posterior distribution of the weights. The
divergence is defined as:

q(w|0)
KL [g(w]0 w|D)]| = w|0) log ————~—dw (2.15)
(w10)lp(w[P)] = [ a(wloyios S
Therefore, the optimal parameter 6* is given by
0" = argmin KL [g(w|0)|[p(w|D)]
— arg mi _awlh)
- arg9m1n/q(w|9) log p(w)p(D|W)dW (2.16)

= arg min KL [g(w|0) [p(W)] — Eq(wp) [log p(D|w)]

complexity cost likelihood cost

The equation is a cost function comprising two components. The first
component, the likelihood cost, depends on the data. The second component,
the complexity cost, depends on the prior distribution, i.e. the complexity of
the variational family.

The [KL|divergence can be equivalently expressed with thelevidence lower bound|

(ELBO) or negative variational free energy:
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0 = arg min KL [g(w}0) [p(w]D)

. q(wl0)
= arg mm/ (w]0) log dw
6 p(w|D)
: q(w|6 )] (2.17)
=argminE we |lo
gé) q(w|0) [ g p(w|D)
= arg min Eywp) log ¢(w|0) — Ey(we) log p(w, D) +log p(D)
0 ——
—ELBOIq) evidence

The evidence relates to the probability of the observed data. The is es-
sential in VI as it acts as an objective function to lead the optimization process
in discovering the most accurate approximating distribution. Because the
divergence is always positive, the evidence is greater or equal to the i.e.

log p(D) > [ELBO(q) (2.18)

Therefore, by maximizing the we can minimize the [KI] divergence be-
tween the variational distribution and the true posterior, resulting in a more
accurate approximation of the posterior distribution p(w|D). In practice,
can be optimized through V] using the Bayes by Backprop algorithm [BCKW15].

2.2.4 Probabilistic Forecasting Models

In the following sections, we will introduce several cutting-edge probabilistic
models that do not rely on Bayesian principles, many of which employ [QRl
These models are specially designed for training with multiple time series data,
advancing the field of probabilistic forecasting. Because of their stochastic na-
ture, they all can be used to model the uncertainty of the prediction.

DeepAR

DeepAR is a time series probabilistic forecasting model using autoregressive
proposed by Amazon [SFGJ20] and constitutes a milestone for the time
series forecasting community. One or more target time series produced by the
same or related processes serve as the DeepAR algorithm’s training input. The
technique uses this input dataset to train a model that approximates these pro-
cesses and utilizes it to forecast the evolution of the target time series. Each
sample consists of a set of adjacent points of the time series representing the
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context, i.e., how far the network can see, and the prediction window, wh-
ich defines how far the model can predict the future. The advantage of this
approach is that it can be jointly trained by sharing information across time
series, capturing patterns of similar time sequences generated by the same pro-
cess. Instead of directly using [LSTM]for the prediction, the model estimates the
mean forecast as well as quantiles representing different levels of uncertainty.
DeepAR’s ability to jointly train across multiple time series and model uncer-
tainty through quantiles makes it a benchmark for probabilistic forecasting in
various applications, including cloud workload forecasting.

Temporal Fusion Transformer

Temporal Fusion Transformer| (TFT) is an attention-based Deep designed

by Google [LALP21]. It is another state-of-the-art method for time series fore-
casting. It can be applied to multi-horizon forecasting, where the multi-head
attention allows the heads to share some weights that may be interpreted in
terms of seasonality analysis. The model includes several components, such as
an encoder-decoder layer and a variable selection network for feature
selection when covariates are passed as network input.

The multi-head attention mechanism is exploited to highlight the most relevant
parts of the input window to make the prediction. The optimization of this
network generally uses quantile loss as the loss function, which allows mod-
elling the uncertainty of the forecast. As for DeepAR, is jointly optimized
using multiple time series from different distributions. has outperformed
DeepAR in electricity demand and traffic forecasting applications, making it a
leading model for complex forecasting tasks that require attention mechanisms
and uncertainty modelling.

To conclude this review, we highlight other state-of-the-art probabilistic models
that have gained popularity in time series forecasting, especially in benchmark-
ing applications such as electricity demand forecasting and traffic forecasting.
However, only some of them have been applied in the context of workload pre-
diction in cloud computing.

Other Models Used in Cloud Workload Forecasting

* Facebook Prophet [TL18]: is a prediction tool created by Facebook’s Core

Data Science team. It is an open-source program that uses an additive
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model to fit non-linear trends with yearly, weekly, and daily seasonal-
ity and holiday effects. While it is most effective with time series data
with strong seasonal effects and multiple seasons of historical informa-
tion, it has also been utilized for workload forecasting in cloud computing
[DAMZ21]]. Prophet’s ease of use and effectiveness in capturing seasonal-
ity make it a practical tool for time series forecasting.

* N-BEATS [OCCB19]: is a model that uses to make probabilistic pre-
dictions for univariate time series. The architecture is based on backward
and forward residual links with a deep stack of fully-connected layers. It is
a fast and interpretable model that works well in various domains without
requiring modifications. N-BEATS’ robust performance and interpretabil-
ity establish it as a reliable choice for univariate time series forecasting in

diverse applications.

* N-HiTS [COO™23]: is a neural hierarchical interpolation model designed
for time series forecasting. It tackles two significant obstacles in long-term
forecasting: the unpredictability of the forecasts and their computational
complexity. N-HiTS utilizes unique hierarchical interpolation and multi-
rate data sampling methods, which allow the model to generate predic-
tions sequentially. It also breaks down the input signal and creates a fore-
cast through synthesis. N-BEAT and N-HiTS were employed concurrently
in an ensemble for cloud workload forecasting [BYXS22]]. N-HiTS’ inno-
vative approach to hierarchical interpolation and long-term forecasting
challenges offers a sophisticated method for addressing complex forecast-
ing problems in cloud workloads.

Other Models Not Used in Cloud Workload Forecasting

* DeepVAR [SBSCT19]: is an upgraded version of DeepAR that can handle
multiple time series and detect how they affect each other. Compared to
DeepAR, DeepVAR is specifically designed to manage multivariate time
series data. While DeepAR can also handle multivariate data, DeepVAR
is better at capturing the target values’ covariance and the interactions
between multiple time series. Its capability to predict multiple related
time series together makes it highly suitable for multivariate forecasting
tasks.

* MQTransformer [EPM20]: is a forecasting model that leverages trans-

former architectures initially developed for It incorporates context-
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dependent and feedback-aware attention mechanisms, enhancing proba-
bilistic forecasting accuracy. The model’s decoder-encoder attention al-
lows it to align with the context and analyze its historical data to im-
prove its forecasts. Additionally, MQTransformer’s positional encoding
allows the to learn seasonality patterns. MQTransformer’s advanced
attention mechanisms position it as an effective tool for models requiring
context-aware forecasting.

e Informer [[ZZPT21]: is a self-attention encoder-decoder framework that
utilizes a self-attention mechanism to capture long-range dependencies
in time series data more effectively than traditional RNNk. Informer em-
ploys a global attention mechanism to dynamically select the most rele-
vant time steps. This combination of self-attention mechanisms enables
the Informer to capture complex temporal patterns accurately, setting a
high standard for long-range dependency modelling.

* TimesNet [WHL™22]: is a novel deep neural network architecture for
time series analysis based on the idea of transforming 1D time series data
into 2D tensors, which allows the network to capture both intra-period
and inter-period variations in the data. TimesNet has been shown to
achieve state-of-the-art results on a variety of time series analysis tasks,
demonstrating that this model outperformed several other state-of-the-
art models on short-term forecasting, long-term forecasting, imputation,
classification, and anomaly detection.

* PatchTST [NNSK22[: is a model designed for long-term forecasting with
transformers. It vectorizes time series into patches of a given size and en-
codes the resulting sequence of vectors via a transformer that then outputs
the prediction length forecast via an appropriate head. The model is based
on two key components: segmentation of time series into subseries-level
patches and channel-independence where each channel contains a single
univariate time series that shares the same embedding and transformer
weights across all the series. PatchTST has shown significant improve-
ments in long-term forecasting accuracy compared to other state-of-the-
art transformer-based models.
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2.3 On Times Series Clustering

Clustering is an unsupervised method that divides a set of unlabeled data items
into uniform groups or clusters. The goal is to create clusters where points are
most similar within the group and least similar to those in other groups. The
most popular clustering algorithm is K-means, which is a method that partitions
the dataset into K clusters by minimizing the sum of the squared distances
between the data points and their centroids [M*67]. In the K-means algorithm,
assigning a data point to a cluster is typically based on minimizing the Euclidean
distance, defined as:

dEuclidean(Xa Y) - (219)

where X = {x1,29,..,2,} and Y = {y1, s, ..,y,} are two time series with the
same length n. Specifically, a data point is assigned to the cluster whose cen-
troid has the closest Euclidean distance to that point, and then the cluster cen-
troids are updated based on the new assignments. This process is repeated until

the assignments stabilize or a maximum number of iterations is reached.

Clustering can also be applied to time series data. Time series clustering has
proven to be a versatile technique, finding applications across various domains.
For instance, it has been used in healthcare to identify similar patterns of dis-
ease progression and suggest treatment strategies [HDM15]. It has also been
employed in finance to detect fraud and assess risk by grouping similar finan-
cial time series and pinpointing anomalies [CLKK16]. Additionally, time series
clustering has been leveraged in smart city applications, such as traffic opti-
mization, energy consumption management, and public safety [BDN*20].

However, time series clustering poses several unique challenges compared to
traditional clustering approaches. Time series data inherently exhibit temporal
dependencies, meaning that the values at a given point in time are often in-
fluenced by the values in previous time steps, complicating the clustering pro-
cess. Additionally, because of the curse of dimensionality, time series become
more equidistant from each other in the high-dimensional space and this phe-
nomenon, known as the concentration of the norm, results in traditional dis-
tance measures like Euclidean distance becoming less meaningful, negatively
impacting distance-based algorithms such as K-means clustering. Many appro-
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aches have been proposed to deal with time series clustering, including applying
dimensionality techniques before applying the standard K-means algorithm.

Principal Component Analysis

IPrincipal Component Analysis| (PCA) is one of the most popular statistical meth-

ods for reducing dataset dimensionality [[Pea01]]. The data are transformed lin-
early into a new orthogonal coordinate system with fewer dimensions that pre-
serves most of the variance of the original data. The new orthogonal axes are
called principal components. The mathematical formulation of [PCA| involves
calculating the covariance matrix of the data and then finding the eigenvec-
tors and eigenvalues of this matrix. The eigenvectors correspond to the princi-
pal components, and their corresponding eigenvalues represent their respective
variances. The top k eigenvectors with the largest eigenvalues represent the k

principal components that capture the most variance in the data.

Due to its high interpretability, especially when data are mapped into two di-
mensions to identify clusters of correlated data points, it became a popular tool
in time series analysis [LCDO04, Li19]. @ can be used to reduce the dimen-
sionality of the time series before applying K-means [AAEBS23]].

Variational Recurrent Auto-Encoder

The |Variational Recurrent Auto-Encoder| (VRAE)) is a model that maps time se-

ries data to a latent vector representation of probability distribution, learned
in an unsupervised fashion [FVA14]. This architecture combines the represen-
tation learning power of a variational auto-encoder with the ability of to
deal with sequential data. Whereas in a conventional Variational Auto-Encoder,
the encoder and decoder are standard feed-forward neural networks, in the
they are[RNNs. The network’s parameters are learned by jointly optimis-
ing the sum of the [K[] divergence between the distribution learned in the latent
space and a normal distribution plus the reconstruction error, which is the dif-
ference between the original data and the reconstructed one. An illustration of
the is depicted in Fig. The variational component of the can
deal with larger time series data without requiring more training epochs. This
model has been widely applied in anomaly detection and forecasting time series
applications [PS18| ZWYZ21]. can be used to reduce the dimensionality
of the time series and apply K-means on the latent space.
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Figure 2.1: Variational Recurrent Auto-Encoder architecture [FVA14]. The net-
work is trained end-to-end to minimise the reconstruction error. After the train-
ing is completed, the encoder maps the time series data to distributions in the
latent space.

Self-Organising Maps

A [Self-Organising Map| (SOM) or Kohonen map is an unsupervised tech-
nique introduced by Kohonen [Koh90]. It is an artificial neural network that dif-
fers from standard neural networks because it is trained with competitive learn-
ing (unsupervised). First, the is trained to create a lower-dimensional
input data representation. Second, mapping uses the created map to catego-

rize further input data. In most situations, the training’s objective is to convert
an input space into a two-dimensional map space. are inspired by the
brain map for visual and sensory information, which responds similarly when
to particular input sequences. In this scenario, the neurons compete among
themselves: when the input is fed to the network, the network computes the
distance between the input and each weight. An illustration of the is

depicted in Fig.

This ability to produce a map is a method for dimensionality reduction that
is a nonlinear generalization of Because each map node can be seen
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as a cluster medoid, we can use [SOM| as a clustering technique. [SOMs have

been widely applied in time series contexts, including forecasting applications
[Bar07, SE11]]

X Winner neuron

Input vector

Figure 2.2: Self-Organising Map architecture [SFSHTM20]. The network is
trained with competitive learning, where each neuron competes with each other
to become the winner neuron, i.e. the neuron that is activated in response to
certain input.

Dynamic Time Warping

In the context of time series, the centroid can be computed as the arithmetic
mean of each time series timestamp grouped into a cluster. However, Euclidean
distance has often been proven less effective and accurate than elastic met-
rics PLEF20]. A popular one is the [Dynamic Time Warping (DTW)
[PFW*14], which can handle time series of different lengths and is invariant
to dilation in time. The objective is to find the optimal match, i.e. the warping

path between two times series. Given X = {xy, 29, ..,z,} and Y = {y1, 9o, .., Ym }
are two time series of length n and m, respectively, we can arrange a n-by-m
grid, where the point (¢, j) of the grid correspond to the data point (z;, y;). The
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formulation for (i, j) is defined as:

dDTW(Zaj) = dij + mln{dDTw(Z - ]_,j), dDTW(iaj — 1), dDTW<Z - 17j - 1)} (220)

where d;; is the distance between points z; and y; and it is generally the Eu-
clidean distance. offers the opportunity to apply the K-means algorithm
directly to the time series data at the cost of extra complexity. DTW Barycenter

|Averaging| (DBA) [PKG11] is generally used to compute the centroids, i.e. time
series that minimize the sum of distances to a cluster of time series. The
element b, of the DTW| barycenter B = {b,bs, .., b, } for the cluster of p time
series y = { X1, X, .., X, } is defined as:

p .
by = argmin Y _ dprw(zt, xgl)) (2.21)

o=l

where dDTw(xt,xgi)) is the distance between xz; and the corresponding
value xf) of the i-th time series. DT@ has been used in various time series ap-

plications, including sensor-based signal classification in healthcare [VMPS18]
and forecasting [YJYB16, MRKV21, [PSA21], [SSMB24].

Other Methods

Other time series clustering methods include Density-Based Spatial Clustering]

lof Applications with Noise| (DBSCAN)) and hierarchical clustering.

Hierarchical clustering is a method of cluster analysis which seeks to build a
hierarchy of clusters [LiaO5]]. The process generally starts by treating each ob-
ject as a singleton cluster. Then, pairs of clusters are successively merged until
all clusters have been merged into a single cluster that contains all time se-
ries, or it can interrupted when a predefined number of clusters is reached.
Distance metrics like are used to compute the similarity between two
time series. Hierarchical clustering has been widely applied in time series
classification for data streams [RGPOS8]] and several applications in energy con-
sumption forecasting at different levels, such as household, city, national levels
[RLM™20, [CMA23].
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[KRA™14] is an unsupervised density-based clustering algorithm. Un-
like hierarchical clustering, which requires the number of clusters to be prede-
fined, can automatically detect high and low-density areas: the high-
density regions are identified as clusters, and low-density regions are consid-
ered as noise. To determine high-density and low-density regions, we consider
two parameters: search distance and minimum feature per cluster. If a region
meets both criteria, it is classified as a high-density region. Regions that do
not meet these two criteria are considered low-density regions. has
been widely used in various applications in time series analysis, particularly in
anomaly detection [[Chel9, JBP22].

2.4 Conclusion

The chapter gave an overview of the fundamental workload forecasting model
that can be used in cloud computing environments. The chapter then discussed
the various techniques proposed to handle the uncertainty surrounding cloud
workload prediction. The review examines the strengths and weaknesses of
different approaches, analysing how researchers have tackled the challenge of
modelling uncertainty in this field. However, the chapter also highlights some
critical research gaps in this area.

The review identified that traditional statistical methods, while simple and in-
terpretable, struggle with capturing complex, non-linear relationships in cloud
workload data. techniques, although promising in learning patterns from
historical data, can be sensitive to the quality and quantity of training data.
[DL] approaches, despite their superior performance in handling large-scale data
and intricate patterns, often face challenges such as overfitting and high com-
putational requirements.

One significant finding is that the existing models often fail to model both two
essential types of uncertainty: epistemic uncertainty, which arises from limi-
tations in the model’s knowledge or training data, and aleatoric uncertainty,
which stems from the inherent randomness or noise in the data itself. By not
accounting for these different sources of uncertainty, the models may provide
an incomplete picture of the potential future workload. Moreover, uncertainty
quantification in cloud workload forecasting is still underexplored. The abil-
ity to accurately quantify uncertainty can significantly impact the effectiveness
and reliability of workload predictions. While some techniques exist, further
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research is necessary to develop more robust and comprehensive methods to
quantify epistemic and aleatoric uncertainty. This would enable cloud providers
to make better-informed decisions. Additionally, while some advanced methods
have been proposed, they often come with limitations, such as high computa-
tional complexity and the need for extensive tuning.

In this dissertation, we address these research gaps by proposing a novel ap-
proach to model both aleatoric and epistemic uncertainty to predict future cloud

workloads. We leverage [Bayesian Neural Networks for uncertainty modelling,

aiming to provide a balanced trade-off between predictive accuracy and compu-
tational efficiency. Additionally, we explore time series clustering for numeros-
ity reduction, enhancing the scalability of the proposed methods. In the context
of this thesis, the Bayesian uncertainty modelling approach is positioned within
the landscape of state-of-the-art models. By incorporating uncertainty quan-
tification, this approach aims to offer a balanced trade-off between predictive
accuracy and computational efficiency, addressing some of the limitations iden-
tified in these studies.

Finally, this chapter has provided an overview of time series clustering, delving
into its background concepts, algorithms and applications. This comprehen-
sive understanding of the field serves as a springboard for the remainder of
this thesis, where we will further develop and validate the proposed approac-
hes in subsequent chapters. By integrating these insights, we set the stage for
proposing innovative solutions that address both the need for accuracy and the
practical challenges of computational efficiency in cloud workload forecasting.
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Chapter 3

Cloud Workload Datasets
Preprocessing

Forecasting models rely heavily on real-world data to design, train,evaluate,
and fine-tune their practical applications. Many publicly available cloud com-
puting workload datasets have been created to meet this need, which capture
the usage patterns, resource demands, and behaviours of applications and users
in cloud environments. These datasets are essential in facilitating research,
benchmarking, and developing data-driven solutions for cloud optimisation.

Dataset providers use different techniques to clean, anonymise, and format raw
data before making it available for analysis. However, the absence of stan-
dardised guidelines and documentation, often due to heterogeneous cloud in-
frastructures, can lead to different interpretations of data and make it hard to
preprocess the datasets uniformly, reproduce research findings, compare results
across studies, and ensure data quality.

This problem is propagated to the preprocessing step, generally performed by
researchers. Inconsistent descriptions of preprocessing methods can cover var-
ious areas, such as combining information, extracting features, and reducing
noise. These differences in how data is prepared can lead to variations in the
dataset characteristics, which may impact research results’ accuracy and repro-
ducibility. Although these datasets offer valuable insights into cloud computing
practices, the lack of consistency in preprocessing descriptions highlights the
importance of standardised methods and clear documentation to ensure that re-
search findings can be replicated and trusted. By addressing these challenges,
researchers can create more robust studies in cloud computing and develop
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practical solutions for improving cloud services.

In this chapter, we first survey the most popular cloud workload datasets in
the literature. Then, we describe the preprocessing steps we apply to work-
load datasets, underlying the inconsistency and often incomplete description of
these steps in the literature. Finally, we describe in detail the datasets we pre-
processed and used in our experiments for the rest of the dissertation, providing
some insights into the preprocessed datasets. For the rest of this dissertation,
we will refer to a dataset as a set of time series describing a phenomenon over
time, e.g. the average CPU and memory workload of a cloud cluster cell or a
machine in a cluster cell, while we will refer to trace as the original data found
in the literature and/or provided by cloud computing service providers.

3.1 Cloud Workload Traces

The literature has explored a large variety of datasets over the years. As men-
tioned in the previous chapters, the first attempts to explore workload predic-
tion have been applied to HTTP servers, including NASA [KS18| YS21]] and
Wikipedia [HHKA13|, [CMRB14] and distributed systems, such as the Unix sys-
tems released in 1997 [DOO0O, YPZ"14]]. The limitations of these datasets are
given by the fact that HTTP and distributed systems are often characterised
by multiple seasonalities (daily, weekly, etc.) [Yoal3]], making the time series
forecasting task much easier than predicting the future workload in cloud com-
puting systems [CHM"19].

Simulated and synthetic datasets have become increasingly popular with the
emergence of CloudSim [[CRBT11]. CloudSim is a framework that enables
users to simulate and model cloud computing systems and applications. It pro-
vides support for creating virtualized cloud environments, allocating resources,
and executing workloads. By using CloudSim to generate simulated workload
data, one can evaluate the performance and efficiency of various cloud scenar-
ios and policies without having to use real cloud infrastructures. For instance,
CloudSim can be used to generate simulated workload data such as the work-
load of random cloudlets, which consists of a set of cloudlets (units of computa-
tion) that have random arrival times, durations, and amounts of data processed
[PR21, WEC21]], or the TPC-W [Men02] workload that simulates the activities
of a business-oriented transactional web server, like an e-commerce site. It mea-
sures the number of web interactions processed per second by a system under
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different workload profiles [IKLL12, /AB13]]. One of the most popular datasets
available on CloudSim is the PlanetLab [CCR™03] workload dataset, which is
a real dataset that contains a set of CPU utilization traces from PlanetLab VM.
PlanetLab was a global research network that supported the creation of new
network services. These traces were collected during 10 random days in March
and April of 2011 [QZG16, FPL"16].

The |Google Cloud Trace 2011| (GC11) [RWH11] is one of the earliest real-
world publicly available cloud workload traces. This is why it became the most

popular trace used in workload forecasting experiments, with dozens of articles
published in more than one decade, including [DKC12, [YPZ" 14, DKC14]. This
trace has been invaluable in understanding and improving cloud infrastructure.
Recently, Google has released an advanced and updated version of the trace,
the |Google Cloud Trace 2019| (GC19) [Wil20], which is still underinvestigated
in the literature [CPD23]]. Because we are using these traces in the rest of the

dissertation, we will give a deeper description of this trace in Section

Two popular datasets used in research are the Facebook Hadoop workloads and
the GWA-T-12 Bitbrains dataset. The Facebook Hadoop workloads [CAK12[
contains segments of one hour from Facebook Hadoop traces, which were pub-
lished as part of the UC Berkeley AMP Lab’s SWIM project [CGGK11]]. This
trace provides information about the arrival times, durations, and amounts
of data processed by the tasks in Hadoop, an open-source framework that
enables distributed storage and processing of large datasets across comput-
ing clusters. Researchers have utilized this trace in various studies, such as
[KWQH20, JLKW20, AJL."22]. The GWA-T-12 Bitbrains dataset [[SVBI15] is a
collection of performance metrics from 1,750 in a distributed [DC/managed
by Bitbrains, a service provider specializing in managed hosting and business
computation for enterprises. The dataset is divided into two traces of different
sizes, and each file in the dataset represents the performance metrics of a [VM]
The dataset has been used in [ZUHK"17, LFK™21, BRK21].

Several cloud service providers, including Microsoft and Alibaba, have made
real-world traces from their cloud environments publicly available for research
purposes. Microsoft has released the Microsoft Azure 2017 trace [CBM™17]
and the Microsoft Azure 2019 trace [SFG*20]. The former is a trace of the VM|
workload of Microsoft Azure collected in 2017 and comprises information about
approximately 2 million VMk and 1.2 billion utilisation readings. This trace is
a subset of the [VM] workload in one of Azure’s geographical regions. Several
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works have used this trace, including [JLKW20, DAMZ21]]. The Microsoft Azure
2019 trace is a newer and larger version, containing information about roughly
2.6 million and 1.9 billion utilisation readings. It has been used in [SK21a),
SK21b, IAJL."22]. Both can be used for research on cluster scheduling, resource
management, workload characterisation, and performance modelling. On the
other hand, Alibaba released the |Alibaba Cluster Trace 2018| (AC18)) [JOS™20]
that became one of the most used datasets in the cloud workload prediction
literature [ZZCG19, WFC21|, VKSR21]]. Later, Alibaba released a new version,
the |Alibaba Cluster Trace 2020| (AC20) [WXY"22], also containing information
about the workload of a GPU cluster system for two months. It is still not

frequently used, with only a few works using it, including [MBK™23]. We will
give more information about these two traces in Section

While most of the literature is focused on predicting the average CPU workload
of a cloud computing system or a[VM], more recently, there has been greater at-
tention to the GPU clusters, with a few datasets publicly available for research.
This includes the Microsoft Philly trace [JVPT19], containing representative
training workloads of [DL{ models on Microsoft Philly clusters with jobs submit-
ted between August and December 2017. Another one is the SenseTime Helios
trace [HSY'21] that contains public releases of workload traces from Sense-
Time Helios The Helios [DC|is dedicated to developing DI models. It con-
tains 8 independent GPU clusters and over 12,000 GPUs in total. The 6-month
workload trace from 4 representative GPU clusters, Earth, Saturn, Uranus, and
Venus, are publicly released in this trace. The utilisation of those two GPU
traces in experiments in workload prediction is limited to [MBK™23].

To conclude, we summarise the traces described in this Section in Table in-
cluding a list of research works in the literature that use them in cloud workload
prediction applications.

3.2 Preprocessing

According to the description of the preprocessing phases in the literature, we
have formalized a procedure for processing the workload datasets. This pro-
cedure can be extended to future datasets, and we have taken care to make
it replicable. We have based our choices on the consensus of the literature,
ensuring that the procedure is well-motivated.

All the traces we preprocessed contain the measurement of the average resource
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Table 3.1: Summary of workload traces in the literature used for workload
forecasting and list of related publications. In bold the traces used in this dis-

sertation.
Name Type Year Reference Research Papers
Paper
NASA HTTP 1996 [AW96] [KS18],[YS21],[KSB21],[KS21]
Wikipedia servers 2009 | [[UPVS09] [HHKA13], [CMRB14]|
UNIX systems 1997 [DOO00] [DO00],[[YPZ14 IT[SYZ*'IS |,12ZCG19],[JLKW20]
PlanetLab Distributed 2003 | [CCRF03] [QZG16],[FPL*16],[DMD*17],IMDB*18],[ZYY"18], |
systems [KSB21]
T T
GWA-T-12 Bitbrains 2015 | [SVBITS) | [ZUHKLZLILEK [zéiibgﬁﬁ;kgl}ﬂmz”’ Bor=l).
Facebook Hadoop 2011 | [CGGK1TI] [KWQH20], [JLKW20], [AJL"22]
CloudSim datasets Synthetic | 2003 | [CRB'11] [PR21],[WFC21]
CloudSim TPC-W data 2003 | [CRB*11] [Men02]
[DKC12],[YPZT14],[DKC14],[THHSS14],[HIL 14], |
[BS15],[EVGI5],[YZY"15],[Vazl5],[ZLZ"16],
[LLC16],[ASKO16], [FPL*16],[BRGB"16],[YJYB16],
[IM16],[JB171,[ZDY"17], ISYZ"18],[ZZSG18],
Google Cloud 2011 2011 | [RWHI1] [KS19al, [KS19b].[SH20], [GWS20], [KWOH20],
[JLKW201, [KSB21],[BLYZ21], [KS21],[BLYZ21],
[OYLC21],[PR22], [AS22], [MTSAZ2], [XSW+22],
Pfeafiw"ﬂd (RBL* 221, [AJL*22]
Google Cloud 2019 | ©°U¢ 8% 50519 [ [Wil20] [CPD23]
Microsoft Azure 2017 2017 | [CBM™17] [JLKW20], [DAMZ21],[1SZL*21],[AJL22]
Microsoft Azure 2019 2019 | [SFG™20] [SK21al,[SK21b],[AJL22]
[ZZCG19],[WFC21],[VKSR21],[CLY"21],[CZ21],
Alibaba Cluster 2018 2018 | [JQST20] [SzL721],[PK22],[ZIW22],[YGL™22],[CZY22],
[XSWF22], [AJLF22]
Alibaba Cluster 2020 2020 | [WXYT22] [MBK™23]
Microsoft Philly 2019 | [JVP19] [MBK*23]
SenseTime Helios 2021 | [HSY*21] [MBK*23]

utilisation of jobs or tasks or instances that are running in a machine belonging

to a certain cloud compute cell in a certain time interval. The traces contain

information on the scheduling decisions of the cloud resource manager. From

those traces, we assume we can derive a table similar to Table generally by

combining information from different tables. In particular, we are interested in

the following attributes:

e Machine ID: ID of the machine whose statistics are measured

* Job ID: ID of the job assigned to the machine with ID Machine ID

* Status: job status, e.g. running, pending, failed, killed, etc.

* Start time: the timestamp of the start time of the measurement

* End time: the timestamp of the end time of the measurement

* Average CPU/GPU units: the average CPU or GPU units used in the time
interval between start time and end time

* Average memory units: the average memory (RAM) or GPU memory
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units used in the time interval between start time and end time

3.2 Preprocessing

Table 3.2: Example of general workload dataset before preprocessing.

Average | Average

Machine ID | Job ID | Status Start time End time CPU/GPU | memory
units units
1200 8795 | Running | 50000500000 | 50000557000 | 5652.5 424.5
1205 5435 | Running | 50000604000 | 50000609000 | 45676.4 454.0
3625 8641 Failed | 50000820000 | 50000830000 | 10155.7 787.0

3789 4564 | Pending | 50000904000 | 50000927000

3789 4564 | Running | 50000927000 | 50001012000 | 546476.4 | 458.0

Given the table and the attributes as in the example, the preprocessing proce-
dure can be summarised as follows:

* We consider the measurements of the average utilisation of resources as
done in most of the works (e.g. [WFC21], SYZ"18]]). Generally, the traces
present spikes such as the minimum and maximum utilisation over a time
period and can be used in the forecasting [DKC12].

* We consider only the workload in execution , i.e., the jobs with status
Running in the interval in which the average utilisation of resources is
measured, excluding jobs that are queued, failed, etc. In most works, the
jobs considered in the workload are not specified.

* As we commonly found in the literature (e.g. [HHKA14, KS19b, LL.C16]),we
aggregate the average utilisation of processing units and memory in inter-
vals of 5 minutes. This can easily be extended to multiples of 5 minutes
by averaging consecutive intervals. Other works, such as [MBK"23], use

intervals of 1 minute.

* Missing data are ignored for simplicity. The majority of the papers do not
specify how to deal with missing records.

* To extract the average CPU and memory workloads for each time window
of a given cluster, we consider that a job can run only partially on the
5-minute window of interest. For this reason, we multiply the average
CPU and memory workload by a weight corresponding to the run time
interval within that window as done in [JB17]. As a result, a task with a
one-minute run time in a five-minute window does not count as running
for the entire period.

We applied this preprocessing to a few of the aforementioned traces. The pseu-
docode of the procedure for preprocessing each trace is shown in Algorithm
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It is worth noting that step (3) involves extracting the information from each
task submitted in a certain machine in a certain cluster cell. However, this op-
eration might involve aggregating information from different tables, depending
on the underlying structure of each trace. An example of the resulting dataset
after the preprocessing is shown in Table In the resulting dataset, inter-
vals are consecutive and have the same length (5 minutes), and the average
resource units include the overall workload in that time interval. This aggrega-
tion can be performed at the machine level (we include only the jobs with the
same Machine ID) or at the cluster level (we include all the jobs from all the
machines).

Algorithm 1 Preprocessing Steps for Workload Datasets

1: Input: Raw dataset containing measurements of average resource utiliza-
tion.
: Output: Preprocessed dataset with relevant attributes and aggregated met-
rics.
: procedure PREPROCESSDATASET (rawDataset)
Initialize preprocessedDataset as an empty table.
for each record in rawDataset do
Extract Machine ID, Job ID, Status, Start time, End time, Average
CPU/GPU units, Average memory units from record.
7: if Status = ‘Running’ then
Add the record to preprocessedDataset.

N

AN

9: for each 5-minute interval in preprocessedDataset do

10: Initialize intervalCPUUtilization and intervalMemoryUtilization to O.

11: for each record in the 5-minute interval do

12: Calculate weight as (End time - Start time) / 5 minutes.

13: Multiply Average CPU/GPU units and Average memory units by
weight.

14: Add weighted values to interval CPUUtilization and intervalMem-
oryUtilization.

15: Store the aggregated values in preprocessedDataset.

16: Return preprocessedDataset.

3.3 Preprocessed Datasets

The selection of workload datasets for processing is critical in any data-driven
research or analysis. While the goal for the chosen datasets is to be relevant
and representative of real workloads, the selection is critical because the data
quality directly impacts the effectiveness of the trained model. In this con-

text, we have chosen to preprocess and use [GC11|and |AC18| real-world cloud
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Table 3.3: Example of the resulting dataset after preprocessing. For each time
interval (of 5 minutes each), we have the measurement of the average resources

used in the period.

Time Average | Average

Start time (ms) | End time (ms) | CPU/GPU | memory

Interval . .
units units

1 50000500000 50000800000 | 1.753E12 | 5.753E11

2 50000800000 50001100000 | 1.923E12 | 6.323E11

3 50001100000 50001400000 | 1.345E12 | 5.985E11

4 50001400000 50001700000 | 1.763E12 | 5.772E11

5 50001700000 50002000000 | 1.901E12 | 6.051E11

traces widely explored in the literature (see Table [3.1). We also preprocessed

their newer versions |[GC19| and [AC20. These traces have earned prominence

by offering rich and diverse insights into various cloud computing applications.
Preprocessing these datasets is worthwhile as it helps ensure the data is clean,
consistent, and formatted so that the [DI) model can understand and utilise ef-
fectively. In selecting datasets, we carefully considered their relevance to our
research focus on cloud computing, ensuring they aligned closely with our spe-
cific goals. High-quality and comprehensive data was a priority, as it is essential
to derive accurate insights. Additionally, the complexity and efficiency of pre-
processing were taken into account to avoid errors and inconsistencies. Conse-
quently, the preprocessing requirements for other datasets such as the Microsoft
traces were significantly more complex and time-consuming, which could have
introduced additional challenges and potential inconsistencies in our analysis.
Therefore, we opted for datasets that better suited our research objectives and
provided a more robust foundation for our data-driven analysis.

3.3.1 Google Cloud Trace 2011

The is a comprehensive collection of information that offers a detailed
snapshot of the operations carried out in a Google compute cell. A Google com-
pute cell refers to a group of machines connected by a high-bandwidth network
and controlled by a cluster-management system known as Borg [TBD"20], wh-
ich is Google’s internal cluster management software. Google released this trace
as part of its effort to provide researchers with real-world data from production
clusters.

The trace contains details about jobs, tasks, machines, events and resource us-
age. It provides data from a single 12.5k-machine Borg cell from May 2011

Modelling Uncertainty in Cloud Workload 54 Andrea Rossi

Forecasting



3. CLOUD WORKLOAD DATASETS
PREPROCESSING 3.3 Preprocessed Datasets

with 29 days of workload. The trace contains information such as machine
events, collection events, instance events, and resource usage. Machine events
describe the state changes of machines in the cell, such as adding, removing,
updating, or failing. Collection events describe the life cycle of collections in
the cell, such as submitting, scheduling, starting, ending, or killing. Instance
events describe the life cycle of instances in the cell, such as creating, placing,
beginning, ending, or evicting. Resource usage describes the CPU and memory
resources consumed by instances on each machine over time.

Google obfuscated, normalised, and scaled the data to protect confidentiality.
For example, most text fields are hashed, resource sizes are linearly transformed
using a scaling w.r.t. the biggest machine in the cluster cells and numerical
identifiers are mapped onto a sorted series using sequential numbers.

The original trace is available via Google Cloud Storage, and we preprocessed
it locally. The preprocessed dataset is depicted in Figure
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Figure 3.1: Average CPU and memory (RAM) workload of the preprocessed
|Google Cloud Trace 2011{

3.3.2 Google Cloud Trace 2019

The (GC19|is a newer released trace that captures the workload and resource
utilisation of eight different Google compute cells (from A to H) geographically
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distributed worldwide. The median number of machines per cell is approxi-
mately 10,000. The trace begins on Wednesday, May 1, 2019, and records 29
days of resource usage of different jobs. This version contains more information
with a slightly different structure. Here, Borg supports two kinds of resource
requests: jobs and alloc sets. Jobs describe computations a user wants to run,
and alloc sets represent resource reservations that jobs can run in. Jobs and
alloc sets are collectively called collections. Their components (tasks and alloc
instances) are called instances. Like the trace contains information such
as machine events, collection events and resource usage. Moreover, Google
obfuscated and scaled the data for privacy issues.

The original trace is huge, with a compressed size of around 2.4 TiB. As a
result, the data is accessible through Google BigQuery[l] a fast SQL tool that
allows storage and fast analysis of large amounts of data, eliminating the need
for local resources and allowing for processing and analysis. However, this
approach is more expensive due to the cost of the service. To the best of our
knowledge, we are the first to utilise this trace in cloud workload forecasting,
and we have preprocessed it and made it available for future studies in this
area.

We created eight datasets, one for each cluster cell, from the trace. Figures
and illustrate the preprocessed version of the trace for cluster cells A and B,
respectively. For the sake of completeness, we include the plots of the cluster
cells from|GC19]in Appendix|A.1} Additionally, we preprocessed 2,500 machine-
level datasets that represent the average workload of individual machines in
cluster cell A. Figure displays the preprocessed datasets for one of those
machines in cluster cell A.

3.3.3 Alibaba Cluster Trace 2018

The is a trace that contains the information of a production cluster of Al-
ibaba Group, one of the largest e-commerce platforms in the world. The trace
covers 8 days and includes about 4,000 machines. The trace contains infor-
mation about jobs, tasks, machines, events, resource usage, and constraints. It
also consists of the directed acyclic graph information of the batch workloads,
which provides insights into the dependencies and execution order of the tasks.
The original trace is publicly available on GitHub, and we preprocessed it lo-
cally. The preprocessed 8-days dataset is depicted in Figure This is the only

"https://cloud.google.com/bigquery
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Figure 3.2: Average CPU and memory (RAM) workload of the preprocessed
|Google Cloud Trace 2019 for the cluster cell A.
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Figure 3.3: Average CPU and memory (RAM) workload of the preprocessed
|Google Cloud Trace 2019|for the cluster cell B.
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Figure 3.4: Average CPU and memory (RAM) workload of the preprocessed
|Google Cloud Trace 2019|for the machine with ID 000020732905 from cluster
cell A.

dataset that exhibits a stonger daily seasonality from the second to the last day
of the series. However, it is a much smaller dataset compared to the others.

3.3.4 Alibaba Cluster Trace 2020

The is an updated version of a previous trace containing information
about a production cluster owned by Alibaba Group. The trace covers a period
of approximately two months and includes over 6,500 GPUs on about 1,800
machines provided by the Alibaba Platform for [artificial intelligence] (AI). These
machines are used for their [Al/ML] workloads in Alibaba Machine-Learning-as-
a-Service. What makes this trace novel is that it includes information not only

about average CPU and memory workloads but also about the workload of the
GPUs in their cloud computing system. In addition, the trace provides sensor
data for these GPUs, including temperature, power, and utilisation. The original
trace is publicly available on GitHub, and we have preprocessed it locally. We
created two datasets, one for CPU and memory (RAM) workload and one for the
GPU and GPU memory workload. Figures and depict the preprocessed
version of these datasets.
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Figure 3.5: Average CPU and memory (RAM) workload of the preprocessed
|Alibaba Cluster Trace 2018,
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Figure 3.6: Average CPU and memory workload of the preprocessed
[Cluster Trace 2020,
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Figure 3.7: Average GPU and GPU memory workload of the preprocessed @
ibaba Cluster Trace 2020,

3.4 Analysis

After preprocessing the traces, we can perform an initial analysis to establish ex-
perimental assumptions for the rest of the dissertation. This section will delve
into the essential components of the analysis and statistical tests applied to
workload datasets to derive meaningful insights to design a correct methodol-
ogy for evaluating the forecasting models. In particular, we are interested in
understanding some characteristics of the resulting time series after the prepro-

cessing, such as stationarity, correlation and data distribution.

3.4.1 Stationarity Test

Stationarity is a fundamental concept in time series analysis. A time series is
considered stationary if its statistical characteristics, such as the mean, vari-
ance, and autocorrelation, do not change over time [HAI18]. Stationarity is
crucial because many time series forecasting models assume it. The
Dickey-Fuller] (ADF)) test can determine whether a time series is station-
ary. This test is commonly used to identify whether a time series exhibits non-

stationary behaviour or a unit root. If the test indicates non-stationarity, it
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may require differencing or other transformations to make it suitable for time
series modelling. Establishing stationarity is vital in analysing time series data
because it enables the application of predictive models that assume a stable and
consistent underlying data structure. After preprocessing our data, we applied
the test to all the time series data and obtained compelling results. All
our time series showed stationarity at a significance level set at less than 1%.
This result means that the statistical properties of these time series, including
mean, variance, and autocorrelation, remain constant over time, making them
suitable for various time series modelling and forecasting techniques. The
test successfully validated the stationary nature of our data, providing a solid
foundation for further analysis and modelling endeavours.

3.4.2 Pearson Correlation Coefficient

A critical aspect in time series forecasting is whether different time series in
the same dataset, e.g., average CPU and average memory of a machine, are
correlated such that they can be jointly used for training the predicting models
and forecast. This is important in many applications; for example, electricity
consumption is generally correlated to the day’s temperature. Correlation can
be computed using the Pearson correlation coefficient, which evaluates the lin-
ear relationship between two time series. This coefficient ranges from -1 to 1,
with values closer to -1 indicating a strong negative linear relationship, values
closer to 1 showing a strong positive linear relationship and values closer to 0
meaning no correlation. This test is useful to gain valuable insights into how

two time series move together or diverge over time.

However, for the validity of this correlation test, the data must satisfy the as-
sumptions of stationarity and homoscedasticity, i.e. constant variance across
all periods. Violations of homoscedasticity, i.e. heteroscedasticity, can lead to
biased and inefficient estimates, which can compromise the reliability of the
Pearson correlation. While we already tested the stationarity of the time se-
ries, the Breusch-Pagan test [BP79] is used to identify heteroscedasticity in a

regression model.

We found that homoscedasticity for all the datasets. We then calculated the
Pearson correlation between processing and memory units for each dataset and
found a weak correlation between each pair of time series. This methodology
not only quantified the linear relationship between the two variables but also
confirmed the robustness of our findings. This contributes to a more reliable
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and accurate understanding of our data.

3.4.3 Data Distribution

Understanding and visualising the shape of data distribution is a crucial task
in [VI It is typically accomplished by creating a histogram that shows the fre-
quency of normalised resource units. This graphical representation provides
a comprehensive view of the data distribution, revealing patterns, trends, and
outliers that may not be immediately apparent in the raw data.

The shape of the data distribution, as obtained from the visualisations, plays a
pivotal role in [V] because it informs our approach to modelling the data and
shaping the conclusions we draw from our analysis. For example, recognising a
Gaussian shape in the data distribution can lead us to employ statistical models
or techniques specifically tailored to this type of distribution.

Figures and illustrate the distribution of normalised processing units of
the 8 compute cells from[GC19] Similarly, Figure shows the distribution of
IGC11}, |JAC20} and |AC18| It becomes evident from these figures that all the time
series can be approximated by a Gaussian distribution. However, each series

is characterised by unique parameters, specifically the mean ; and standard
deviation o. These parameters define the specific shape of each Gaussian dis-
tribution and are critical in guiding our understanding of the data. For the sake
of completeness, we include the plots of the distribution of memory units of the
12 datasets in Appendix

3.5 Conclusion

Cloud workload datasets have a significant role in developing predictive mod-
els. The literature offers many workload datasets derived from various work-
load traces and forms the basis for creating and evaluating robust and reliable
predictive models. However, before these datasets can be used, they undergo
a rigorous preprocessing phase. This phase involves designing and implement-
ing a specific procedure tailored to each dataset, ensuring the data integrity is
maintained, inconsistencies are eliminated, and the data is prepared for further

analysis.

The processed data is then openly shared with the research community, pro-
moting collaboration and collective advancement in the field. Table 3.4| briefly
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Figure 3.8: Histogram of the normalised processing units of the compute cells
A to D from the preprocessed |GC19

summarises the resulting preprocessing datasets. All the preprocessed datasets
described above are available for download on GitHub?| The repository con-
tains the datasets grouped in separate folders and contains the code and the
SQL queries run for preprocessing.

In this chapter, we have presented and meticulously selected several datasets
used in the rest of the dissertation. All the time series of the preprocessed
datasets are stationary; there is no linear correlation between the processing
units and memory units of the same cluster cell/machine, and Gaussian distri-
butions can approximate the data distributions. The stationarity of the time se-
ries ensures the reliability and suitability for time series modelling and forecast-
ing. The weak Pearson correlation indicates that the processing and memory
units should be considered independently, enhancing the accuracy of predictive
models. Finally, the Gaussian nature of the data distribution allows for the ap-
plication of statistical models tailored for Gaussian-distributed data, ensuring
robust and reliable analysis.

2https://github.com/andreareds/cloud_workload_datasets

Modelling Uncertainty in Cloud Workload 63 Andrea Rossi
Forecasting


https://github.com/andreareds/cloud_workload_datasets

3. CLOUD WORKLOAD DATASETS

3.5 Conclusion

PREPROCESSING
GC19-E
GC19-G
GC19-H
150
(©}
C
Q
>
O
100
L
50
000 0.2 0.4 0.6 0.8 1.0

Normalised Processing Units
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Table 3.4: Preprocessed traces summary. For each trace, we identify the number
of timepoints and the type of resources included in each dataset.

tace | el | Pt T mepoine T cou [ Meme T anu 0
GC19|| Cluster 8 (289’3;153;) v v/ X X
GC19|| Machine 2,500 (2%:212;5) v v X X
GC11|| Cluster 1 (2% :ilsais) 4 v X X
AC18|| Cluster 1 ( g ’gg}i) 4 4 X X
AC20| | Cluster 1 (~ 21 ?I’li?ﬁhs) 4 v v 4
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Chapter 4

Hybrid Bayesian Neural Network
for Modelling Uncertainty in Cloud
Workload Forecasting

Workload prediction in cloud computing is challenging because cloud work-
loads are highly uncertain due to their dynamic and unpredictable nature. Tak-
ing uncertainty into account is key for leveraging the robustness of predictive
models. In Chapter 2, we provided a comprehensive survey of existing forecast-
ing models and discussed various techniques for uncertainty quantification in
the literature. These discussions highlighted the limited investigation of appro-
aches capable of capturing and quantifying the inherent uncertainties in cloud
workload data.

In response to this need and inspired by [KHH20], this chapter introduces

our new architecture for [Hybrid Bayesian Neural Network| (HBNN)), that we

designed to tackle both the epistemic and aleatoric uncertainty, incorporating
Bayesian principles.

We explain how we design the architecture of the model in Section The
chapter also discusses how the overcomes the challenges of uncertainty
quantification in the context of cloud workloads. To evaluate the performance
of the we conduct several experiments using real-world cloud workload
datasets presented in Chapter Section defines the methodology used
in these experiments, defining how we compare the with existing fore-
casting models. In Section 4.3 we thoroughly discuss the results, highlighting
the implications of using the in cloud workload forecasting. The results
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of our experiments demonstrate the positive impact of Bayesian layers in the
model and the efficacy of the in capturing and quantifying uncertain-
ties. Finally, in Section [4.4, we summarize the key findings and emphasize the
significance of the in advancing the state-of-the-art in cloud workload
forecasting and uncertainty modelling.

4.1 Hybrid Bayesian Neural Network

In Chapter |2, we provided an overview of the most popular forecasting models
in the context of cloud workload prediction. We discussed a range of tech-
niques which have been used to forecast future workload, including statisti-
cal [VKJ15, WFC21|, [CMRB14], [DKC12, HJL"14, IGWS20], and [JB17,
SYZ*18, DMD"17] approaches. Among these models, [LSTM| networks have
become the preferred approach and one of the most prominent models in this
category. have shown an exceptional ability to handle sequential data
and time series, making them a well-suited choice for various predictive tasks.
This is due to the forget gate and input gate, which can avoid pathological data
and achieve high accuracy in predictions [GWS20].

Inspired by a[DL|architecture for univariate forecasting presented in [JB17], we
design an[LSTM}based architecture by varying the numbers and types of layers
in the network. From now on, we will refer to this model as the model.
To predict future resource usage, e.g. memory, the network takes a sequence
of past workload values as input. We added a 1-dimensional (1DConv)
layer as the input layer. This combination has shown great promise in improv-
ing forecasting accuracy and capturing complex patterns in time series data
[FEW'19, LFK™21, KMDA21, (OHU21, [PK22]. The 1DConv layer is followed by
an layer, which in turn is followed by two dense layers. For univariate
one-step ahead forecasting, the final dense layer has just one neuron, which
outputs the predicted value of the future workload (point estimate of the next
time frame). The resulting model is a model that takes past workload as
input and predicts future workload as output.

Most prior work in cloud computing shares such an input and output in this
task. However, one major gap in the literature is the often-overlooked issue of
quantifying uncertainty. The presence of uncertainty in predictions is crucial in
decision-making processes, yet it has not received sufficient attention in existing
research. This is a deficiency because a single value cannot capture the uncer-
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tainty within time series data, highlighting the need for a more comprehensive
approach to forecasting. While certain studies have considered the uncertainty
factors [CMRB14, MF14, MMF17], most of the research in cloud computing has

primarily focused on point estimate predictions, i.e. single values.

To overcome the limitation of conventional forecasting models, we propose the
ILSTM Distributional| (LSTMD) model. Unlike traditional models that provide
a single-point estimate, the predicts two parameters, namely the mean
p and the standard deviation o, of a Gaussian distribution (N (y, 02)). This is

important because time series data often exhibit complex patterns that a single
value cannot capture. By modelling the underlying distribution of the data, the
provides a more accurate representation of the uncertainty associated
with predictions, including the noise in the time series.

The Gaussian assumption of the output is based on an analysis of the prepro-
cessed datasets shown in Section where we found that the Gaussian dis-
tribution approximates the underlying real distribution of the workload best.
This conclusion is supported by several factors. Empirically, the Gaussian dis-
tribution’s parameters, such as mean and variance, closely match the statis-
tical properties observed in the dataset, accurately capturing the central ten-
dency and dispersion of the workload data. Theoretically, the Central Limit
Theorem suggests that, given a sufficiently large number of independent and
identically distributed random variables, their normalized sum tends toward a
Gaussian distribution, which is particularly relevant for aggregated workload
data. The Gaussian distribution also simplifies the mathematical formulation
and computation within the Bayesian layer, facilitating more efficient and an-
alytically tractable inference due to its well-known properties and closed-form
solutions for various operations. This approach is similar to the quantile regres-
sion method but with a stronger assumption on the shape of the output (quan-
tile regression is distribution agnostic). The architecture of this model is very
similar to that of the model, with the main difference being the output
distribution. Therefore, the negative log-likelihood is used as a loss function.

The model has two objectives: first, to provide more comprehensive
and useful information that can be used in scheduling decisions, and second, to
appreciate the contribution of the model’s components in the cloud workload
prediction task.

The use of LSTMD) helps address the challenges associated with the stochastic
nature of data. However, it is important to distinguish between epistemic and
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aleatoric uncertainty. Epistemic uncertainty arises due to a lack of knowledge or
information. BNNk can help disentangle and quantify these distinct sources of
uncertainty by incorporating Bayesian principles into the neural network archi-
tecture. Chapter[2explains how BNNs can provide a more nuanced understand-
ing of predictive uncertainty. The probabilistic nature of allows for better
handling of outliers and noise in the data, resulting in more reliable and stable
predictions. This increased robustness can be especially beneficial in real-world
applications where data quality may vary or be subject to anomalies. Creating a
fully Bayesian network by making all the components of the network Bayesian
would address all the challenges related to the robustness of the model.

It is important to note that using has certain limitations. Firstly, they re-
quire much more data than traditional NNk. Obtaining a large amount of data
is often not feasible, and collecting new data can be an expensive operation.
Additionally, optimizing the network via Bayes by Backprop is more computa-
tionally expensive than using the standard gradient descent algorithm.

When designing neural networks, it is important to balance various factors such

as computational overhead, data granularity, accuracy, and the ability to model
uncertainty. One way to achieve this balance is by selectively applying Bayesian
principles. Typically, this involves using the Bayesian framework only for the
last layer of the neural network [KHH20]. By doing this, we can take advan-
tage of the benefits of uncertainty quantification provided by Bayesian methods
without dealing with excessive computational overhead. This trade-off allows
us to maintain a practical balance between all these factors.

We aim to create the [ HBNN| by modifying the [LSTMD) architecture. Specifically,
we replace the deterministic fully connected layer with a Bayesian layer. This

layer is associated with a probability distribution of the weights for each neuron
and has a Gaussian prior distribution for regularization. Additionally, the model
predicts the parameters mean (1) and standard deviation (o) of a Gaussian dis-
tribution. To determine the likelihood of the actual demand (targets) based on
the model’s distribution, we use the negative log-likelihood as the loss function
since the output is a distribution and not a point estimate.

A graphical representation of [LSTM| [LSTMD| and [HBNN| models, highlighting
differences, is shown in Figure In particular, the details, the mathematical

formulation and the time complexity of each layer are as follows:

e Input Layer: Accepts past workload values X = [z, 2o, ..., 2], where x;
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represents the workload at time ¢. The complexity is O(1) since it just
accepts the input data.

* CNN Layer (1DConv): Captures local patterns within the time series
data. It takes X as input, outputs ConvlD(X), where ConvlD(X) =
Weonv + X + beonw, With We,,,,, and b, weights and bias, respectively. The
complexity is O(n - k), where n is the length of the input sequence and &
is the kernel size.

* LSTM Layer: Handles sequential data and captures long-term dependen-
cies. It takes Conv1lD(X) as input, outputs h;. The layer equations
include the following, where o is the sigmoid function, tanh is the hyper-
bolic tangent function, W and U are weights, and b is the bias.

fe=0(W; - [he_1,z:] + by)
o(Wi - [hi—1, z¢] + bi)

or = (W, - [h—1, 2] + b,)

Cy = tanh(We - [hy_1, 24] + be)
Co=fr-Cooy+iy- G,

hy = o4 - tanh(C})

it

The complexity is O(n - d*), where d is the number of [LSTM| units. This
accounts for the internal operations within the [LSTM] cell.

* Dense Layer: Applies a non-linear transformation. It takes h; as input
and outputs Dense(h;) where Dense(h;) = Waense * fit + baense and Wienser
and bge,s. are weights and bias. The complexity is O(d - p), where d is the
number of units and p is the number of units in the dense layer. In
the case of[LSTM|and [LSTMD), an additional dense layer with p, number of
units and similar complexity is added to the network, while in the
is replaced by a Bayesian layer.

* Bayesian Layer: Incorporates Bayesian principles to model uncertainty.
It takes Dense(h;) as input and outputs a distribution over weights. Each
weight w in the layer is associated with a Gaussian distribution w ~
N (ptw, 02). The layer’s output is given by:

y=oc(W-h+b), W~N(uw,ow), b~N(u, o)
The complexity is O(p - p2), where p is the number of units in Dense Layer
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and p, is the number of units in the Bayesian layer. The computation
involves sampling from distributions and additional overhead from main-
taining distributions for weights.

* Qutput Layer: Predicts the mean () and standard deviation (o) for the
Gaussian distribution in the case . Takes Dense(h;) as input, outputs u
and 0. The complexity is O(p,) for both mean and standard deviation
predictions for the[HBNN]and [LSTMD], while is O(p,) for the LSTM| with a
point prediction.

In conclusion, this section has shown how we derived our proposed model for
addressing uncertainty in time series forecasting, introduced the model
as a means to capture and model the aleatoric uncertainty through probability
distributions and proposed the also to quantify the epistemic uncertainty
and enhance model robustness. Moreover, the trade-off between runtime per-
formance and the depth of Bayesian integration in the network architecture has
been highlighted as a key consideration in practical implementation with a final
architecture, which is Bayesian only in the last layer.

ey

LSTM Input — CNN [— LSTM [— Dense [— Dense
LSTMD Input — OCNN [— LSTM |— Dense — Dense

HBNN Input — CNN [— LSTM | Dense [—| Bayesian —'-

Figure 4.1: Graphical representation of the |DL|architecture proposed. For each
of the three models (LSTM] [LSTMD| and [HBNN]), we apply minimal changes to
the layer to appreciate the impact of each component in terms of accuracy and
uncertainty modelling capabilities.

Modelling Uncertainty in Cloud Workload 71 Andrea Rossi
Forecasting



4. HYBRID BAYESIAN NEURAL NETWORK FOR
MODELLING UNCERTAINTY IN CLOUD
WORKLOAD FORECASTING 4.2 Experiments

4.2 Experiments

The goal of the offline experiments presented in this section is to assess the

contribution of the components proposed in the [LSTMD| and [HBNN| architec-

tures and show the potential benefits of considering the uncertainty in cloud
workload prediction.

First, we evaluate the Bayesian layer and/or the output distribution effects

on the performances in terms of point estimation with [MSE| and [MAE| met-

rics. Then, we analyse the fitting of the predicted probability distributions that
include a measure of uncertainty. From the probability distribution, we can
compute confidence intervals that we can use in our evaluation and relate it to
satisfying a certain Finally, we evaluate the runtime performance of the
forecasting models.

The experiments are run over the preprocessed historical workload of the 8
cluster cells from |GC19|presented in Chapter

4.2.1 Methodology

In the cloud workload prediction task, the objective is to predict the future re-
source workload based on historical data. Generally, the forecasting model is
fed with the past values where each timestamp, as from our preprocessing pre-
sented in Chapter |3 corresponds to the average utilisation of a resource in a
5-minute interval. In our experiments, we empirically found that the best input
size is 144, corresponding to the 12-hour average workload. Since we need
to give the resource manager enough time to exploit the forecast for opera-
tions such as resource allocation or machine pre-provisioning, we forecast the
workload of the 5-minute interval 10 minutes in the future (forecast horizon
or prediction length) with respect to the historical data because 10 minutes are
enough for most applications [MLH10, BRGB™16]. Applying the direct multi-
step ahead forecasting strategy where an independent model is trained for each
forecast time step, we forecast only the average workload in the time interval
between 10 and 15 minutes ahead as depicted in Fig. While the resource
optimisation stage would require a complete multi-step ahead prediction for
consecutive time intervals, our analysis is focused on evaluating the forecasting
model with the uncertainty of its prediction, for which one interval is sufficient.

For each of the eight datasets in |GC19, we train the forecasting models by

splitting the datasets into two parts. The first 80% of each dataset is used as
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Figure 4.2: Prediction target of our models. Each square represents a 5-minute

interval of the cloud workload. In this dissertation we forecast 10 minutes
ahead.

the training set (corresponding to about 23 days). The remaining part is used
as the test set (about 6 days). The networks are optimized and trained for each
cluster to predict the future workload of one resource at a time. Before training,
data is scaled in the range [-1, 1] because the scaling strategy can speed up the
convergence when using the gradient descent algorithm [HPK11]]. More details
on the implementation of the predictive models can be found in the shared

repository[}

We optimise the hyperparameters and train five forecasting models described
in Section two of which are statistical methods. We train them 10 times
for each cluster and resource with random initialization to validate the results.
We select the best-performing model in terms of The metrics used for the
evaluation are described in Section

4.2.2 Forecasting Models and Optimization

The 8 preprocessed datasets from |GC19|are used to train five forecasting mod-
els: two statistical methods [ARIMA| and |GARCH, described in Section [2.1.1]
and the three [DIj models presented in Section [4.1}: [LSTM] [LSTMD| and [HBNN|
In this section, we want to provide an overview of the optimisation and training

of these models.

In the model, three parameters are used to model the time series. They
are associated with the auto-regressive, the integrated and the moving average
parts of the model and are estimated via We use it because it is a well-
known baseline in workload prediction [CMRB14]. We found the best order

"https://github.com/andreareds/UncertaintyCloudWorkload
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of the model for each dataset via grid search by splitting the training set into
two parts where the second, corresponding to the 20% of the data, is used as
the validation set. We selected the best parameters according to the
IInformation Criterion| (AIC) [Aka98]. This model is implemented through the
Python library statsmodel?| Because of the size of the datasets (and the 5-minute
granularity), does not converge with all the data available. For this
reason, a sliding window of the past 288 timestamps is used to retrain the

model at each timestamp.

The model aims to capture the volatility of a time series [Bol86] on the
assumption of Gaussianity. We use it for two reasons. It was previously used
as a baseline for cloud workload prediction in Cloud Computing in [BS15]] and
because this model focuses on modelling the variance of the output, while for
the mean component, a simple least square method is applied. So the output
is similar to that of the and i.e. the mean and the variance
of a Gaussian distribution. Similarly to we found the best parameters
using a grid search based on the score of the validation set. The model’s
parameters are estimated via We also experimentally found that keeping
a sliding window of the past history instead of the whole dataset is faster and
provides better results. We used a sliding window of 288 timestamps (1 day),
and we retrained the model at each forecast step. The model is implemented
using arch|library in Python.

Regarding the models, the motivation behind their design has been de-
scribed in Section The type and the number of layers in the model
(implemented in Keraf¥) were found via the hyperparameter tuning using the
Talos| optimization library in one of the datasets. After defining those parame-
ters, we modified the last dense layer and the output layer to derive the LSTMD|
and architectures. The other hyperparameters of the networks, includ-
ing the number of neurons in each layer and the learning rate, are optimised via
hyperparameter search for each model and dataset pair. The Bayesian layer of
the is implemented using TensorFlow probabilityfl As mentioned before,
the is used as the loss function for the optimisation of the through
the Adam algorithm [KB14], while [LSTMD| and [HBNN| use the negative log-
likelihood. In all the hyperparameter searches and training of the models,

Zhttps://www.statsmodels.org/stable/index.html
Shttps://arch.readthedocs.io/en/latest/
‘https://keras.io/
>https://github.com/autonomio/talos
Shttps://www.tensorflow.org/probability
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we used the last 20% of the training set as the validation set for applying an
early stopping policy with a patience of 30 epochs. Therefore, the number of
epochs varies for each model and dataset pair.

In selecting baselines for our study, the decision to forgo quantile regression
in favour of the [LSTMD] resulted from carefully considering both methodolog-
ical and practical factors. While quantile regression provides valuable insights
into the entire distribution of a predicting variable, our primary focus was on
capturing complex dependencies and uncertainties inherent in the data, with
the assumption of Gaussianity in the training data, which speeds up the overall
performance of the model. Moreover, predicting a Gaussian distribution allows
any confidence level required, while quantile regression requires that the tar-
get quantiles be defined before the training. For these reasons, we believe that
LSTMD| is a reasonable candidate for modelling the aleatoric uncertainty only
while minimising the architectural differences with the model.

4.2.3 Metrics
Point Forecast Evaluation

The first set of experiments compares the model from a point prediction point

of view. We evaluate the models in terms of MSE|and [MAE] widely used metrics

in time-series analysis [KSPA21]]. In the case of the baseline models, the com-
putation of the errors is straightforward because |ARIMA| (GARCH], and [LSTM|
produce a single output at each prediction. In the case of and
whose output are the Gaussian distribution parameters, we can consider only
the mean p and ignore the variance [[SBY"17]. The and the provide a
first way to evaluate the predictive models, but they do not account for the im-

pact of probabilistic forecasting. For this reason, the analysis cannot be limited
only to these metrics.

Confidence Interval Evaluation

When working with a Gaussian distribution, we can calculate confidence inter-
vals to estimate a parameter, like the population mean, with a desired confi-
dence level. A one-sided confidence interval is a range of values constructed
around the mean of the distribution when we are only interested in one direc-
tion of the distribution (either the lower or upper tail).

In particular, we aim to compute an (UB) of the prediction such
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that we can correctly forecast the future workload with high probability. In this
way, we can relate the output of our forecasting models with the to achieve
a specific Accurate forecasting is the initial step in the complex resource
management of the cloud computing system [ACC*14].

An upper one-sided confidence interval jYZ of the predicted Gaussian distribu-
tion § with mean p and standard deviation o with a confidence level of 1 — «v is
calculated as:

P=p+7Z-o (4.1)

where 7 is the critical value from the standard normal distribution correspond-
ing to the desired confidence level (e.g., for a 95% upper one-sided confidence
interval, Z is approximately 1.645.

Given a one-sided upper confidence bound with a certain confidence level (e.g.
95%), we should be able to correctly forecast with a probability corresponding
to that confidence level (e.g. with a 95% probability).

Defining N as the size of the test set, y; as the target of the i-th instance of the
test set and §7” as the of the prediction §j; of the i-th instance of the test set,
we evaluate the forecasting model based on these metrics:

* [Success Rate| (SR): Percentage of corrected predicted values, i.e. the
portion of labels that are within the [UB| of the prediction, i.e.

|A] UB|AUB
SR=-—-100 where A ={y, P>y
N {9:719: " =y 4.2)

i=1,...,N}

* [Overprediction| (OP): Sum of extra resources that are predicted at each

timestamp for the requests that are below the of the prediction, i.e.

N

i=1,...,N

* [Underprediction| (UP): Sum of unmatched demand for the requests that
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are above the [UB] of the prediction, i.e.

N

N
UP=Y"UP, =) (yi—9/") st 3" <y, )

* Total Predicted Resources| (TPR): Sum of resources that are predicted,

ie.,

N
TPR =Y /" (4.5)

A graphical representation of the metrics above is depicted in Fig.

081 _«— Prediction

Ground Truth
0.7 —— Upper Bound

Resource Units
ol o o o o
N w » w ()]

o
=

0.0

6
Timestamps

Figure 4.3: Visual representations of the metrics used in the confidence interval
evaluation. The is given by the sum of the black dots, while the [SR]is the
percentage of points below the black line.

These metrics aim to evaluate the probabilistic aspects of the forecasting mod-
els. We aim to predict a number of resources that, if available, should be able to
predict correctly with a given probability. In particular, corresponds to the
percentage of satisfied requests. However, we also want to reduce the costs of
operating a cluster by avoiding overprediction. The measures the excess of
resources predicted but not needed to serve the upcoming requests, while the
measures the part of unmatched demand that would have to be processed
in the next period. Finally, measures the sum of the predicted bounds; this
can be considered as an approximation of the cluster’s variable operating cost
since a higher prediction causes the scheduler to allocate more resources, and
so increases the electricity consumption.

Modelling Uncertainty in Cloud Workload 77 Andrea Rossi
Forecasting



4. HYBRID BAYESIAN NEURAL NETWORK FOR
MODELLING UNCERTAINTY IN CLOUD
WORKLOAD FORECASTING 4.2 Experiments

The does not capture the concept of uncertainty in its point estimate. To
compute a[UB|of the upcoming demand prediction, we add an extra number of
resources (e.g. 5% of the total available resources) to the point prediction of
the model. This threshold approach has been previously used in the literature
[MMF17, MF14]. Therefore, the point estimate plus the threshold represents
the [UB| of the prediction for the This threshold can be fixed or vary with
parameters such as time. Our threshold varies with the confidence level 1 — «
and is a function of a parameter ¢ that we keep constant for all the predictions.

Given g; the i-th prediction of the we can compute a confidence interval
from the Gaussian distribution with mean ¢; and standard deviation o. We
computed ¢ in two ways. In the first case, we compare the to the
and separately. In each comparison, we manually adjusted ¢ to match
the success rate achieved by either the [LSTMD]| or [HBNN| models in a dataset
(fixed threshold). In this way, we can compare the and when the
two models have the same In the second case, we learn ¢ from the training

set (learned threshold). Given a confidence level of 1 — «, we computed ¢ such
that we obtain a[SR]equals to 1 — « in the training set.

Runtime Performance

One of the most important aspects of workload prediction is related to its appli-
cability in real-world scenarios where the forecasting model is used to predict
the future demand, and the resource manager will use the forecasts to allocate
the resources. We measure the runtime performance of the predictive models
and compare them in terms of training time, fine-tuning time and inference
time. The training phase refers to training the model from scratch, while the
fine-tuning phase aims to refresh the networks’ weights based on newly avail-
able data. We measure the training time for different sizes of the training set,
corresponding to the 20%, 40%, 60% and 80% of the whole datasets, respec-
tively. We measure the fine-tuning time where the fine-tuning using newly avail-
able data is performed every 6, 12, 18 and 24 timestamps, corresponding to a
time period of 30, 60, 90 and 120 minutes, respectively. Finally, we measure the
inference time, i.e. the time necessary to compute a new forecast (one sample)
given the history as input.
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4.3 Results and Discussion

4.3.1 Point Estimate Accuracy

We report the [MSE| and [MAE results in Table

As expected from the literature, the DLl models outperform the statistical meth-
ods under these metrics. The for its simple approach of fitting the
mean is the model that achieved the worst performance. To have a good fit
of a Gaussian distribution, we need to have a good fit of the mean. For this
reason and to have more readable results, we will omit the statistical methods
in the following experiments. Having a lower point prediction accuracy, they
are consistently outperformed by the model.

The results show that both [LSTMD| and [HBNN| achieve slightly better perfor-
mance for both CPU and memory workload compared to the [LSTM. However,
this difference is within the statistical error. We run the Diebold-Mariano test,

which is a statistical test used to determine whether the difference in forecast
accuracy is statistically significant [DMO02]]. The Diebold-Mariano test compares
the predictive accuracy of two forecast models by evaluating the difference in
their mean prediction errors. It calculates a test statistic based on the mean and
variance of the loss differential, comparing it against critical values from the
standard normal distribution. According to this test at a 95% confidence level,
the three [DLj models have the same accuracy. Therefore, it is hard to draw a
clear conclusion on which of the [DL] approaches is better for point prediction.

Table 4.1: MSE and MAE comparison of CPU and memory demand forecasting
for [STM, [HBNN| [LSTMD)} [ARIMA| and [GARCH,

CPU Memory
Model | —yrer—T"MAE | MSE | MAE
LSTM | 0.0172 | 0.0942 | 0.0174 | 0.0905
HBNN | 0.0169 | 0.0936 | 0.0163 | 0.0908

LSTMD | 0.0167 | 0.0937 | 0.0163 | 0.0878

ARIMA | 0.0206 | 0.1031 | 0.0202 | 0.0982

GARCH | 0.0857 | 0.2151 | 0.1025 | 0.23

4.3.2 Confidence Interval Evaluation

Given the parameter of a Gaussian distribution and a confidence level 1 — a, we
can compute the [UB|of the confidence interval and compute the metrics. In all
the experiments, we focus our attention on confidence levels of 95%, 97% and
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99%, which are high values and correspond to those predictions that require
a high level of We separately discuss the results of the fixed and learned
threshold approaches.

Fixed Threshold

Tables and summarise the average and with a con-
fidence level of 95%, 97% and 99% of all the datasets for CPU and memory

workload, respectively. As mentioned, to compute the correct threshold for the
for each confidence level 1 — a, we varied it until we reached the same
to the model we are comparing with. This threshold can be expressed as
a percentage of the prediction, e.g. a threshold of 20% with a prediction of
100 corresponds to an [UB| of 120. We can see that with the same the
the and are lower in the case of the for the CPU workload.
This means we can achieve similar performances by predicting lower re-
source usage. Similarly, the outperforms the in terms of memory
and gets a lower [UP| for the memory workload. appears to outperform
IHBNN| on [TPR| and for the memory workload prediction, but it does so by
undershooting on the success rate, with poorer performance on Therefore,
the model seems to be superior in terms of prediction quality. It benefits
from predicting the distribution; the bounds (prediction’s variance) are higher

if the demand in the next interval is more uncertain and vice versa.

This experiment proves that both probabilistic models predict a probability dis-
tribution which is tighter to the ground truth than the model. However,
in this case, the threshold is automatically adjusted to satisfy the constraint on
the which cannot be applied in real-world applications. For this reason, we
propose an automatic way to learn the threshold from historical data based on
the confidence level and the [SRL

Table 4.2: Confidence interval evaluation for CPU workload of the HBNN,
LSTMD and LSTM with fixed thresholds. For a given confidence level (95%,
97% or 99%), the best result for each confidence level from the 4 models is in
bold; otherwise, the best of a pairwise comparison is in italics. The threshold is
expressed as a percentage of the prediction.

Model LSTM | LSTMD || LSTM | HBNN [[ LSTM |[LSTMD || LSTM | HBNN || LSTM [LSTMD || LSTM | HBNN
Confidence 95% 95% 97% 97% 99% 99%
SR 94.58 | 94.56 | 94.87 | 94.87 || 96.36 | 96.38 || 96.82 | 96.83 || 98.22 [ 98.22 | 98.62 | 98.63
oP 156.2 | 158.4 || 159.6 | 155.0 || 178.4 | 180.2 || 185.4 | 176.8 || 228.1 | 222.2 || 249.4 | 218.8
UP 3.8 32 3.6 2.9 2.7 2.2 25 1.9 15 1.1 11 0.9
TPR 1242.5 | 1245.4 | 1246.1 | 1242.3 || 1265.8 | 1268.2 || 1273.0 | 1265.0 || 1316.7 | 1311.2 | 1338.4 | 1308.0
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Table 4.3: Confidence interval evaluation for memory workload of the HBNN,
LSTMD and LSTM with fixed thresholds. For a given confidence level (95%,
97% or 99%), the best result for each confidence level from the 4 models is in
bold; otherwise, the best of a pairwise comparison is in italics. The threshold is
expressed as a percentage of the prediction.

Model | LSTM | LSTMD | LSTM | HBNN | LSTM | LSTMD || LSTM | HBNN || LSTM | LSTMD || LSTM | HBNN
Confidence 95% 95% 97% 97% 99% 99%
SR 93.91 93.9 95.53 95.53 95.65 95.65 96.91 96.93 97.76 97.75 98.57 98.55
opP 149.5 141.2 166.6 175.6 168.1 159.9 194.4 199.3 212.7 196.0 246.2 244.8
18] 4 4.1 3.4 3.1 2.4 3.0 2.4 2.0 1.6 1.5 1.3 0.9 0.8
TPR 1003.0 | 995.3 1021.0 | 1030.7 ||| 1022.6 | 1015.0 || 1049.9 | 1055.2 ||| 1068.7 | 1052.3 || 1102.8 | 1101.6
Learned Threshold

Given the confidence level 1 — o, we can compute the threshold that the model
should have to achieve a [SR|equal to 1 — « in the most recent historical data,
e.g. in the last 3 days of the training test. The goal is to model the uncertainty
of future demand by considering the variability of past workload. We consider
this as the baseline approach to predict a bound of the forecast as a function
of the confidence level when dealing with a point workload predictor such as
the We calculate two thresholds: a specific one for each cluster whose
results are reported as C-LSTM and an average among all the clusters whose
results are reported as AVG-LSTM. We then compare its performances with the
I[HBNN| and [LSTMD| models.

Similarly to the fixed threshold, we summarise in Tables |4.4)and |4.5| summarise
the average and [TPR] with a confidence level of 95%, 97% and 99%
of all the datasets for CPU and memory workload, respectively. The best model
should achieve a as close as possible to the given confidence level while
using fewer resources. If the [SR|is too low, the demand has not been correctly
forecasted too many times. If it is too high, it could have been possible to
correctly predict the future workload with fewer predicted resources, so fewer
operative costs. The [SR] of the is the closest one to the desired value
in four out of six experiments, except for the 99% confidence level for CPU
and memory demands. This shows that the predicted probability distribution
is really close to the realised workload. However, in those situations, the AVG-
LSTM reaches an closer to the target, but with a significant increment of
(about 0.1% more accurate, but with 2.5% extra CPU units). Similarly, the
C-LSTM is only 0.2% more accurate but with 12.2% extra memory units.

A more straightforward way to understand how these metrics vary with the
confidence level is by providing a visual representation. In Figures [4.4| and
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Table 4.4: Confidence interval evaluation for CPU workload of the HBNN,
LSTMD and LSTM with learned thresholds. For a given confidence level (95%,
97% or 99%), the best result from the 4 models is in bold.

C- AVG- C- AVG- C- AVG-
Model LSTM | LSTM HBNN | LSTMD LSTM | LSTM HBNN | LSTMD LSTM | LSTM HBNN | LSTMD
Target QoS 95% 97% 99%
SR 94.3 94.76 | 94.87 | 94.56 96.07 | 96.82 | 96.83 | 96.38 || 98.34 | 98.71 | 98.63 | 98.22
OoP 152.9 | 158.5 | 155.0 | 158.4 177.5 | 184.8 | 176.8 | 180.2 | 245.4 | 252.8 | 218.8 | 222.2
UP 3.7 3.7 2.9 3.2 2.6 2.5 1.9 2.2 1.2 1.1 0.9 1.1
TPR 1239.3 | 1244.9 | 1242.3 | 1245.4 || 1265.0 | 1272.4 | 1265.0 | 1268.2 || 1334.4 | 1341.8 | 1308.0 | 1311.2

Table 4.5: Confidence interval evaluation for memory workload of the HBNN,
LSTMD and LSTM with learned thresholds. For a given confidence level (95%,
97% or 99%), the best result from the 4 models is in bold.

C- AVG- C- AVG- C- AVG-
Model LSTM | LSTM HBNN | LSTMD LSTM | LSTM HBNN | LSTMD LSTM | LSTM HBNN | LSTMD
Target QoS 95% 97% 99%
SR 95.78 | 98.69 | 95.53 93.9 97.38 | 99.47 | 96.93 | 95.65 | 99.23 | 99.89 | 98.55 | 97.75
OP 258.8 | 259.7 | 175.6 | 141.2 || 310.8 | 311.9 | 199.3 | 159.9 | 398.4 | 403.5 | 244.8 | 196.0
8] 2.5 0.8 2.4 3.4 1.4 0.3 1.6 2.4 0.5 0.0 0.8 1.3
TPR 1113.8 | 1116.4 | 1030.7 | 995.3 || 1166.9 | 1169.1 | 1055.2 | 1015.0 || 1255.4 | 1261.0 | 1101.6 | 1052.3

4.5 we plot the desired confidence level versus the The plot is constructed
by varying the confidence level and computing the corresponding [SR! for each
model. Ideally, we would like to achieve a[SR|equivalent to the confidence level
of 1 —a. It is noteworthy that overall, the points are located close to the bisector
y = x, which indicates that the actual [SR]is similar to the desired confidence
level we aim to achieve. This suggests that the predicted probability is accurate
and closely reflects the real distribution. In terms of performance, CPU and
memory predictions show some differences. Regarding CPU workload, all the
models compared consistently lie below the bisector for high confidence levels.
Additionally, the points are very close to each other. However, for memory
workload, C-LSTM and are the closest to the bisector. On the other hand,
always undershoots the target|SR], while AVG-LSTM always overshoots
it. In both CPU and memory forecasts, is the model that is closest to the
bisector.

We also plot the [SR] for the CPU workload prediction as a function of the
and [OP| respectively in Figures [4.6| and Similarly, we do it for the memory
workload prediction in Figures[4.8 and

The plots are drawn by progressively incrementing the confidence level and
computing the the and If a model correctly predicts the future
timestamps with less uncertainty, it should be able to achieve better success
rates with fewer resources. The plot shows that the model is above the
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Figure 4.4: VS confidence level for CPU workload. The points in the plot are
the result of the average of the 8 datasets from [GC19
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Figure 4.5: vs confidence level for memory workload. The points in the plot
are the result of the average of the 8 datasets from |GC19
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baselines, meaning that with the same number of the is capable
of satisfying a higher number of requests throughout the analysis, showing the
potential benefits of the use of a Bayesian neural model instead of a standard
one. Also in this case, there are a few differences between CPU and memory
prediction, with the model performing better for the CPU forecast and
the performing slightly better for the memory forecast. We believe
this is because the memory demand is easier to predict because the memory
workload is less variable in its history, and the CPU demand presents more

peaks that are harder to predict.
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Figure 4.6: [SR|vs [TPR| for CPU workload. The points in the plot are the result
of the average of the 8 datasets from |GC19

Moreover, we analyze how the uncertainty predicted by the Bayesian network
varies across the datasets. Figures [4.10| and [4.11] show the standard deviation

and the actual resource demand for the two datasets. For better visualization,
we plot only a window of 24 hours. First, we can see that the predicted standard
deviation strongly changes over time. In Figure the standard deviation
and the resources seem to have an inverse relationship; the uncertainty is low
when the utilization is high and vice versa. Other clusters display an opposite
behaviour, where the higher demand is associated with higher uncertainty; this
is particularly clear in the example in Figure We believe these are due
to the different processes that originate the demand, e.g., users, companies,
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Figure 4.7: [SRvs[OP| for CPU workload. The points in the plot are the result of

the average of the 8 datasets from |GC19
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Figure 4.9: [SRIvs[OP|for memory workload. The points in the plot are the result
of the average of the 8 datasets from |GC19

institutions, and internal jobs. However, it is interesting to see that the network
learns these patterns. A common feature is that the standard deviation tends to
increase when there is a sharp demand change and tends to stabilize when the
trend is steadier.

In Figure [4.12 we plot the average standard deviation of the clusters, which
control the uncertainty of the prediction for both [HBNN| and [LSTMD) over dif-
ferent prediction lengths. As expected, we can see that the level of uncertainty

grows with time: the models reflect the fact that the further in the future the
prediction is, the higher the uncertainty.

4.3.3 Runtime Performance Analysis

We report the runtime performance of the [LSTM, [LSTMD| and HBNN| in Table
We can see that the three models do not differ much in fine-tuning and in-
ference time, while for the training, the[LSTMD]|is the fastest model to be trained
(the hyperparametrisation search produces smallest networks, i.e. fewer neu-
rons in each layer, for resulting in fewer mathematical operations),
followed by |[LSTM|and [HBNN! In particular, the difference between [LSTMD|and
LSTM]|is negligible and the time to train the increases proportionally to
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of the prediction length (forecast horizon). The uncertainty increases as the
prediction length extends.

the training set size, while for [LSTM| and [LSTMD|, the time is almost indepen-

dent of the training size. All three models are suitable for real-world deploy-
ment: training can be done offline or overnight when the workload is generally
lower and only when there are big changes in the workload patterns. However,
when training from scratch is frequently required and becomes crucial in the
application, the model achieves the best trade-off between runtime and
accuracy.

4.4 Conclusion

In this chapter, we introduced the[HBNN|model, which predicts the future work-
load distribution along with a measure of its uncertainty. In particular,
aims to model both aleatoric and epistemic uncertainty. This model is derived
from an architecture with some modifications to make it Bayesian and
probabilistic to consider uncertainty. The derivation also includes an intermedi-
ate architecture, namely [LSTMD), that outputs a distribution while maintaining
the characteristics of a deterministic network.
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Table 4.6: Runtime performance results of the [LSTM| [LSTMD| and [HBNN| mod-
els. We report the inference time and different training time and fine-tuning
time performances, varying the size of the training data.

LSTM | HBNN | LSTMD
20% 76 57 28
Training 40% 66 116 45
Time [s] 60% 73 156 67
80% 71 204 65
6 (30 mins) 3.3 5.0 7.5
Fine-Tuning | 12 (60 mins) 5.2 4.3 8.6
Time [s] 18 (90 mins) 6.2 4.3 5.8
24 (120 mins) 4.5 4.5 4.6

Inference 1sample | 0.0003 | 0.0005 | 0.0005

Time [s]

For the first time, an extensive computational study on 8 datasets from |[GC19
has evaluated the effectiveness of in workload prediction in cloud com-
puting. The proposed models achieve a point accuracy that is comparable to
the DL} baseline. The models output a probability distribution that can be used
to compute confidence intervals at a certain confidence level. In contrast, deter-
ministic models require additional post-processing of the output, such as adding
a threshold to the predicted value to ensure high probability correctness. The
has a higher [SR] because it commits fewer errors when predicting the
same Similarly, with the same and is lower. This is because it
reduces the overpredicted resources by adjusting the standard deviation output
to fit the uncertainty of the time series. The model achieves good per-
formance, too, especially for the memory workload prediction, which presents
less variability than the CPU.

A significant novelty of this work is the integration of a Bayesian layer into the
neural network to account for uncertainty. By incorporating aleatoric and epis-
temic uncertainties, the model can better handle the inherent unpredictability
in workload predictions. Overall, the model’s runtime performance is suitable
for practical use in real-world applications. The computational effort the model
requires to predict the demand and update its weights is compatible with a prac-
tical deployment. The proposed model is an innovative and effective solution
for workload prediction in cloud computing that can benefit various industries.
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Chapter 5

Bivariate HBNN and Transfer
Learning for Uncertainty-Aware
Cloud Workload Forecasting

The previous chapter has explored the use of for univariate time se-
ries forecasting, demonstrating their ability to quantify both the epistemic and
aleatoric uncertainty and provide accurate forecasts. However, traditional uni-
variate forecasting approaches often overlook the interdependence between
processing units and memory usage, leading to suboptimal forecasting out-

comes.

Bivariate forecasting emerges as a promising approach to address the limita-
tions of univariate forecasting by jointly predicting processing units and mem-
ory usage. This approach harnesses the dynamic relationships between these
resources and can provide more accurate and reliable forecasts [DQY21].

Moreover, the literature does not assess whether the proposed predictors gen-
eralize well to out-of-distribution data. In this problem is generally tackled
with [Transfer learning| [WKW16], where a model is trained on one or
several source domain(s) (i.e. in-distribution datasets) and is used or adapted

to predict a different but related target domain (i.e. out-of-distribution data-
set). In the literature, this is sometimes referred to as domain adaptation
[WLL"22]. In the cloud computing scenario, is useful, for example, when
a cloud provider establishes a new data centre in a previously untapped geo-
graphical area. Therefore, limited or no historical workload data is available to
train a workload predictor for such a region. In this case, one possibility to ob-
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tain a workload forecast for the new location is to leverage a predictor trained
on data from other locations, i.e. one that can transfer its predictive capabilities
to the new region.

In this chapter, we delve into the potential of bivariate forecasting and [TL] for
cloud resource forecasting, particularly in the context of uncertainty quantifi-
cation using [HBNNE. In Section [5.1], we explore how bivariate forecasting can
provide more accurate and reliable forecasts of processing units and memory
usage while considering the inherent uncertainty in the data. In Section[5.2] we
also investigate how [TL]can leverage large amounts of data to enhance the per-
formance of [HBNNE, even without data for the target cluster cell. Section
concludes the chapter. The experiments are published in [RVC*23]]. However,
this chapter reports a more comprehensive analysis of the results.

5.1 Towards Bivariate Cloud Workload Forecasting

Bivariate forecasting, which involves predicting two variables simultaneously,
offers several advantages in cloud workload forecasting over univariate fore-
casting because it can provide a more comprehensive representation of the un-
certainty associated with both processing units and memory usage, allowing for
more informed predictions [FS18]. Moreover, jointly predicting multiple vari-
ables can help reduce overfitting because the model is forced to consider the
relationships between the variables, making it less likely to fit the training data
too closely [DQY21].

However, bivariate forecasting models are inherently more complex than uni-
variate forecasting models, and their optimisation can be more challenging
[ACOM23]. This makes them more computationally expensive to train and
deploy [RT84]. Moreover, having access to only a limited amount of the data
can cause convergence issues [ABAST23].

One way to address the convergence issues in bivariate forecasting is to train the
model with more data. This can help the model to generalize better and make
more accurate forecasts [PAM23]]. The first part of the chapter aims to evaluate
the uncertainty-aware predictive models, where we compare univariate and
bivariate predictors trained and tested on one or more datasets to assess the
convergence and generalisation capabilities of bivariate models.
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5.1.1 Methodology

The first part of the experiments focuses on evaluating the uncertainty-aware
forecasting models, where we compare univariate and bivariate models trained
and tested on one or twelve cluster-level datasets for a total of four prediction
scenarios. The cluster-level datasets, described in Chapter [3] from (8

datasets), (GC11| (1 dataset), (1 dataset) and (2 datasets) are used

to train and evaluate the DI]models introduced in Chapter 4} [HBNN] [LSTM|and
LSTMD

Scenarios are characterized by specific training data (single or multiple datasets)
and a specific prediction task (univariate or bivariate). Therefore, we distin-
guish each model by adding a specific prefix to its name: U and B for univariate
and bivariate models, respectively, and S and M when trained on a single data-
set or multiple (twelve) datasets, respectively. For example, M-B-HBNN refers
to an trained with multiple datasets for a bivariate prediction. Also, it
is worth noting that univariate models predict just one resource at a time, and
bivariate models simultaneously predict both resources (i.e. processing units
and memory). Furthermore, the model output is set accordingly for bivariate
forecasting. In the case of [LSTM] the output layers consist of two neurons, one
for processing and one for memory units, respectively. The output consists of
two Gaussian distributions in the case of LSTMD|and [HBNNL

In single dataset scenarios, for each dataset, the first 80% data points are used
as the training set, 20% of which is used as the validation set, and the remaining
20% as the test set. When training with multiple datasets, the first 80% of each
dataset is concatenated, and the training time frames of all datasets are aligned
to ensure that one trace cannot exploit information of a particular timestamp
in another trace.

The hyperparametrization of multiple datasets and/or bivariate models explores
a wider configuration search space due to their increased complexity. Fig.
shows the architectures used in this set of experiments, where convolutional
and dense layers might be repeated multiple times, compared to the simple
univariate case in Chapter For each dataset and scenario, the following
hyperparameters are tuned with the Talos library on the validation set: the
number of neurons for each layer, the batch size, the activation functions, the
learning rate, the number of kernels in the 1DConv layer and the optimizer
with its momentum and decay coefficients. We also tuned the scaling range
and the input size. We found that the best input size is 288, corresponding to
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LSTM HBNN LSTMD
Input Input Input
v v v
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LSTM LSTM LSTM
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7
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v
Dense Dense
ES::'::te Distribution Distribution

Figure 5.1: LSTM, LSTMD and HBNN architectures used for experiments with
bivariate predictions. In this case, we increase the number of convolution and
dense layers to better deal with multiple time series.

a 24-hour average workload and before training, data is scaled in the range
[0,1]. We train the models with their best hyperparameters ten times for each
scenario using various random seeds as initialisation to assess the optimisation
algorithm’s convergence, and we use early stopping on the validation set to
avoid overfitting. We forecast the 5-minute interval of demand 10 minutes in
the future. More details on the implementation of the predictive models can be
found in the shared repository'}

With a similar evaluation framework as for Section [4.2.3] we evaluate the mod-
els regarding the point prediction accuracy, confidence interval accuracy and
runtime performance. For the point prediction accuracy, i.e. and in
the case of[HBNN|and [LSTMD| models, the error is computed w.r.t. the mean of
the predicted distribution, while for the the error is calculated based on
the point prediction. From a confidence interval point of view, we compute

(SR), [Overprediction| (OP), [Underprediction| (UP) and [Total Predicted]

Ehttps ://github.com/andreareds/TowardsUncertaintyAwareWorkloadPrediction
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IResources| (TPR]) with a confidence level of 95%, 97% and 99%. In the case of
IHBNN|and [LSTMD| which predict a probability distribution, the final prediction

values are computed w.r.t. the (UB) of the confidence interval with
a certain confidence level. For|[LSTM| we could infer a confidence interval from

its point estimate, i.e. the output of the network plus a fixed threshold, e.g. 5%,

as done in literature [MF14, MMF17]. Instead, we calculate such an interval
dynamically, as done in the previous chapter, to avoid penalising the baseline
too much with the following procedure. We check the SR value scored by[HBNN|
(or LSTMD)), and we adjust the interval to achieve the same[SR]value. In other
words, we set the desired |SR| value first and calculate the interval accordingly.
For the runtime performance, we compute the training time, finetuning time
and inference time. We measure the training time by varying the training set
size to 20%, 40%, 60% and 80%, the fine-tuning time by varying the number
of steps among 6, 12, 18, and 24, corresponding to finetuning every 30, 60, 90,
and 120, respectively and the inference time of predicting one sample.

5.1.2 Results

In this section, we evaluate and analyse the performance of univariate and
bivariate models.

Point Estimate Accuracy

We first evaluate [LSTM, [LSTMD| and [HBNN| trained with a single dataset (S)
in terms of point estimate accuracy, i.e. and Table shows the
results of processing units and memory forecast for univariate and bivariate

models training with a single dataset. Each model’s performance is the average
IMSE| and MAE] computed across the twelve datasets.

Table 5.1: Average MSE/MAE comparison for processing units and memory
prediction for models trained with a single dataset. In bold, the best model.

Processing units Memory
Model MSE MAE MSE MAE
S-U-LSTM | 0.0041 | 0.0457 | 0.0042 | 0.0425
S-U-LSTMD | 0.0040 | 0.0455 | 0.0041 | 0.042
S-U-HBNN | 0.0047 | 0.0502 | 0.0044 | 0.0455
S-B-LSTM | 0.0047 | 0.0500 | 0.0054 | 0.0487
S-B-LSTMD | 0.0061 | 0.0556 | 0.0088 | 0.0631
S-B-HBNN | 0.0299 | 0.1285 | 0.0386 | 0.1533
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First of all, when it comes to training the bivariate model with a single small
dataset, we can immediately see the complexity of bivariate forecasting com-
pared to univariate forecasting. While the S-B-LSTMD struggles and does not
achieve the same performance as the univariate and the S-B-LSTM worsens to a
lesser extent, The S-B{HBNN|fails to converge. This is probably due to the extra
complexity given by the Bayesian layer, making it impossible to deploy
for bivariate forecasting when trained with a very limited amount of data.

Instead, training with multiple datasets brings positive effects. Table shows
the results of processing units and memory forecast for all models’ combina-
tions, i.e. single/multiple datasets and univariate/bivariate. Also, each model’s

performance is the average MSE|and [MAE|computed across the twelve datasets.

Results for [MSE| and [MAE] are consistent, so both metrics reveal the same pat-

terns in the evaluation. Training a model with multiple datasets improves the
accuracy of bivariate models, and the bigger improvement is for[HBNN| The op-
posite happens for univariate models, even if performance degradation is quite
limited. Also, univariate models outperform bivariate models, as confirmed by
other previous works [HZH22[]. This happens especially when the size of the
overall training data is small, there is no strong correlation between time series
[DPWO03]] and when the focus is on short-term predictions [CH16]. Indeed, the
Pearson correlation analysis between the processing units and memory demand
in Section found a weak correlation between the time series. Consider-
ing the three architectures separately;, achieves the best accuracy score
across the different training combinations.

As the results stand, it is unclear whether training multivariate models (cheaper)
with multiple datasets (more expensive) has a positive payoff compared to
training more univariate models (more expensive) with a single dataset (cheaper).
Moreover, according to the Diebold-Mariano test [DMO02] at 95% confidence
level, pairwisely run for each of the model’s combinations, the performances of
all models are not statistically different (except for the single bivariate models,
which are different from all other models). For these reasons, we cannot limit
the analysis to these traditional accuracy metrics.

Confidence Interval Evaluation

We further assess the models using the metrics defined in Section |4.2.3] i.e.
where we evaluate the models from a confidence interval point of view. Ta-
ble shows values for the service level metrics, where we report only target
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Table 5.2: Average MSE/MAE comparison for processing units and memory
prediction. In bold, the best model.

Processing units Memory
Model MSE MAE MSE MAE
S-U-LSTM | 0.0041 | 0.0457 | 0.0042 | 0.0425
S-U-LSTMD | 0.0040 | 0.0455 | 0.0041 | 0.042
S-U-HBNN | 0.0047 | 0.0502 | 0.0044 | 0.0455

S-B-LSTM | 0.0047 | 0.0500 | 0.0054 | 0.0487
S-B-LSTMD | 0.0061 | 0.0556 | 0.0088 | 0.0631
S-B-HBNN | 0.0299 | 0.1285 | 0.0386 | 0.1533

M-U-LSTM | 0.0044 | 0.0474 | 0.0048 | 0.0447
M-U-LSTMD | 0.0041 | 0.0464 | 0.0044 | 0.0439
M-U-HBNN | 0.0047 | 0.0485 | 0.0052 | 0.0498

M-B-LSTM | 0.0044 | 0.0479 | 0.0044 | 0.0438
M-B-LSTMD | 0.0046 | 0.0446 | 0.0046 | 0.0446
M-B-HBNN | 0.0042 | 0.0471 | 0.0043 | 0.0436

service levels such as 95%, 97% and 99% (as more significant for systems that
require high-quality service levels). To help readers interpret such results, we
also draw a graphical representation of the versus the for processing
units demand in Fig. The graph is drawn by computing the [SR| and
for the entire range of target service levels. One model outperforms another
one when its curve is more to the left than the other’s (SRs being equal) and
its curve is above the other’s being equal). To improve the readability of
the graph, we removed the curves of the single bivariate models, which achieve
poor performance under this metric. From the aforementioned table and fig-
ure, we can see that the uncertainty-aware models consistently outperform the
baseline, with outperforming for the processing units and
the other way around for the memory. Also, training with multiple datasets has
more advantages over training with single datasets, despite the single univari-
ate model seeming superior in the case of memory prediction at a 99% service
level. This confirms that the univariate prediction is easier than the bivariate
version. Fig. focuses on comparing bivariate models trained with single
and multiple datasets and confirms the results of the accuracy metrics, i.e. that
the model benefits significantly if it is trained with more data. In particular, the
M-B models achieve between around 25% and 60% saving in terms of [TPR| for
both processing units and memory demand, with a higher [SR.

Moreover, we evaluate the impact of uncertainty-aware predictions by plotting
the confidence levels versus the success rate achieved by the models. A perfect
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Table 5.3: Results for the service level metrics. We run a pairwise comparison of

IHBNN|and [LSTMD|with the corresponding[LSTM|baseline. Confidence intervals

for LSTMk are tailored to the success rates achieved by [HBNN| and [LSTMD,

respectively. In bold we report the best model for each confidence level.

Processing units Memory
Target QoS Model | SR (%) | OP (%) | UP (%) | TPR (%) || SR (%) | OP (%) | UP (%) | TPR (%)
S-U-LSTM | 93.86 | 18.08 | 053 | 117.55 | 93.54 | 12.58 | 0.39 | 112.18
S-U-HBNN | 93.86 | 18.00 | 051 | 117.58 | 93.54 | 13.59 | 0.38 | 113.21
S-U-LSTMD | 93.14 | 17.11 | 056 | 116,55 | 93.26 | 11.80 | 0.41 | 111.39
S-U-LSTM | 93.14 | 1657 | 0.63 | 11594 | 93.26 | 1243 | 0.40 | 112.03
SB-LSTM | 91.93 | 85.88 | 3.27 | 182.61 || 91.89 | 71.49 | 1.33 | 170.16
S-B-HBNN | 91.93 | 82.10 | 2.93 | 179.17 || 91.89 | 71.47 | 1.43 | 170.04
S-B-LSTMD | 92.61 | 84.26 | 3.01 | 181.25 || 92.45 | 71.89 | 1.39 | 170.50
95% S-B-LSTM | 92.61 | 89.09 | 3.00 | 186.08 || 92.45 | 72.58 | 1.24 | 171.34
M-U-LSTM | 91.41 | 15.63 | 0.76 | 114.87 | 95.78 | 1554 | 027 | 11527
M-U-OBNN | 91.41 | 15.39 | 0.70 | 114.69 | 95.78 | 1520 | 0.30 | 114.90
M-U-LSTMD | 94.62 | 19.55 | 0.43 | 119.12 | 95.18 | 14.53 | 032 | 114.21
M-U-LSTM | 94.62 | 19.67 | 0.46 | 119.21 | 95.18 | 1491 | 030 | 114.61
M-B-LSTM | 95.70 | 22.61 | 0.39 | 122.22 || 97.39 | 19.90 | 0.14 | 119.76
M-B-OBNN | 95.70 | 21.58 | 038 | 121.20 | 97.39 | 1947 | 0.16 | 119.31
M-B-LSTMD | 96.99 | 28.25 | 0.24 | 128.01 | 99.00 | 24.30 | 0.06 | 124.24
M-B-LSTM | 96.99 | 25.84 | 0.27 | 12557 | 99.00 | 24.30 | 0.06 | 124.24
S-U-LSTM | 9522 | 20.07 | 041 | 11966 | 95.06 | 13.92 | 0.31 | 113.61
S-U-HBNN | 95.22 | 20.13 | 0.39 | 119.79 | 95.06 | 15.22 | 0.28 | 114.94
S-U-LSTMD | 9458 | 19.13 | 043 | 118.69 | 94.86 | 13.31 | 0.31 | 113.00
S-U-LSTM | 9458 | 19.36 | 0.45 | 118.91 | 94.86 | 13.79 | 0.32 | 113.47
S-B-LSTM | 93.46 | 9531 | 254 | 192.78 || 94.78 | 79.89 | 0.77 | 179.12
S-B-HBNN | 93.46 | 91.38 | 221 | 189.16 | 94.78 | 81.18 | 0.75 | 180.43
S-B-LSTMD | 93.58 | 93.57 | 234 | 191.27 || 9458 | 80.98 | 0.78 | 180.20
97% S-B-LSTM | 93.58 | 94.22 | 249 | 193.52 || 9458 | 77.64 | 0.90 | 176.74
M-U-LSTM | 93.82 | 18.27 | 0.55 | 117.72 | 96.91 | 17.44 | 020 | 117.24
M-U-HBNN | 93.82 | 17.91 | 0.50 | 117.41 | 96.91 | 17.14 | 023 | 116.91
M-U-LSTMD | 95.95 | 21.80 | 0.31 | 121.49 | 96.39 | 16.36 | 025 | 116.11
M-ULSTM | 95.95 | 21.56 | 0.37 | 121.19 | 96.39 | 16.68 | 023 | 116.45
M-B-LSTM | 96.75 | 25.36 | 0.28 | 125.07 | 98.03 | 21.18 | 0.11 | 121.07
M-B-HBNN | 96.75 | 24.18 | 0.28 | 123.90 | 98.03 | 21.80 | 0.11 | 121.69
M-B-LSTMD | 97.75 | 31.51 | 0.16 | 131.35 || 99.44 | 27.38 | 0.03 | 127.35
M-B-LSTM | 97.75 | 29.22 | 0.18 | 129.04 | 99.44 | 29.26 | 0.02 | 129.24
S-U-LSTM | 97.03 | 24.61 | 023 | 124.37 || 97.55 | 18.11 | 0.16 | 117.95
S-U-HBNN | 97.03 | 24.04 | 023 | 123.81 | 97.55 | 18.37 | 0.16 | 118.21
S-U-LSTMD | 96.35 | 23.01 | 027 | 122.75 || 97.07 | 16.22 | 0.19 | 116.03
S-U-LSTM | 96.35 | 22.80 | 0.29 | 122.51 | 97.07 | 16.83 | 0.19 | 116.64
S-B-LSTM | 94.58 | 113.27 | 1.40 | 211.86 || 98.07 | 95.62 | 0.12 | 195.50
S-B-HBNN | 94.58 | 109.11 | 1.08 | 208.03 || 98.07 | 100.15 | 0.15 | 200.00
S-B-LSTMD | 94.42 | 111.33 | 1.23 | 210.10 || 97.91 | 98.71 | 0.16 | 198.55
99% S-B-LSTM | 9442 | 111.16 | 1.53 | 209.63 || 97.91 | 9498 | 0.15 | 194.83
M-U-LSTM | 96.47 | 22.75 | 0.32 | 122.43 | 98.07 | 20.65 | 0.16 | 120.49
M-U-HBNN | 96.47 | 22.80 | 0.27 | 122.53 | 98.07 | 20.85 | 0.16 | 120.69
M-U-LSTMD | 97.79 | 26.14 | 0.17 | 12596 | 97.63 | 19.86 | 0.19 | 119.67
M-U-LSTM | 97.79 | 27.44 | 0.18 | 127.26 | 97.63 | 19.37 | 0.19 | 119.18
M-B-LSTM | 97.95 | 29.95 | 0.16 | 129.78 | 99.04 | 25.86 | 0.04 | 125.82
M-B-HBNN | 97.95 | 29.15 | 0.15 | 128.99 | 99.04 | 26.23 | 0.06 | 126.17
M-B-LSTMD | 99.04 | 37.73 | 0.06 | 137.67 | 99.80 | 33.22 | 0.01 | 133.21
M-B-LSTM | 99.04 | 36.54 | 0.06 | 136.48 | 99.80 | 33.99 | 0.01 | 133.98
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Figure 5.2: Total predicted processing units for S-U, M-U and M-B models. The
closer the curve to the top left corner, the better the model.

Table 5.4: Average MSE and MAE comparison for resource prediction accuracy.
The MSE and MAE are computed between the SR achieved by the models and
the confidence level. In bold, the best model.

Processing units Memory
Model MSE MAE MSE | MAE
S-U-LSTMD | 2.96 1.47 3.07 | 1.67
S-U-HBNN 1.69 1.10 1.80 | 1.27
S-B-LSTMD | 8.15 2.66 6.51 | 2.34
S-B-HBNN | 11.80 3.32 11.81 | 3.03
M-U-LSTMD | 1.24 0.98 1.14 | 0.92
M-U-HBNN | 12.07 3.34 242 | 1.25
M-B-LSTMD | 6.89 2.08 21.05 | 3.94
M-B-HBNN | 1.97 1.11 8.66 | 2.39
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Figure 5.3: Total predicted processing units for bivariate models. The ones
trained with a single dataset perform very poorly, with a much higher amount
of TPR w.r.t. than the models trained with multiple datasets.

model would achieve an |[SR| equal to the targeted confidence level, i.e. would

resemble the bisector line y = z. Indeed, we also compute the [MSE| and [MAE|

of each model’s curve w.r.t. to such a bisector line to represent the plot in nu-
merical values and enhance interpretation. The analysis is depicted in Fig.
and Table It shows that M-U-LSTMD is the model that overall achieves the
best accuracy, but there are also interesting differences between each combina-
tion of the model, e.g. the outperforms the counterpart in the
case of S-U and M-B versions. We should also consider that [MSE and [MAE! are
symmetric metrics. Depending on the target service level provided to the final

customer, the cloud manager could prefer models that achieve a higher[SR]than

the target confidence level rather than a lower one, even if the MSE| and [MAE|

are lower. For instance, we should favour a model that achieves a 96% |SR| com-
pared to 94% w.r.t. a 95% confidence level, despite the score being the same

in terms of MSE| and [MAE, For this reason, asymmetric metrics would be more

suitable to evaluate the model’s accuracy combined with the confidence of the
prediction. However, the large number of error metrics available in forecast-
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ing requires a thoughtful selection process, and using them all is impractical.
Standard practice within the field is reporting results using a combination of
2-3 established metrics, often those employed in forecasting competitions. A
comprehensive evaluation also requires acknowledging the inherent trade-offs
and ongoing debate surrounding metric selection [DF16]. All remaining tables,
figures, and detailed results are included in Appendix B.1}
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Figure 5.4: Target service level versus SR for memory prediction. The plot is
built w.r.t. the UB of the confidence interval by varying the target service level.
The closer the plot is to the line y = z, the more accurate the model under this
metric.

Runtime Performance Analysis

Runtime performance is a critical factor in evaluating the tradeoff between uni-
variate and bivariate forecasting models, especially if we consider that we need
to combine two univariate model forecasting two different variables, compared
to a bivariate model that can predict both at the same time. However, the com-
plexity of the model can significantly increase the computational cost. It also
provides insights into whether the benefits of a more complex bivariate model
outweigh the additional computational cost compared to a simpler univariate
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Table 5.5: Runtime performance analysis. In bold is the best model for each
subgroup. The training time is computed by training the model with 20, 40,
60 and 80% of the training set, respectively. The fine-tuning of the network
is done every 6, 12, 18 and 24 steps, corresponding to 30, 60, 90 and 120
minutes, respectively. The inference time is the time to predict one sample.

Training Fine-Tuning Inference
time [s] time [s] time [s]
Model 20% | 40% | 60% | 80% 6 12 18 24 | 1sample
S-U-LSTM 12 21 29 48 |5.38 | 7.4 |12.77 | 9.29 | 0.0002
S-U-HBNN 35 140 | 268 | 325 | 1.57 | 1.63| 1.7 |1.64| 0.0058
S-U-LSTMD | 15 25 38 52 1249 |232| 222 | 1.68 | 0.00002

S-B-LSTM 11 21 32 53 |3.03|1.61| 1.34 | 1.54| 0.0002
S-B-HBNN 57 106 | 154 | 172 | 1.84 | 2.01 | 1.88 | 2.01 | 0.0001
S-B-LSTMD 10 16 25 237 | 3.17 | 4.06 | 298 | 2.26 | 0.0001

M-U-LSTM | 1121 | 947 | 869 | 1050 | 2.54 | 2.44 | 2.37 | 3.41 | 0.0001
M-U-HBNN | 486 | 425 | 530 | 621 | 1.7 | 1.63 | 1.63 | 1.79 | 0.0001
M-U-LSTMD | 714 | 518 | 706 | 836 | 492 | 2.3 | 5.35 | 1.49 | 0.0001
M-B-LSTM | 1441 | 1323 | 1603 | 1602 | 2.29 | 1.73 | 11.81 | 5.45 | 0.0002
M-B-HBNN | 2123 | 3210 | 3230 | 2281 | 2.54 | 2.3 | 2.6 | 2.78 | 0.0001
M-B-LSTMD | 954 | 1559 | 1477 | 1592 | 3.41 | 3.0 | 2.09 | 3.33 | 0.0001

model.

The results are computed as an average of 10 runs for all the model combina-
tions, and we report values in Table As we can see, the models take more or
less the same time for the fine-tuning and inference steps, with the often
being the fastest network. The training time, instead, varies with the type of
training and the prediction task. The is the slowest model (because the
Bayesian layer is more complex to optimise than a dense layer), except for the
univariate version trained with multiple datasets. However, the training phase
is generally infrequent and done offline, e.g., overnight, so it is not critical. At
the same time, fine-tuning and inference happen more frequently in resource
management operations. We would also like to underline that the results for
the S-U versions refer to the training of one single (dataset, resource) pair, wh-
ich means that we need to run this phase 24 times (12 clusters x 2 resources).
This also applies to the S-B (12 times) and M-U versions (2 times). We conclude
that all the models can be practically deployed in real-world scenarios, with the
advantage of having a model trained with multiple datasets, which does not
require any parallelization of the systems for each possible cluster cell.

To summarize, the results show that we can train the [HBNN| in a bivariate
context using multiple datasets while maintaining its uncertainty quantifica-
tion capabilities. Furthermore, results show a positive impact of uncertainty-
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aware models over the [LSTM]| baseline, with different trade-offs given by train-
ing univariate and multivariate models on single and multiple datasets. Our
findings show that [HBNN| and [LSTMD| offer a one-model-fits-all solution that

provides accurate bivariate predictions with uncertainty quantification on mul-

tiple datasets. In particular, training with multiple datasets is advantageous as
it eliminates the need to train separate models for each cluster cell.

5.2 Towards Transfer Learning for Cloud Workload

Forecasting

In the previous section, we discussed the application of for bivariate
workload prediction in cloud computing. have demonstrated to achieve
predictive capabilities when trained with multiple datasets, enabling accurate
forecasting of future workloads. However, in practice, cloud providers often
face the challenge of limited historical data for each workload. This limited data
can make it difficult to train[HBNNK, which in turn can restrict their forecasting
capabilities.

To address this challenge, [Transfer learning| (TL) emerges as a promising ap-

proach. involves leveraging knowledge from a source domain to improve
performance in a target domain. In workload forecasting, the source domain
could be data from other cloud providers or workloads from different applica-
tions within the same provider. By transferring the learned knowledge from
the source domain, [TL] can enhance the generalization ability of and
enable accurate forecasting even with limited data for the target workload.
is particularly useful when dealing with different data centres, each considered
as a separate dataset with unique workload characteristics, user behaviour, and
infrastructure. Rather than building a separate prediction model for each data
centre from scratch, enables models to adapt knowledge from one (source)
data centre to another (target) data centre, significantly improving prediction
accuracy and efficiency. In particular, we consider as the source domain all the
datasets a machine learning model is trained on and as the target domain the
cluster which future workload we need to predict.

We leverage this representative real-world scenario to frame our investigation,
where we mimic different data availability conditions to apply[TLl In particular,
we consider the following situations:
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e All Datasets. In this scenario, the models are trained on all avail-
able datasets, and so the source contains data from different distributions,
while the target is from just one of those distributions. This simulates a
situation in which a provider is trying to forecast a data centre workload
(target domain) and can train its predictors on traces collected internally
and those made available by other companies (e.g. open source).

e Same-distribution Datasets. In this case, the source domain contains
datasets from a single distribution, and the target is also from that distri-
bution. For example, when a provider is developing a forecasting model
that has access to internal historical data. The traces can also be collected
from other data centres that the same company operates. These datasets
may share several common characteristics, as the provider has standard-
ized its hardware and allocation software across its facilities. This con-
sistency can lead to more comparable workload patterns, especially if the
data centres host similar services that are subject to analogous demand
trends.

* Different-distribution Datasets. In this case, the source domain con-
tains datasets from one distribution, but the target contains datasets from
a different distribution and thus is a|TL{case. In this scenario, a provider
operates a single cloud data centre and aims to enhance its forecasting ca-
pabilities. To improve its predictive models, the company utilizes publicly
available (e.g. open source) datasets related to similar operations from
other organizations, such as workload patterns from comparable cloud
services or industry benchmarks. By applying the company can lever-
age the patterns and insights learned from these external datasets, such
as common usage spikes during specific times of the day.

Another important factor to consider is whether historical data is available for
the specific data centre. We assess whether past demand data exists or not:

e With Historical Data: If time series data for resource demands (such as
processing units, memory, etc.) in the cluster to be predicted is available.
Since we can consider a level of continuity in the services hosted by the
data centre, the patterns observed in past data are highly relevant and
can enhance the accuracy of predictions. This scenario often occurs when
a provider is developing a new workload prediction system, allowing the
specific historical data to be used for both training and fine-tuning the
models.

Modelling Uncertainty in Cloud Workload 103 Andrea Rossi
Forecasting



5. BIVARIATE HBNN AND TRANSFER
LEARNING FOR UNCERTAINTY-AWARE 5.2 Towards Transfer Learning for Cloud
CLOUD WORKLOAD FORECASTING Workload Forecasting

* Zero-shot Learning: When no historical data is available for the cluster, it
typically means a new site has been launched or there has been significant
restructuring in the operations or services offered. This situation requires
zero-shot learning, where [TL|is essential to adapt models based on similar
data from other clusters or external sources.

The experimental analysis extensively covers the impact of all these scenarios
on the models’ forecasting accuracy. Specifically, we are interested in investi-
gating the feasibility of training with a subset of data from one cluster
cell and then using this trained model to predict workloads for other cluster
cells.

5.2.1 On Transfer Learning for Cloud Computing

Transfer learning] [WKW16] is a broad paradigm where a model is
pre-trained on a source task or domain and then adapted or fine-tuned to a

related target task or domain. Transferring knowledge across tasks is gener-
ally known as task transfer. Transferring knowledge across domains is gen-
erally known as domain adaptation, cross-domain or domain generalization
[DCACKG19, WLL*22], very closely related to each other, so that sometimes
the literature is inconsistent in its terminology and does not distinguish be-
tween them.

Our work is about transferring knowledge across domains and overlaps the
three areas so we use the general [TL] umbrella terminology. In particular, we
investigate when pre-training is performed on multiple source domains to learn
domain-invariant representations that can be exploited on a different target do-
main. Generalization can be achieved by [fine-tuning] on the target dataset
orin a fashion. In the first case, a pre-trained model’s weights
are trained on the new target dataset, while in the second, a pre-trained model
is directly used to predict the new target dataset without modification of the
model [PALT22].

offers several advantages in cloud computing forecasting, including improv-
ing the model’s scalability, as it can be deployed across multiple cluster cells
without the need to train separate models for each cell, enhancing generaliza-
tion by leveraging knowledge from other cluster cells and better capturing the
underlying trends and patterns in workload data. Moreover, cloud workloads
often exhibit similar temporal patterns and correlations across different cluster
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cells. can capture and apply these shared dynamics to the target cell, even
if the data distributions between the source and target domains differ slightly
[FPRA20].

has been widely applied in the context of time series classification [FFW 18]
and forecasting [YD18]], showing the effectiveness of this approach, including
QoS aspects [HYZ721] for workload prediction [LJLT22]. has also been
applied in other cloud computing contexts, such as runtime performance pre-
diction [LMC20, NME12] and autoscaling [ZZL"21]. However, there is no liter-
ature on the application of [TLjacross domains for workload predictions in cloud
computing.

In this section, we design and run several prediction scenarios where we apply
zero-shot or fine-tuning on a pre-trained model, each testing the model’s perfor-
mance using a different combination of source and target domains (datasets).

5.2.2 Methodology

These experiments investigate the [TL]capabilities of the uncertainty-aware mod-
els. The methodology we describe can be applied to any of the models analysed
in the first part of the chapter, but it is computationally expensive. Thus, in this
part, we select only the M-B-HBNN network, which is the best model accord-
ing to the results of the first part of the experiments. The M-B-HBNN shows
an efficient trade-off between performance (i.e. close to the best performance
in terms of accuracy and service level metrics) and complexity of deployment
for the experiments (i.e. expensive to train with multiple datasets but one sin-
gle model that provides predictions for processing units and memory for all
datasets). We leave a more comprehensive investigation involving the other
competitive models, such as some of the LSTMD}based for future work.

In our experiments, we use the same 12 cluster-level datasets from|GC11}|GC19,
IAC18|and [AC20. The datasets are split as in the first part, and we use the best
hyperparameters found on the optimisation for the M-B-HBNN model. For each

dataset, the first 80% data points are used as the training set (20% of which is
used as the validation set), and the remaining 20% as the test set. When train-
ing with multiple datasets, the training time frames of all datasets are aligned
to ensure that one trace cannot exploit information of a particular timestamp
in another trace. When deploying the fine-tuning approach specifically, we use
the first 80% of the dataset for fine-tuning, while the remaining 20% is used for
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testing to avoid overfitting.

We design six prediction scenarios that differ based on the combinations of
datasets used for training (i.e. source domain) and testing (i.e. target domain).
See Fig. for an illustrative example of four of them. It is worth noting
that we only build the following most representative scenarios among all the
possible combinations we could build.

* All: the source domain is all the (twelve) datasets, and the target domain
is one of the (twelve) datasets at a time. In other words, we use a portion
of all the twelve source datasets (domains) for training and another por-
tion of one of these datasets (domains) for testing. The final performance
is obtained by averaging results across all the twelve target datasets.

* All FT: we consider All as the pretrained model. One by one, we use each
of the (twelve) datasets to fine-tune All and as a target domain. The final
performance is obtained by averaging results across all the twelve target
domains. This scenario assesses whether the [FT| process leads to a better
weight configuration for the target domain we want to predict.

¢ All-but-one: the model is trained with all but one dataset (source do-
main). We then predict the remaining dataset (target domain). The final
performance is obtained by averaging results across all the twelve target
domains. This experiment further investigates the model’s generalisation
capabilities on unseen datasets in a zero-shot fashion. The real-world mo-
tivation of this scenario, for example, is being able to predict the workload
of a new cluster from day one (instead of waiting a few days or weeks to
collect historical workload data and train a model to predict this new clus-
ter).

* All-but-one FT: we consider All-but-one as the pretrained model. One by
one, we use each of the excluded datasets to fine-tune All-but-one and as
a target domain. This investigates the combination of pretraining and
on newly available data. The final performance is obtained by averaging
results across all the twelve target domains.

* TL-GC19: we only use the eight datasets from [GC19| and we build four
sub-scenarios, i.e. GC19 All resembling All, GC19 All FT resembling All
FT, GC19 All-but-one resembling All-but-one, GC19 All-but-one FT resem-
bling All-but-one FT. These scenarios assess whether pretraining and
enhance generalisation capabilities on different domains from the same
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providers.

* TL-GC19vsOther: the source domain is and we test its zero-shot
and [FT] performance on [GC11] [AC18| and [AC20] These scenarios assess
whether pretraining and [FT| enhance generalisation capabilities on differ-

ent domains from other providers or clusters from the same provider.

Source Domain Fine-Tuning Target Domain / Datasets \
Al No ==== 8x GC19
AllFT 1 51 cent
All-but-one zs 10 AC18
All-but-one FT .] K 11 12 2xAC20

Figure 5.5: An illustrative example of four training scenarios for the second
part of the experiments. In this example, we consider dataset number 1 by
GC19 as the target domain (and we use it as the FT dataset in All FT and All-
but-one cases). Depending on the scenario, The first 80% of dataset number 1
is included in the training set and/or used for fine-tuning. The target domain is
the final 20% of the dataset to avoid leakage. This approach is repeated for all
the 12 datasets.

We evaluate the models in terms of point prediction and confidence interval
accuracy, as done in the previous Section[5.1.2] We do not measure the runtime
performance because the model is the same in all the experiments, and the
training time depends only on the size of the training set.

5.2.3 Results

Similarly to the previous section, we present and analyse the results obtained
from the six prediction scenarios depicted in Section [5.1.1, where we probe the
capabilities of the M-B-HBNN model.

Point Estimate Accuracy

In Table we report the accuracy results for All, All FT, All-but-one and All-
but-one FT. The model trained under All scenario achieves the best accuracy,
showing the benefit of training with data that overlap with the target domain
(we can consider this scenario as a baseline for these experiments). This shows
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that including traces from the same provider benefits the model’s accuracy. The
model trained under All-but-one achieves performance close to the one in All,
proving that knowledge can successfully transfer to the target domains. Partic-
ularly, All-but-one is the second best model under these metrics and opens the
opportunity to deploy pretrained models to unseen/new data centres, overcom-
ing the need for specialised data coming from the target domain. Fine-tuning
instead (both in All and All-but-one) makes the accuracy worse; this is likely due
to the fact that the model overfits the target dataset or that it makes it forget
patterns learned on other traces.

Table 5.6: Accuracy results for M-B-HBNN trained on scenarios All, All FT, All-
but-one and All-but-one FT. In bold, the best performance.

Processing units Memory
Scenario MSE MAE MSE MAE
All 0.0042 | 0.0471 || 0.0043 | 0.0436
All FT 0.0058 | 0.0561 || 0.0062 | 0.0058

All-but-one 0.0044 | 0.0481 || 0.0045 | 0.0448
All-but-one FT | 0.0057 | 0.0563 || 0.0058 | 0.0538

We report the accuracy results of scenario TL-GC19 (where the source and tar-
get dataset are drawn from in Table The table shows that the base-
line TL-GC19 All performs best. Error worsens (it doubles for and increases
by around 40% for[MAE]in both resources ) when the source and target domains
do not overlap, i.e. TL-GC19 All-but-one. Thus, although the source and the tar-
get are from the same cloud provider, M-B-HBNN struggles to transfer domain
knowledge effectively. One possible explanation is that the source dataset (i.e.
seven datasets, corresponding to almost half of the total data points) is too small
to capture the distribution-independent properties of the provider, while
the model’s hyperparameters are tuned for dealing with all the twelve datasets.
This, combined with the bivariate forecasting that we showed in the first part of
the chapter, requires more data for convergence and makes [ZS|learning a much
harder task [XLSA18].

Accuracy results of scenario TL-GC19vsOther (where [GC19|is the source dataset
and the target dataset is one of the other three datasets) are reported in Table
The model’s error is quite high for all three target domains (in particular for
AC20)), which means that, again, the model struggles to generalise on unseen
domains (this time from different providers). However, this time fine-tuning
on the target domain helps to improve the performance (especially for [AC20),
although error values are an order of magnitude higher than the All baseline.
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Table 5.7: Accuracy results for M-B-HBNN trained on scenario TL-GC19. In
bold, the best performance.

Processing units Memory
Scenario MSE MAE MSE MAE
TL-GC19 All 0.0043 | 0.0474 || 0.0044 | 0.0444
TL-GC19 All FT 0.0059 | 0.0562 | 0.0063 | 0.0546
TL-GC19 All-but-one | 0.0087 | 0.0673 | 0.0091 | 0.0681
TL-GC19 All-but-one FT | 0.0097 | 0.0733 || 0.0104 | 0.0701

Table 5.8: Accuracy results for M-B-HBNN trained on scenario TL-GC19vsOther.

Processing units Memory
Target | FT | MSE MAE MSE MAE
GC11 X 10.1443 | 0.3176 | 0.2467 | 0.471
v | 0.0588 | 0.1669 | 0.0421 | 0.1634
AC18 X | 0.0737 | 0.2356 | 0.0598 | 0.2242
v | 0.0271 | 0.1114 | 0.01 | 0.0614
AC20 X | 0.3206 | 0.4658 | 0.09 | 0.2466
v | 0.0522 | 0.1791 | 0.0608 | 0.1934

Confidence Interval Evaluation

We also analyse the [TL] capabilities of M-B-HBNN by looking at the confidence
intervals that we can compute given the parameters of the predicted Gaussian
distributions. Table Figures[5.6)and [5.7| report the results for scenarios All,
All FT, All-but-one and All-but-one FT. Table and Fig. [5.8| report the results
for scenario TL-GC19. Because results for scenario TL-GC19vsOther are poor
(i.e. M-B-HBNN fails to generalise on unseen cloud providers), we avoid report-
ing a detailed analysis, but we include the results in Appendix From the
aforementioned tables and figure, the main takeaways are that (i) All-but-one
achieves similar performance to All, confirming [Tl capabilities found earlier by
the accuracy metrics (ii) the same [TL| capabilities do not hold when the source
and target domains are from |GC19}, i.e. TL-GC19, and (iii) always harm the
performance. Particularly, (i) can be noted by comparing the numerical results
and closeness of the blue and red lines in the plots; (ii) is evident in plot
where the blue line corresponding to TL-GC19 is the only line close enough to
the line y = x; (iii) can be noted by looking at the way the drops when
we fine-tune the model and the relative position of the [FT| models w.r.t. to the
not fine-tuned versions in the plots (where the higher are lines, the best are the
performance). Overall, the results align with the point accuracy analysis, as in
this set of experiments, the models’ performances substantially differ from one
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another (i.e., the models’ accuracies are statistically different).

Table 5.9: Service level metrics results of M-B-HBNN for scenarios All, All FT,
All-but-one and All-but-one FT. In bold, the model with the best SR for each
confidence level.

Processing units Memory

Confidence Level Model SR (%) | OP (%) | UP (%) | TPR (%) || SR (%) | OP (%) | UP (%) | TPR (%)
All 94.58 | 20.53 0.51 120.02 95.74 | 16.57 0.25 116.31

95% ALl FT 87.47 | 16.63 1.16 115.47 85.87 9.74 0.83 108.92
All-but-one 95.7 21.58 0.38 121.2 97.39 19.47 0.16 119.32

All-but-one FT | 94.1 20.33 0.47 119.86 95.14 | 16.94 0.28 116.65

All 95.95 22.9 0.39 122.5 97.11 18.53 0.19 118.35

97% AIlFT 91.01 19.61 0.84 118.77 90.85 11.94 0.55 111.39
All-but-one 96.75 | 24.18 0.28 123.9 98.03 21.8 0.11 121.69

All-but-one FT | 95.46 | 22.59 0.35 122.24 96.15 18.63 0.21 118.41

All 97.19 | 27.44 0.24 127.19 98.35 | 22.29 0.11 122.18

99% Al FT 94.5 25.45 0.44 125.0 96.07 16.32 0.26 116.06
All-but-one 97.95 | 29.15 0.15 128.99 99.04 | 26.23 0.06 126.17

All-but-one FT | 97.35 26.94 0.2 126.74 97.71 21.86 0.13 121.73

Table 5.10: Service level metrics results of M-B-HBNN for scenario TL-GC19. In
bold, the model with the best SR for each confidence level.

Processing units Memory
Confidence Level Model SR (%) | OP (%) | UP (%) | TPR (%) | SR (%) | OP (%) | UP (%) | TPR (%)
TL-GC19 98.55 | 10.85 0.04 112.04 97.18 | 12.29 0.13 109.12
TL-GC19 FT 77.7 4.96 0.85 105.34 89.36 7.89 0.41 104.45

95%

TL-GC19 All-but-one 69.44 4.07 1.05 104.26 74.44 4.75 1.12 100.59
TL-GC19 All-but-one FT | 52.93 13.62 22.08 92.78 63.79 46.63 10.35 133.24

TL-GC19 99.42 | 1253 | 002 | 113.75 | 98.19 | 1407 | 0.1 110.94
TL-GC19 FT 840 | 604 | 059 | 10669 | 929 | 9.25 | 028 | 10594
TL-GC19 All but-one | 79.07 | 522 | 0.65 | 105.81 | 83.06 | 635 0.7 | 102.61
TL-GC19 All-but-one FT | 54.02 | 1445 | 20.67 | 9501 | 65.03 | 48.93 | 9.27 | 136.63
TL-GC19 99.86 | 15.74 | 0.01 | 11696 || 98.84 | 17.47 | 006 | 114.38
TL-GC19 FT 92.76 | 828 | 029 | 109.23 | 966 | 11.93 | 0.14 | 108.76
TL-GC19 All-but-one | 92.54 | 7.74 | 0.23 | 108.74 | 92.9 9.7 0.26 | 106.41
TL-GC19 All-but-one FT | 56.34 | 16.1 181 | 99.23 || 69.08 | 5347 | 7.4 | 143.03

97%

99%

Finally, we analyse how uncertainty varies when inference is made on differ-
ent target datasets. In Fig. we plot the values of the standard deviation
(that governs the size of the confidence interval, and its magnitude is propor-
tional to the amount of uncertainty in the prediction) of All vs All-but-one. The
plot shows that the standard deviation values for All-but-one are higher than
the values for All. This is because when the model predicts unseen datasets
(missing from the training) the model is more uncertain about its predictions.
This further confirms the usefulness of uncertainty as an additional feature to
predictions.

Overall, the results of our [TL] experiments show that M-B-HBNN can transfer
domain knowledge effectively only when the source domain used for training
is sufficiently big and sufficiently similar to the target domain. On the contrary,
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Figure 5.6: Total predicted processing units for All, All FT, All-but-one and All-
but-one FT. The closer the curve to the top left corner, the better the model.

it struggles to generalise well when the source domain is small, or the target
domain is very different from the target domain.

5.3 Conclusion

The model provides richer information than a simple pointwise predic-
tion, which can help cloud resource managers optimize their decision-making
process. However, training a one-fit-all model for predicting both processing
and memory units simultaneously on multiple cluster cells is much more chal-
lenging.

In this chapter, we first evaluated univariate and bivariate versions of and
presented in Chapter [4] that can predict processing units and memory
usage of workload traces (i.e. datasets) from Google Cloud and Alibaba. Exper-
iments show that training one model on multiple datasets benefits the learning
task more than training many models on single datasets. Moreover, the bivari-
ate achieves accuracy comparable to its univariate version when trained
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Figure 5.7: Target confidence level versus SR for processing units prediction for
All, AULFT, All-but-one and All-but-one FT. The closer the plot is to the line y = z,
the more accurate the model under this metric.

with sufficient data. Also, all models’ runtime is efficient enough to be de-
ployed in real-world applications. In particular, we found that the bivariate
trained on multiple datasets (i.e. M-B-HBNN) provide a good trade-off
between performance and complexity of deployment for the second part of our
investigation. Indeed, we further probed the capabilities of uncertainty-
aware models, as models’ generalisation on out-of-distribution target domains
is under-investigated in workload forecasting. In practice, we checked whether
the M-B-HBNN, trained in [ZS] or with and without [FT] scenarios, can transfer
knowledge across related (to different extents) domains. Experiments reveal
that the more source and target domains are different (particularly when the
source and target are from different cloud providers), the more performance de-
grades, and most of the time, does not help the knowledge transfer, in line
with other time series forecasting domains like finance [DR23]]. Acceptable
performances can be achieved when the training source domain is big enough to
account for the target domain diversity from the source domain. However, we
still believe cloud providers should explore ways of quickly building forecasting
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Figure 5.8: Target service level versus SR for processing units prediction for
TL-GC19. The closer the plot is to the line y = x, the more accurate the model
under this metric.

models in scenarios where new (unseen) or little data is available. Therefore,
to make the transfer successful, further investigation into [TL) is needed, partic-
ularly on the relationship between the source and target domain.
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Figure 5.9: Standard deviation variability for across inference on the test set All
and All-but-one. Uncertainty for All-but-one is higher for predictions on unseen
data.
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Chapter 6

Clustering-based Numerosity
Reduction

DL models have shown remarkable performance in various tasks, such as image
classification and but their effectiveness heavily relies on the availability
of sufficient training data. The previous chapter demonstrated that workload
forecasting models, and the in particular, are also subject to this depen-
dency, as they require a significant amount of data to enable accurate bivariate

forecasting.

While more data generally leads to improved model performance, it also in-
troduces challenges related to data redundancy and computational limitations.
Redundant data refers to the presence of overlapping or repetitive informa-
tion within the training dataset, which can hinder the learning process and po-
tentially diminish model accuracy. Simultaneously, deep learning models like
become computationally demanding as the training set size increases,
leading to prolonged training times and higher energy consumption.

Reducing the training time of these models is essential for making them prac-
tical and scalable. Training models can be computationally expensive and
time-consuming, which can be a barrier to their widespread adoption.

Many techniques have been proposed to address the challenges of large train-
ing datasets. One of these approaches is numerosity reduction, which involves
transforming the original data into a lower-dimensional representation while
preserving the most important features. This results in improved computa-
tional efficiency and reduced energy consumption during training. One effec-
tive method for achieving this is through time series clustering.
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By leveraging time series clustering techniques, we can simplify the training
process by grouping similar workloads together. This not only speeds up the
training process but also enhances the models’ focus on the most relevant data
patterns, thereby improving their efficiency and effectiveness. Faster training
times allow for more frequent updates of the models, ensuring they remain
accurate and responsive to the latest data.

In this chapter, we explore the application of numerosity reduction techniques,
particularly via time series clustering, to enhance the performance and scal-
ability of for machine-level bivariate workload forecasting in cloud
computing and hundreds of datasets are available for training. Time series
clustering is a powerful tool for identifying patterns and relationships within
time-dependent data, making it well-suited for reducing redundancies in work-
load datasets. In Section [6.1, we overview numerosity reduction techniques
for times series data. Section describes the methodology employed in our
experiments, including the data preprocessing steps, the time series clustering
algorithm used, and the baselines for assessing forecasting performance. Fi-
nally, Section |6.3| summarises the key findings of our research and discusses
the implications of our results for enhancing the performance and scalability of
for workload forecasting in cloud computing. Section concludes the
chapter.

6.1 Numerosity Reduction for Times Series Data

[DL] often requires dealing with datasets containing many features or data points.
Two key strategies emerge to tackle this challenge: dimensionality reduction
and numerosity reduction. Dimensionality reduction focuses on reducing the
number of features (dimensions) in the data. This aims to create a more concise
representation of the data while preserving the most important information. In
contrast, numerosity reduction targets the number of data points themselves.
This approach seeks to represent the original data using fewer data points while
maintaining the essential characteristics. In other words, if a dataset is repre-
sented by m features and n data points, dimensionality reduction algorithms
aim to reduce m, while numerosity reductions reduces n.

A time series can be considered as a point in a high-dimensional space, where
each dimension corresponds to a data point of that time series. As the length of
the time series (i.e., the number of data points) increases, the dimensionality
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of the data also increases. The analysis of a high-dimensional space can be
quite challenging due to data sparsity. As the number of dimensions increases,
the available data becomes more spread out, leading to difficulty in identifying
any meaningful patterns. This data sparsity is the main cause of the curse
of dimensionality, which demands more computational resources and time to
analyze the data effectively [Bel66]. Dimensionality reduction techniques aim
to mitigate the curse of dimensionality by reducing the number of dimensions
while preserving the essential characteristics of the data and helping capture
the temporal dependencies present in the data, which are often lost in the high-
dimensional space [VFO5, [SKPS20]. Several dimensionality reduction methods
exist, including feature selection and numerosity reduction [WTBR22].

Feature selection involves selecting a subset of the original features to reduce
the dimension of the input. However, engineering and extracting those original
features for cloud workload prediction is a complex task, especially crafting
features for cloud workload prediction which is complex, especially due to the
lack of information on unlabeled workload traces [AK23al], and the existing
literature on handcrafted features in workload prediction for cloud computing is
also limited [LLS™17,/SK21b, RBL*22, L.SM*23]]. This challenge makes feature
selection a difficult task altogether.

On the other hand, numerosity reduction is a technique used in data prepro-
cessing to reduce the number of training points. The goal is to maintain the
overall integrity and structure of the data while reducing its size. The litera-
ture discusses various techniques for dimensionality and numerosity reduction
in time series analysis, but some are less suitable than others when applied to
cloud workload forecasting. There are still several open challenges on dimen-
sionality reduction [RKKK22], including developing methods that are robust to
outliers and anomalies while also providing interpretable results [RPF™21].

One of the most popular dimensionality reduction techniques is aiming to map
the high-dimensional space into a lower-dimensional space by transforming the

input features of the time series. [Principal Component Analysis| (PCA) and
[Auto-Encoder are examples of these approaches. [Pea01] is a widely
used linear technique that transforms the original time series into a lower-

dimensional space by capturing the highest amount of variance. [Kra91]
are neural networks that are trained to reconstruct the original input data from
a lower-dimensional representation that can be used to learn a compressed
and efficient representation of the data. However, the standard approaches to
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these dimensionality reduction methods treat each time point as an indepen-
dent variable and do not consider the temporal dependence between different
time points, leading often to inaccurate forecasts.

Another family of dimensionality reduction methods are called temporal ag-
gregation methods [RTBSD13]]. Temporal aggregation involves grouping data
points into larger intervals, reducing the overall size of the time series. When
data is aggregated, essential patterns are retained while the analysis is sim-
plified, making it useful for summarising long-term trends. An example of an
aggregation method is Piecewise Aggregate Approximation, which involves seg-
menting the time series and representing each segment with its mean value
[GLP10]. This method reduces the length of the time series, but at the cost of a
loss of information. In creating the workload datasets (Chapter [3)), we adopted
this approach by considering intervals of 5 minutes while aggregating the total
workload in that interval. However, these methods reduce the input’s complex-
ity, limiting the model’s forecasting capabilities and increasing the predicting
interval’s size. For example, aggregating the input into intervals of 10 minutes
would allow us to predict an interval of 10 minutes only, leading to less detailed
predictions.

As mentioned before, unlike dimensionality reduction, which compresses data
by reducing features, numerosity reduction focuses on selecting alternate forms
of data representation to reduce data volume. When aiming to reduce training
data, coresets became a popular approach [AHPV™05]. Coresets are subsets of
the full dataset that guarantee solutions found on them are competitive with
those found on the full dataset. Since coresets are guaranteed to represent the
full dataset’s statistical properties, their formation can be complex, especially
when dealing with time series data [HSV21]]. An easy way to reduce the train-
ing data size is simple random sampling [WFFWM18]], where every sample has
an equal chance of being selected. However, this approach does not guarantee
that all the possible patterns are selected, leading to a less representative da-
taset. One way to overcome this problem is stratified sampling [Par14], which
overcomes this problem by dividing samples into subgroups before sampling.
However, identifying the relevant characteristics or attributes that define the
subgroups (strata) in cloud workload traces is generally hard due to lack of
information [AK23al], so it is difficult to apply it directly to the problem. To
overcome this problem, clustering-based approaches can be adopted to group
similar time series into clusters with similar patterns in an unsupervised fash-
ion. In this way, stratified sampling can be applied, where each cluster can
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be considered as a stratum. Unsupervised clustering has been proven to be a
powerful tool for dividing workload datasets into several groups and training
independent forecasting models for each of them [GWS20, YJYB16]. Still, it
has never been applied for numerosity reduction in workload forecasting, but
it showed its successful application to time series classification [XKS™06].

In the next section, we define the methodology and experiments employed in
this chapter. We will outline the clustering algorithms, evaluation metrics, and
experimental setup, ensuring transparency and reproducibility of our findings.

6.2 Experiments

This work focuses on time series clustering-based numerosity reduction, as mo-
tivated in Section which aims to reduce the number of training samples.
This study investigates the effectiveness of using clustering-based training data
selection for cloud workload prediction. Through an extensive methodology, we
want to assess if the proposed approaches can reduce the training size without
compromising the models’ accuracy.

First, we experimentally find the optimal number of clusters for each clustering
technique and divide the time series into clusters. Then, a number of datasets
from each cluster is selected. This subset is used to train cloud workload pre-
dictive models, and we train the models with the same number of datasets, se-
lected randomly from all the time series or with representatives in each cluster.
Finally, the models are compared in terms of predictive accuracy
confidence intervals) and runtime performance. The experiments were con-
ducted using the 2,500 machine-level workload datasets from described
in Chapter

6.2.1 Methodology

This study investigates the effectiveness of using clustering-based training data
selection for machine-level workload prediction, using the 2,500 machine-level
workload datasets from described in Chapter [3] The pipeline can be
divided into clustering optimisation and forecasting parts.

We consider four clustering approaches based on the methods described in Sec-
tion [2.3 [PCA| [VRAE] |SOM|and [DTW] In particular, is the only algorithm
that outputs the clusters after its training. [PCA| and [VRAEF] are used for re-
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ducing the dimension of the time series and apply K-means clustering on the
latent space, while with we apply the K-means algorithm with as
the distance metric and for computing the centroids. We excluded hier-
archical clustering and from the analysis. Hierarchical clustering is
a good choice for exploratory data analysis, as it can be used to visualize the
relationships between data points and identify clusters of interest, but for more
focused clustering tasks, the other methods can produce more accurate clusters
[GSA21]. is characterised by automatically selecting the number of
clusters K and tuning other parameters. This leads to a different evaluation
methodology than the other methods whose optimal number of clusters is se-
lected via the elbow method. For this reason, we leave this analysis as future
work. We find the optimal number of clusters for each technique using the el-
bow method (see Section [6.2.3)) and divide the 2,500 machine-level workload
datasets from into clusters.

Once clusters are created, we select a certain number L of datasets. The selec-
tion is at random from the whole pool of 2,500 datasets or selecting an equal
number of datasets from each cluster such that the total number of selected
datasets is L. In the experiments, [ varies between 50 and 2000, and datasets
in the test set is not used for training.

The selected datasets are used to train three models to predict future CPU and
memory demand (bivariate forecasting) of the 5-minute interval 10 minutes
ahead. For the prediction, we used and state-of-the-art probabilistic
models, i.e. DeepAR and presented in Section and designed for
being jointly trained with multiple time series. Section provides more
details on the models’ configuration. Among the selected datasets, the first
80% (about 23 days) of each dataset is used for training. The remaining 20%
(about 6 days) of the datasets in the test set are used for evaluation. This avoids
timestamp overlap between time series in training and testing; and prevents
overfitting. The training pipeline is illustrated in Fig.

With a similar evaluation framework as for Section [4.2.3] we evaluate the mod-
els regarding the point prediction accuracy, confidence interval accuracy and

runtime performance. For the point prediction accuracy, i.e. [MSE|and [MAE] the

error is computed w.r.t. the mean of the predicted distribution of each model
(models are all probabilistic). From a confidence interval point of view, we
compute [Success Rate| (SR), [Overprediction] and [Underprediction| by
varying the confidence level between 90% and 99%. The final prediction values
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Figure 6.1: Selection of the training datasets: random selection vs clustering
approach. Using random selection, traces are chosen randomly from the pool
of datasets. In the clustering approach, traces are first grouped into clusters,
and then sampling is applied to each cluster.

are computed w.r.t. the of the confidence interval with a cer-
tain confidence level. For the runtime performance, we compute the training
time and inference time. We measure the training time with the training set
size varying with L and the inference time of predicting one sample. We also
measure the fitting and inference time of the clustering techniques.

6.2.2 Forecasting Models and Optimization

The models considered in this evaluation are the [HBNN| model presented in
Chapter [4| and two state-of-the-art probabilistic forecasting models: DeepAR

and the

An exhaustive hyperparameter search is conducted to find the best hyperpa-
rameters for the three [DI] models. For the model, the following hyper-
parameters are tuned with the Talos library: the number of neurons for each
layer, the batch size, the activation functions, the learning rate, the number of
kernels in the 1DConv layer and the optimizer with its momentum and decay
coefficients, ending up with an architecture similar to the experiments in Chap-
ter [5. We also tuned the scaling range and the input size. We found that the
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best input size is 288, corresponding to a 24-hour average workload. Before
training, data is scaled in the range [0,1]. The optimisation algorithm and loss
function are the same as in the previous chapters, i.e., the Adam algorithm and
negative log-likelihood.

DeepAR and are implemented in PyTorch, and the Optuna library is used
for the hyperparameters search. Models are optimised via the Adam algorithm
with quantile loss as the loss function. The output of the models consists of
seven quantiles of the distribution from which the mean and standard deviation
of the Gaussian distribution are calculated.

More details on the implementation and hyperparameters can be found in the
open-source GitHub repositoryﬂ

6.2.3 Clustering methods

This section describes how the optimal number of clusters, which is unknown,
has been found. The clustering algorithm’s performance is evaluated by vary-
ing the number of clusters, K and plotting the elbow curve. The elbow curve
method [Tho53] is a popular method for finding the best K, based on the dis-
tortion score or within-cluster sum of squares (WCSS), which is the sum of
squared distances of points from cluster centres. As K increases, the distortion
score decreases, but overfitting can occur. The elbow curve method selects K
where there is an elbow in the distortion curve. An illustration of the elbow
curve for the K-means is given in Fig. where, in this case, it is very
soft, but it is the point where there is a higher variation of distortion.

We compared these methods used to select the datasets:

* Random: The Random method selects training datasets randomly with-
out using clustering methods. This is the baseline of our experiments.

* PCA: The method reduces the dimension of the datasets using the
first two principal components and applies K-means to the latent space,
with the best K found to be 7 using the elbow method.

* VRAE: The method trains a algorithm to minimize recon-
struction error and uses the encoder to reduce dataset dimensionality,
with K-means applied to the encoded space and the best K found to be 5.

"https://github.com/andreareds/clustered-reduction-cloud-workload
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Figure 6.2: Ilustration for elbow curve applied on the K-means clustering
algorithm. The optimal number of clusters corresponds to the elbow of the

curve, which is 4 in this example.

* SOM: The [SOM|method trains multiple SOMs with varying map sizes and
selects the best size using the elbow method, with the best configuration

found to be a 2x3 map with 6 clusters.

* DTW: The method applies distance directly on the K-means al-
gorithm and to compute the centroids. To reduce the computational
cost, we apply resampling, and the best K is found to be 4.

Clusters are computed using the first 80% of each dataset to avoid leakage in
forecasting, while the last 20% is used as the test set.

6.3 Results and Discussion

6.3.1 Point Estimate Accuracy

After clustering the time series, a certain number of datasets L are selected to
train the predictive models, with dimensionality reduction used for clustering
only. As a baseline, L datasets are randomly selected among all available ones,
while when the series are clustered, an equal number of datasets are selected
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Table 6.1: MSE and MAE for CPU and memory demand with different train-
ing sizes (500, 1000 and 2000). In bold, for each model, the best clustering
technique.

Training Size 500 Training Size 1000 Training Size 2000

CPU Memory CPU Memory CPU Memory
Model | Clustering | MSE | MAE | MSE | MAE | MSE | MAE | MSE | MAE | MSE | MAE | MSE | MAE
Random | 0.13 | 0.291 | 0.103 | 0.255 || 0.085 | 0.229 | 0.12 | 0.278 || 0.075 | 0.217 | 0.079 | 0.212

PCA 0.098 | 0.253 | 0.122 | 0.274 || 0.09 | 0.233 | 0.073 | 0.216 || 0.071 | 0.217 | 0.071 | 0.215
HBNN VRAE 0.158 | 0.314 | 0.099 | 0.253 || 0.157 | 0.27 | 0.081 | 0.228 || 0.073 | 0.215 | 0.081 | 0.231
SOM 0.114 | 0.271 | 0.124 | 0.281 || 0.163 | 0.319 | 0.107 | 0.257 || 0.082 | 0.22 | 0.085 | 0.226
DTW 0.106 | 0.259 | 0.07 | 0.21 || 0.125 | 0.283 | 0.07 | 0.206 | 0.078 | 0.228 | 0.081 | 0.219

Random | 0.014 | 0.094 | 0.015 | 0.091 || 0.014 | 0.093 | 0.014 | 0.09 | 0.015 | 0.097 | 0.013 | 0.082
PCA 0.026 | 0.13 | 0.014 | 0.088 || 0.025 | 0.126 | 0.014 | 0.088 || 0.013 | 0.088 | 0.011 | 0.077
DeepAR VRAE 0.024 | 0.124 | 0.016 | 0.095 || 0.014 | 0.095 | 0.014 | 0.09 | 0.014 | 0.094 | 0.013 | 0.081
SOM 0.014 | 0.096 | 0.014 | 0.088 || 0.017 | 0.103 | 0.011 | 0.08 | 0.012 | 0.085 | 0.011 | 0.079
DTW 0.022 | 0.12 | 0.012 | 0.082 || 0.013 | 0.09 | 0.012 | 0.083 || 0.013 | 0.089 | 0.011 | 0.078
Random | 0.02 | 0.114 | 0.016 | 0.096 || 0.014 | 0.093 | 0.014 | 0.09 | 0.014 | 0.097 | 0.012 | 0.084
PCA 0.024 | 0.124 | 0.014 | 0.088 || 0.021 | 0.116 | 0.013 | 0.086 | 0.013 | 0.087 | 0.011 | 0.078
TFT VRAE 0.016 | 0.101 | 0.015 | 0.092 || 0.014 | 0.094 | 0.015 | 0.093 || 0.014 | 0.094 | 0.013 | 0.082
SOM 0.017 | 0.104 | 0.013 | 0.087 || 0.017 | 0.103 | 0.011 | 0.08 || 0.012 | 0.085 | 0.011 | 0.08
DTW 0.014 | 0.094 | 0.012 | 0.084 || 0.012 | 0.089 | 0.012 | 0.082 || 0.013 | 0.089 | 0.011 | 0.079

for each cluster such that the total number is L. The models are trained by
varying L between 50 and 2000 and tested on datasets not used for training.

The first evaluation is in terms of MSE| and [MAE], computed with respect to the

mean of the predicted Gaussian distribution.

Table shows the results for CPU and memory demand prediction for all pre-
diction models. We also plot the of the memory prediction for DeepAR and
(together) and for all the clustering approaches by varying the num-
ber of datasets (whose scale is logarithmic) in Figures and respectively.
Plots are separated for higher readability From the plots, we can see that once
the number of datasets increases sufficiently, all the approaches, including the
baseline, converge to similar metrics values. However, the clustering approac-
hes allow the models to reach the same performance with much less data and,
consequently, fewer computational resources compared to a random selection
of the datasets. For completeness, we include all the remaining plots for MAE|
and CPU in Appendix

Experiments show that, independently of the clustering techniques used for

training, the [HBNN]| has an and at least five times higher than the
ones conducted by the state-of-the-art methods DeepAR and This is be-

cause the[HBNN|is a much simpler network, incapable of learning patterns from
several time series, compared to more complex architectures. DeepAR and

achieve similar performance in [MSE| and [MAE, for all the considered clustering

techniques for both CPU and memory demand.

While previously outperformed DeepAR in electricity demand and traffic
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Figure 6.3: MSE comparison of DeepAR and TFT for the memory demand.
DTW and SOM are the best clustering-based selection approaches, allowing the
models to achieve the same MSE with fewer training datasets than a random
selection. When the number of datasets is high, the MSE of all the approaches
converge. The x-axis is in a logarithmic scale.

forecasting [LALP21]], for our cloud prediction, it is not possible to conclude
which is the best model. We believe it is due to the absence of covariates
of the resource demand to train the model, an essential component used by the
variable selection network of the

From these experiments, we can see how all the clustering-based selection tech-
niques significantly boost the performance of DeepAR and compared to a
random selection of the training data when increasing the number of train-
ing datasets, showing the benefits of clustering the datasets before training
when the computational resources are limited. For example, DeepAR-Random
reaches an MSE of 0.014 with 1,000 training datasets, while DeepAR-DTW re-
quires only 200 datasets to reach the same Moreover, DeepAR-Random
trained with 1,000 datasets has a CPU and memory 7% and 14% higher
than the respective achieved by DeepAR-DTW. On the contrary,
does not benefit as much as the other models from a clustered selection of the
training datasets.

Overall, DTW| and |SOM] are the best approaches among all the clustering tech-

niques. This is because DTW] has been designed for dealing with time series,
while the other approaches are more general and data structure independent.

Instead, [PCA| and [VRAE| achieve an unsatisfactory score from a point estimate
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Figure 6.4: MSE comparison of HBNN for the memory demand. PCA is the best
clustering-based selection approach and allows the HBNN to achieve the same
MSE with fewer training datasets compared to a random selection. When the
number of datasets is high, the MSE of all the approaches converge. The x-axis
is in a logarithmic scale.

point of view for DeepAR and because the clustering is not applied directly
to the time series but to the learned latent space. However, these dimensional-
ity reduction approaches seem more effective for simpler models such as
This is likely because is a simpler model compared to DeepAR and
with the best clustering method being dependent on the predictive models uti-
lized.

6.3.2 Confidence Interval Evaluation

This section evaluates the forecasting models with the confidence level metrics
defined in [4.2.3} [Success Rate| (SR)), [Overprediction| and [Underprediction|
(UP) in percentage. For readability of the results, we omit the computation of
[Total Predicted Resources| because it can be derived by combining |OP| and

(as [TPRI(%) = 100 +[OP(%) — [TPX)).

There are important differences between and state-of-the-art models.
reaches an [SR]very close to the target confidence level (2% points above
the target), while DeepAR and are over 15% points below. This can be
seen graphically in Fig. where we measure the with a training size

of 1000 datasets while varying the confidence level of the predicted probability
distribution of memory for the best clustering approaches and the baseline. This
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is due to the predicted standard deviation of the model. We display numerical

results for and [UP] in Table [6.2] using 500, 1000 and 2000 datasets in
training for HBNN|, DeepAR and models for a 95% confidence interval.

While the Bayesian layer of the is capable of modelling the epistemic
uncertainty of the prediction and the uncertainty of the prediction is quantified
by the magnitude of the standard deviation, DeepAR and [TFT|are overconfident
in the prediction, with a much lower standard deviation, capable of modelling
only the noise of the data. A similar discussion can be extended to the [UP| be-
cause this metric is related to the percentage of unmatched requests, with a
portion of those much lower for the compared to the other two meth-
ods, making it more reliable for applications where high confidence is required.
Interestingly, the of the CPU demand is lower for DeepAR and mean-
ing that the upper bound of the prediction is quite close to the ground truth.
For this reason, the prediction requires further processing to improve its per-
formance. On the other hand, a high standard deviation makes the [UB| of the
prediction much higher, thus increasing the which is up to 5 times lower

for DeepAR and compared to the HBNN|

Regarding the clustering approaches, as in the previous results on the point
estimate accuracy, [DTW] and approaches are the best clustering methods
to select the datasets for training, with a better and [UP| of up to 6%
compared to a random selection of the datasets for state-of-the-art method.
Again, the is not benefiting much from a clustering-based selection. The
differences between the clustering methods decrease as the number of datasets
used in training increases.

When we use most datasets in training, it does not matter whether the datasets
are selected randomly or via a clustering approach. This can be seen by the
trend in Fig. [6.6]for the interpolated [OP| of memory for DeepAR and models
while varying the number of datasets. In the plot we excluded [PCAl and [VRAE|
which are less performing for deepAR and to make it more readable. This
proves that when a high amount of data is available, an accurate selection of

training data that considers different patterns, i.e. different distributions of the
training input, is essential to achieve a good trade-off between performance

and computational cost. [DTW|and |SOM] are the clustering approaches which
reduce both the [UP| and [OP] for both DeepAR and models, confirming that
time series-based clustering approaches are more suitable for grouping similar

datasets according to their patterns.
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Under these metrics, a clustering-based selection improves the performance
compared to training with a random selection of the datasets, with and
performing best overall, especially for state-of-the-art probabilistic meth-
ods. For completeness, we include the remaining plot in Appendix [C
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Figure 6.5: Memory SR comparison of DeepAR, TFT and HBNN as a function of
the confidence level with models trained with 1000 datasets. The model is the
most accurate when the curve is closest to the line y = x. DTW and SOM-based
selections improve the SR compared to the random selection of datasets.

6.3.3 Runtime Performance Analysis

As discussed in previous chapter, another critical aspect of the predictive models
in cloud computing applications is related to the runtime performance, which
is critical for the deployability of the models in real-world scenarios. We are
interested in measuring both the time necessary to train a model and the time
to predict once the model is trained.

First, we measure the training time of the models while using the selected
datasets from the clusters. We plot the training time by varying the number
of training datasets L in Fig. We consider the average training time, wh-
ich is affected by the amount of input data and not by how its selection is
performed. Increasing the number of training datasets, i.e. the training data,
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Table 6.2: CPU and Memory demand prediction statistics (Success Rate, Over-
prediction and Underprediction in percentage) of HBNN, DeepAR and TFT with
500, 1000 and 2000 training datasets at 95% confidence. In bold, for each
model, the best clustering technique.

CPU Memory
Training size | Model | Clustering | SR (%) | OP (%) | UP (%) | SR (%) | OP (%) | UP (%)
Random 98.06 | 220.67 | 19.38 99.85 | 125.11 5.08
PCA 98.83 | 179.26 | 27.99 99.19 | 136.20 | 10.79
HBNN VRAE 98.29 | 180.61 | 23.17 98.91 | 151.32 | 11.30
SOM 97.62 | 220.24 | 64.51 98.15 | 140.13 16.38
DTW 98.25 | 173.61 | 27.02 98.92 | 140.82 9.88
Random 72.65 42.86 18.60 74.61 29.66 16.42
PCA 71.88 43.85 18.92 74.22 29.29 15.10
500 DeepAR VRAE 72.49 40.71 18.45 74.66 29.66 15.92
SOM 76.28 35.08 16.05 77.44 25.74 11.97
DTW 76.85 38.90 15.94 77.63 26.55 11.42
Random 72.56 42.9 18.85 75.45 30.35 16.36
PCA 72.84 45.56 19.24 76.04 29.83 15.25
TFT VRAE 73.72 41.91 18.47 76.92 30.62 16.22
SOM 78.42 36.75 16.22 80.81 27.55 11.81
DTW 78.43 39.70 15.96 80.09 27.27 11.08
Random 98.35 | 139.93 | 10.30 99.49 80.99 2.57
PCA 98.54 170.5 22.25 99.08 | 130.48 3.82
HBNN VRAE 98.53 125.04 12.82 98.98 105.31 2.75
SOM 97.64 | 141.81 | 37.20 98.33 90.05 6.41
DTW 98.29 | 123.46 | 12.94 99.44 | 100.14 4.78
Random 73.94 33.63 14.00 75.88 23.38 12.61
PCA 73.23 42.07 17.43 75.65 28.26 14.19
1000 DeepAR VRAE 73.81 33.55 14.64 75.94 24.58 12.85
SOM 77.74 27.86 12.28 78.83 20.55 9.18
DTW 78.28 32.59 12.75 79.05 22.33 9.17
Random 73.85 33.73 14.20 76.77 23.92 12.60
PCA 74.14 43.95 17.74 77.44 28.86 14.37
TFT VRAE 75.03 34.65 14.65 78.21 25.46 13.15
SOM 79.84 29.34 12.43 82.23 22.13 9.09
DTW 79.82 33.38 12.76 81.55 22.98 8.90
Random 99.2 418.12 0.25 99.99 | 248.18 0.0
PCA 99.21 | 316.27 0.24 99.96 | 247.53 0.01
HBNN VRAE 99.51 | 353.35 0.15 99.99 | 300.76 0.0
SOM 98.66 | 427.27 2.07 99.37 | 273.71 0.07
DTW 99.19 | 341.33 0.06 99.98 282.6 0.0
Random 76.85 41.64 6.38 78.7 30.75 5.27
PCA 76.31 39.56 6.29 78.84 28.78 4.48
2000 DeepAR VRAE 76.75 39.45 6.37 78.81 30.9 5.03
SOM 80.96 37.05 4.58 81.94 28.39 3.13
DTW 81.45 41.53 4.38 82.21 29.39 2.93
Random 76.76 41.94 6.49 79.64 31.92 5.08
PCA 77.12 42.43 6.17 80.56 30.33 4.21
TFT VRAE 77.95 41.87 6.05 81.06 33.32 4.66
SOM 82.91 40.75 4.15 85.38 32.46 2.57
DTW 82.92 43.9 4.03 84.86 31.45 2.48
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Figure 6.6: Memory OP comparison of DeepAR and TFT. If DTW and SOM
are applied, a much lower number of datasets is required to get the same OP
compared to a random selection of the datasets. The x-axis is in a logarithmic
scale.

increases the time for the model to converge, with some fluctuations whose
causes include the random initialization of the network and the batch order fed
in the backpropagation optimization. However, from the plot, it is clear that
DeepAR converges two times faster, independently of the clustering approach
used.

The Bayesian layer is much slower to train because of the reparametrization
trick applied in each epoch, and it scales poorly compared to the state-of-the-
art methods, which have been designed to be jointly trained with multiple time
series. Moreover, the libraries used to implement and state-of-the-art
methods differ, with Keras slower than PyTorch.

If we relate the training time to the accuracy, we can see that clustering app-
roaches allow us to reach the same performance with a much lower number
of training datasets. As a result, to achieve the same [MSE| a random selection
requires many more datasets, compared to training based on clustering appro-
aches, with reduced computational cost and, consequently, energy-saving. Ta-
ble[6.3]lists the time-saving in percentage. This is computed as the difference in
training time between the random selection of the datasets and the best cluster-
ing approach used to train the model, where the cluster-based model achieves
at least the same accuracy. For example, to achieve the same MSE, a ran-
dom selection requires 1,000 datasets, compared to 200 or 300 when we apply
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(see Fig. |6.3), with a reduction of the computational cost, confirming the
advantages of clustering methods compared to a random selection in terms of

runtime performance.

60000
—— DeepAR 7/
50000 TFT 7

40000 7

ime [s]

. ~

30000 -7

‘c 20000 "

Training T

10000 -~

0

50 100 200 500 1000 2000
Number of Datasets

—— DeepAR
1200 TFT

Training Time [s]
=
S

50 100 200 500 1000 2000
Number of Datasets

Figure 6.7: Training time curve as a function of the number of datasets. On the
left, all three models are plotted. On the right, we plot only DeepAR and TFT to
show the differences between the two models. The training time increases when
we increase L, but TFT grows slower when the number of datasets increases,
compared to the other methods. The x-axis is in a logarithmic scale.

We also measure the inference time of [HBNN], DeepAR and to predict one
sample. All the[DL]models are fast, with 0.1 ms required for prediction using the
DeepAR takes 2.16 ms, while requires 20.10 ms. The differences
depend on the complexity of the architecture. Although the inference time
among the three models is significantly different, with the 200 times
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Table 6.3: Time saving for all the models trained with the best clustering ap-
proach w.r.t. a random selection of the training datasets, with the baseline
trained using 2000, 1500 and 1000 datasets. The training size of the clustering
is selected as the minimum size required to achieve an|[MSE|less or equal to the
MSE achieved by the baseline.

CPU Memory

Training Size Model Training Size Time Training Size Time
Baseline Clustering | Saving (%) | Clustering | Saving (%)

HBNN 200 75.63 400 67.23

2000 DeepAR 400 34.82 500 32.65

TFT 500 8.48 500 8.49

HBNN 200 69.15 400 58.51

1500 DeepAR 200 31.75 300 29.31

TFT 400 6.41 500 5.83

HBNN 100 65.22 300 50.73

1000 DeepAR 200 22.26 200 22.26

TFT 200 4.80 500 3.00

faster than the it is on the order of ms, negligible compared to the 10
minutes ahead forecast. Inference time is also independent of the clustering
approach because once the model is trained, the time depends only on the
number of parameters and the complexity of the network.

The model discussed in this chapter exhibits an inference time that is
double that presented in Chapter 4] of the thesis. This increase in inference time
can be attributed to the input size, which is double that of the previous chapter,
expanding from 12 hours to 24 hours of historical data. This enlargement inher-
ently requires more computational resources and processing time, thus elongat-
ing the inference duration. Additionally, architectural modifications have been
made to the model. While Chapter |4] describes a model with a single convo-
lutional layer and one dense layer, the current iteration employs three convo-
lutional layers and two dense layers, matching the model used in Chapter
(M-B-HBNN model). Despite these changes, the complexity considerations for
the layers remain comparable to those previously detailed in Section The
additional convolutional and dense layers, while enhancing the model’s ability
to capture intricate patterns and features, do not significantly alter the overall
complexity framework, adhering to similar computational principles and con-
straints.

Therefore, with similar performance in terms of point estimate accuracy and
the considerations on the confidence intervals computed from the predicting
probability distributions, DeepAR is preferable to the because both the
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Table 6.4: Fitting and inference time of the clustering approaches. In bold, the
best fitting and inference time.

Clustering Method | Fitting Time [s] | Inference Time [s]
PCA 158.6 0.965
VRAE 185.6 1.744
SOM 7.8 0.177
DTW 2010.7 0.682

training time and the inference time are lower.

We measure the fitting and prediction time of the four clustering approaches.
Each technique includes a different training procedure. [PCAlincludes reducing
the feature space and computing the K-means on the top of the latent space.
Similarly, consists of the joint training of the encoder and decoder, the
encoder is then used to map the time series to a latent space, and K-means
is applied on top of it. requires the training of the neurons of the map
that will be used for the prediction. Finally, the is comparable to the K-
means algorithms, with a different distance metric which is computationally
more expensive. We list the time performance in Table For the cluster-
ing algorithms, is the fastest method under both training and inference
time, while the training phase for DTW]is computationally expensive. We can
conclude that, among the clustering techniques, offers the best trade-off
between accuracy and runtime performance.

6.4 Conclusion

This chapter analyses the effect of clustering for grouping up workload time
series with similar pattern for reducing the training time of forecasting mod-
els, evaluating the accuracy and runtime performance of forecasting models
that predict future machine-level CPU and memory demand distributions from
We compared several clustering algorithms to a random selection of the
training datasets.

DeepAR and [TFT], two state-of-the-art probabilistic models are compared to the
HBNN| evaluating also the prediction uncertainty given by the predicted confi-
dence intervals, built on the top of the output distributions.

Results show that clustering-based selection achieves the same accuracy with

fewer data, and time series clustering methods such as [DTW| and |[SOMs are
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more effective because are designed to deal with time series data. Confidence
intervals are computed from the output distribution to relate prediction con-
fidence to the rate of correctly predicted requests. State-of-the-art methods
achieve better point estimate accuracy but are often overconfident. At the same
time, that quantifies also the epistemic uncertainty, provides a trade-off
between accuracy and [SR|but allocating more resources.

Overall, the models’ runtime performance is analysed for practical deployment
in real-world scenarios, with the DeepAR method trained with datasets selected
with offering the best trade-off between cost and accuracy. However,
the is the model that benefits most in terms of time saving, capable of
achieving the same point accuracy when trained on only 10% of the original
datasets.
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Chapter 7
Conclusions

The contributions of this dissertation focus on modelling the uncertainty of
workload forecasting in cloud computing with BNNks. Although have
been used for uncertainty modelling in various fields, their application in cloud
resource demand prediction is entirely new. Our proposed deep learning archi-
tecture is designed to address the computational cost of BNNk. By leveraging
principles only in the final network stage, we captured both inherent un-
certainties (aleatoric) and uncertainties due to limited data (epistemic). We
also emphasized the importance of uniformly preprocessed datasets for train-
ing this model: consistent data formatting ensures the can effectively learn
patterns from the data and reduces noise caused by inconsistencies. Further-
more, we addressed the question of how to leverage the model’s robustness
and ability to generalize to unseen cloud data centres and to improve runtime
performance through data selection using clustering techniques. Our findings
empower practitioners to design novel, uncertainty-aware prediction models for
improved cloud operations. Incorporating confidence measures into cloud pre-
dictions leads to better-informed decisions, particularly when aiming for high
service quality. Furthermore, this approach demonstrates effectiveness and in-
troduces a generalizable methodology for uncertainty quantification applicable
beyond the cloud workload domain.

Modelling the uncertainty in cloud workload prediction

In Chapter |2, after giving an overview of the types of predictive models used
in cloud workload forecasting and a formulation of the problem, we surveyed
solutions proposed in the literature for modelling the uncertainty of the predic-
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tion, which are incorporated in the models and the most popular time series
clustering methods in the literature

In Chapter (3| after surveying the most popular traces used in workload fore-
casting, we described the datasets chosen for the experiments (from Google
Cloud and Alibaba Cloud platforms) and how they have been preprocessed.
This provides a collection of uniformly preprocessed datasets that can be used
to reproduce the experiments and future studies in this area.

In Chapter [4] we presented the our solution to model the uncertainty in
the cloud workload forecasts: from an existing architecture for workload fore-
casting, we integrated a Bayesian layer at the end of the network to take into
account for the epistemic uncertainty inherent by the model, and we predicted
the parameters of the future cluster-level workload distribution, incorporating
aleatoric uncertainty aspects as well. Through an extensive set of experiments
on the 8 cluster cells from [GC19, we found that achieves efficient run-
time performance for real-world applications deployment and the same point
accuracy of the baselines while providing a more robust and efficient probabilis-
tic forecast, which is superior to the model that accounts only for the aleatoric

uncertainty, i.e. LSTMD)] or that provides only a point forecast, i.e. LSTM

Generalisation of uncertainty-aware predictive models

In Chapter [5 we investigated whether the can be trained for bivari-
ate forecasting, i.e. if it can jointly predict the future cluster-level processing
and memory units, and compared to non-Bayesian architectures, i.e.
and proving comparable performance to the univariate version when
trained with more data. We also tested these bivariate prediction capabilities
on out-of-distribution datasets not used in training. Different source and target
domains, especially from other cloud providers, lead to poor [TL| performance,
and finetuning does not always help. However, acceptable [TLjresults are achiev-
able when the training source domain is large enough to account for the target
domain diversity, opening future research directions in this underinvestigated
area.
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Complexity reduction for cloud workload probabilistic fore-

casting

In Chapter [6, we gave an overview of the numerosity reduction techniques.
Then, we applied the clustering approaches suitable for the cloud workload
domain, i.e. [PCA| [VRAE| |SOM| and DTW, to group up machine-level work-
load datasets with similar patterns. We then sampled some datasets from each

cluster or at random and used them to train bivariate forecasting models, i.e.
DeepAR and The analysis showed that clustering-based training
data selection, especially clustering approaches designed for dealing with time
series data, always allows for the same accuracy with a reduced time for train-
ing, which can impact the utilisation of electricity and computation resources.

In conclusion, this work has significantly contributed to cloud workload fore-
casting, from the definition of a dataset preprocessing methodology to a broader
exploration of in this field. The proposed architecture effectively
addresses both epistemic and aleatoric uncertainties, providing a more infor-
mative and robust forecast compared to existing methods that model only one
type at a time, with the limitation of requiring more data and longer training
time to converge. Additionally, our explorations into bivariate forecasting and
clustering-based training data selection (to reduce training time) open the op-
portunity for further research and optimization in this domain. By addressing
the limitations in transfer learning and exploring the full potential of clustering
techniques, we can achieve even more efficient and accurate cloud workload
forecasting in the future, allowing cloud providers to offer more sustainable
and cost-effective services.

Despite the significant contributions, this work is not without its limitations.
Firstly, the datasets used for the experiments, while comprehensive, are lim-
ited to the specific characteristics of workloads from Google Cloud and Al-
ibaba Cloud platforms. This limitation may affect the generalizability of the
findings to other cloud providers with different workload patterns. Secondly,
the methodology adopted for preprocessing and modelling involves several as-
sumptions and simplifications, such as the uniform preprocessing of datasets,
which might not capture all real-world complexities and variations in cloud
workloads.

Moreover, the possibility of randomness in the results and findings cannot be
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entirely ruled out. The experimental results are based on a finite set of data and
specific configurations of the models. While efforts have been made to ensure
robustness, inherent randomness in the data and the stochastic nature of the
training algorithms, including the selection of random seeds, may impact the
reproducibility of the results to some extent. The use of different random seeds
can lead to variations in the initialization of model parameters, training data
shuffling, and other aspects of the model training process, which might intro-
duce variability in the outcomes. Therefore, further validation with different
datasets, cloud environments, and extended experimentation is necessary to
strengthen the conclusions and enhance the reliability of the proposed models.

7.1 Future Work

In this dissertation, we shed light on uncertainty modelling for cloud workload
forecasting. However, our research is open to further extensions. This section
gives a brief overview of some of these opportunities.

Multistep-ahead prediction and resource optimisation

When we trained DL models and evaluated their performance, we limited the
analysis to the forecasting task and only evaluating one prediction at a time,
i.e. given the past input, the models forecast the future resource demand only
of the 5-minute interval required in 10 minutes, and they do not provide sub-
sequent forecasts. However, some cloud resource management applications,
such as resource provisioning, must be evaluated over multi-step-ahead predic-
tions as they aim to optimise the resources over time. Resource provisioning
can be defined as an optimisation problem that maximises the efficiency of re-
source utilisation while minimising operational costs (e.g., the cost of using the
machines) and it is subject to some domain constraints, such as guaran-
tees while limiting the energy consumption [LL12]. With this objective, the
proposed forecasting models can be extended to support multi-step-ahead pre-
dictions and the output can be used in cloud optimisation problems, with the
opportunity of further showing the advantages of uncertainty-aware forecasts.

New deep learning methods for cloud workload forecasting

In Chapter |2 numerous models have been presented to address the challenges
of forecasting future workloads in cloud computing environments. As this dis-
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sertation introduces the and explores other recent methods for workload
probabilistic forecasting, a promising avenue for future research involves con-
ducting a comprehensive comparative analysis with the myriad existing mod-
els. Leveraging the workload prediction literature and exploring diverse app-
roaches, such as novel deep learning architectures yet underinvestigated, can
provide valuable insights into the trend of cloud workload forecasting mod-
els. In recent years, the prevalence of transformer-based models is evident
when looking at and Computer Vision applications, dominated by Large
Language Models and Generative While transformers have demonstrated
remarkable success, their primary drawback lies in the substantial training data
requirements, which limits their applicability in cloud workload scenarios. To
address this limitation, future work should focus first on collecting more data
and preprocessing more available datasets, such as those presented in Chapter
enabling the effective utilisation of transformers for workload prediction in
cloud computing. Furthermore, the probabilistic extensions of the transformer
[TM21] present an exciting exploration for uncertainty quantification in cloud
workload forecasting and a fair competitor for the proposed

Concurrent with these developments, conformal prediction [GVV13] has be-
come a powerful tool for uncertainty quantification, providing reliable predic-
tion confidence intervals. Although initially challenging to apply to time series
because it assumes the exchangeability of the input data, recent advancements
have made it feasible to explore integrating conformal prediction methods into
forecasting models [[SMAvdS21, XX23]]. This extension would contribute to
a more robust and interpretable framework for uncertainty quantification in
workload forecasting. Conformal prediction has been integrated into a very
recent time series forecasting model called TimeGPT [GMC23], a transformer-
based architecture train with over 10 billion data points of different natures,
including finance, demographics, healthcare, weather, energy and sales data.
Such a model, considered the first foundational model for time series forecast-
ing, is tailored for hourly, daily, weekly, and monthly prediction, which are the
granularity of most time series forecasting problems. This poses interesting
research questions about whether this model can be trained or finetuned for
a more fine-grained prediction (for instance, predicting 5-minute intervals in-
stead of hourly or daily forecasts). This approach could offer superior accuracy
and adaptability to varying time scales, exploiting data from different domains
and extending the [TL] concept, presented in Chapter 5] providing a comprehen-
sive solution for cloud service providers aiming to optimise resource allocation
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and enhance overall system performance.

Understanding the prediction: explainability for cloud work-

load forecasting

As continues to permeate various domains, the growing emphasis on ex-
plainability and trustworthiness is a significant trend [KURD22]. Future re-

search in cloud workload forecasting should incorporate [explainable Artificiall

Intelligence| (XAI) techniques to enhance the transparency and interpretability

of predictive models. The need for explainability can be particularly crucial in
applications such as cloud computing, where decision-making processes have
far-reaching consequences on resource allocation, cost optimisation, and over-
all system performance. Recently, approaches like SHAP (SHapley Additive
exPlanations) [LL17] that can help in generating human-understandable ex-
planations for complex machine learning models, have been extended to time
series data [ZSQ™'23]]. This opens the opportunity to incorporate appro-
aches into cloud workload forecasting models. Moreover, explainability can
contribute to identifying and mitigating biases present in the training data or
the underlying algorithms, ensuring fairness and preventing unintended conse-
quences. By understanding how the model arrives at specific predictions, cloud
computing providers can intervene to rectify biases or inaccuracies, promot-
ing ethical and responsible |Al| practices. In this direction, by embracing
techniques and developing transparent forecasting models, future research can
contribute to building more trustworthy, fair, and green |All systems for cloud
computing, ultimately advancing the field and addressing the evolving needs of
stakeholders in the cloud ecosystem and address the requirements posed by the
newly approved EU Al Act, the world’s first comprehensive [Al| law.

Towards new computing paradigms: fog and edge computing

While cloud computing provides scalable, on-demand services over the internet
but can face challenges with latency and bandwidth utilisation, fog comput-
ing extends cloud computing to the edge of a network, enabling real-time data
analysis and decision-making, but can face challenges with data processing at
the edge of a decentralised network. On the other hand, edge computing pro-
cesses data directly on devices at the source, ensuring high operational speed
and efficiency and minimising processing time by removing the need to trans-
fer data to a central processing system. Thus, the primary difference between
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these three computing frameworks is their data processing location [Ati21]]. As
more Internet of Things devices and applications require quick processing, the
drawbacks of centralised cloud structures are becoming clear. Current research
aims to improve fog and edge computing, taking advantage of their closeness to
data sources for better speed and response times. Decentralised paradigms are
becoming dominant along with distributed learning approaches such as
lated Learning| (FL), which allows multiple devices or servers to train a model

without sharing their data [LFTL20]. Developing privacy-protecting methods,
like is important for secure and efficient decentralised computing. Future
work can focus on adopting [FL| algorithms for forecasting the future demand of
resources in fog and edge networks, extending the cloud computing paradigm.
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AC18 Alibaba Cluster Trace 2018. |iiil, [vi 105]
[107, A7

AC20 Alibaba Cluster Trace 2020. 60] 105]
(107} [108} [A7]

ADF augmented Dickey-Fuller. [60]

AE Auto-Encoder.

Al artificial intelligence.

AIC Akaike Information Criterion. [74]

AR autoregressive.

ARIMA AutoRegressive Integrated Moving Average.

BNN Bayesian Neural Network.
137

CNN Convolutional Neural Network.

DBA DTW Barycenter Averaging.
DBN Deep Belief Network.

DBSCAN Density-Based Spatial Clustering of Applications with Noise.
120

DC data centre.

DL deep learning. fiiil [2} {4} [5} [11} [12] [15 [16] 22} [25] [26) [28] 31} [33] [45] [50} [54}
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DTW Dynamic Time Warping. [} [119} [120} [122] [123] [125] [127] [12§]
33} 137

ELBO evidence lower bound.
ETS exponential smoothing.

FL Federated Learning. [141

FT fine-tuning. {104, (106,107, (109} (112

GARCH Generalized AutoRegressive Conditional Heteroskedasticity.
9 [73H75} [79)

GC11 Google Cloud Trace 2011. [iii [vi [49} [53H56], [62} [64} [65] [92}, [105] [107} [A7]
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HBNN Hybrid Bayesian Neural Network.
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LSTMD LSTM Distributional. ix|, [68H75] 82]
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MA moving average.
MAE mean absolute error. 95}, [99] [108], [119} [120} [124]

ML machine learning. 3,
(104

MLE maximum likelihood estimation.
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[125] 130} [132]

Modelling Uncertainty in Cloud Workload 143 Andrea Rossi
Forecasting



Acronyms

NLP Natural Language Processing. [4] 115]
NN neural network. 39,

OP Overprediction. [ivi, 7678}, [80H82] [120] [126] [127]

PCA Principal Component Analysis. [117,[119] 122} [125] [127] [133] [137]

QoS quality of service.
QR quantile regression.

RF Random forest.
RNN Recurrent Neural Network. 23H25]

SLA service level agreement.

SOM Self-Organising Map. [119, 123] [125] 127} [128] 131} [133] 134,
137

SR Success Rate. [iv}, [76H478] [94],[96],[99] [109} [120] [126}, [127] [134]
SVR Support vector regression.

TCN Temporal Convolutional Network.

TFT Temporal Fusion Transformer. [37] [120H122], [124H127] [131H133] [137]

TL Transfer learning. [102H105], [107], [109] [110] [112] [113], [136] [139]
TPR Total Predicted Resources. [iv} 94,

UB upper bound. [75H80}, [94] [121]
UP Underprediction. [76H78] [120} [126} [127]

VI variational inference. [31] [34H36)]
VM virtual machine.
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Appendix A

Preprocessed Datasets

A.1 Cluster-level Datasets from|Google Cloud Trace
2019

In this section, we include the plots of all 8 preprocessed cluster-level datasets
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Figure A.1: Average CPU and memory (RAM) workload of the preprocessed
|Google Cloud Trace 2019|for the cluster cell A.
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Figure A.6: Average CPU and memory (RAM) workload of the preprocessed
|Google Cloud Trace 2019 for the cluster cell F.
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Figure A.7: Average CPU and memory (RAM) workload of the preprocessed
|Google Cloud Trace 2019 for the cluster cell G.
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A.1 Cluster-level Datasets from [Google Cloud]
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Figure A.8: Average CPU and memory (RAM) workload of the preprocessed
|Google Cloud Trace 2019 for the cluster cell H.
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A.2 Memory distribution of cluster-level
A. PREPROCESSED DATASETS preprocessed datasets

A.2 Memory distribution of cluster-level preprocessed

datasets

In this section, we include the plots of the memory unit distribution of prepro-
cessed cluster-level datasets.
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Figure A.9: Histogram of the normalised memory units of the compute cells A
to D from the preprocessed [GC19
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A.2 Memory distribution of cluster-level
A. PREPROCESSED DATASETS preprocessed datasets
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Figure A.10: Histogram of the normalised memory units of the compute cells E
to H from the preprocessed ([GC19
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Figure A.11: Histogram of the normalised memory units of the compute cells

from the preprocessed [GC11], [AC20] and [AC18|
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Appendix B

Bivariate HBNN and Transfer
Learning Results

B.1 Additional Results on Bivariate HBNN
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Figure B.1: Total predicted memory units for S-U, M-U and M-B models. The
closer the curve to the top left corner, the better the model.
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B. BIVARIATE HBNN AND TRANSFER
LEARNING RESULTS

B.1 Additional Results on Bivariate HBNN
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Figure B.2: Total predicted memory units for bivariate models. The ones trained
with a single dataset perform very poorly, with a much higher amount of TPR
w.r.t. than the models trained with multiple datasets.
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Figure B.3: Total overprediction for processing units for S-U, M-U and M-B
models. The closer the curve to the top left corner, the better the model.
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B. BIVARIATE HBNN AND TRANSFER
LEARNING RESULTS
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B.2 Additional Results on Transfer Learning
for HBNN
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Figure B.4: Total overprediction for processing units for bivariate models. The
ones trained with a single dataset perform very poorly, with a much higher
amount of TPR w.r.t. than the models trained with multiple datasets.

B.2 Additional Results on Transfer Learning for HBNN

To complete the analysis, in this section, we evaluate scenarios GC19, GC19
FT, GC19-but-one and GC19-but-one FT by including all the remaining results
regarding the point estimate accuracy and confidence interval evaluation.
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B. BIVARIATE HBNN AND TRANSFER B.2 Additional Results on Transfer Learning
LEARNING RESULTS fOT' HBNN

Confidence Interval Evaluation

Table B.1: Processing Units and Memory confidence interval statistics of the
models for the transfer learning experiments on Google Cloud 2019 traces and
tested on Google Cloud 2011 and Alibaba. In bold, the model with the best SR
for each confidence level.

Processing Units Memory

Confidence Level | Model | SR (%) | OP (%) | UP (%) | TPR (%) || SR (%) | OP (%) | UP (%) | TPR (%)

GC19 93.18 | 167.03 3.43 263.6 76.31 52.72 5.6 147.12
GCI9FT | 76.31 54.45 5.89 148.55 95.58 | 119.98 1.22 218.76
GC19 93.42 | 167.86 3.19 264.68 76.8 53.43 5.29 148.14
GCI9FT | 84.75 65.69 3.43 162.26 96.19 | 131.88 0.84 231.04
GC19 94.18 | 169.47 2.75 266.71 78.08 54.8 4.74 150.06
GC19FT | 93.86 89.51 1.36 188.14 97.55 | 154.51 0.29 254.22

95%

97%

99%

Confidence Interval Accuracy

Table B.2: Average MSE and MAE for scenarios All, All FT, All-but-one and All-
but-one FT. The MSE and MAE are computed between the SR achieved by the
models and the confidence level. In bold, the model overall.

Processing units Memory
Scenario MSE MAE MSE | MAE
All 1.22 0.93 2.76 | 1.27
All FT 48.83 6.67 99.44 | 8.88
All-but-one 1.97 1.11 8.66 | 2.39
All-but-one FT | 1.19 0.94 2.40 | 1.27

Table B.3: Average MSE and MAE comparison for scenario GC19. The MSE and
MAE are computed between the SR achieved by the models and the confidence
level. In bold, the model overall.

Processing units Memory
Scenario MSE MAE MSE | MAE
GC19 10.21 2.92 6.44 | 2.07
GC19 FT 32791 | 16.54 || 33.72 | 5.32
GC19-but-one 656.59 | 23.10 || 507.39 | 20.03
GC19-but-one FT | 1628.71 | 39.36 || 870.12 | 28.76
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B. BIVARIATE HBNN AND TRANSFER
LEARNING RESULTS

B.2 Additional Results on Transfer Learning

for HBNN

Table B.4: Average MSE and MAE comparison for resource prediction accuracy
for the transfer learning experiments on Google Cloud 2019 traces and tested
on Google Cloud 2011 and Alibaba. The MSE and MAE computed between the
SR achieved by the models and the confidence level. In bold, the model overall.

Plots
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Processing Units Memory

Model MSE MAE MSE MAE

GC19 7.81 2.30 319.97 | 17.34

GC19 FT | 319.91 | 16.19 4.54 | 1.69
—— GC19

GC19 FT

—+— GC19-BUT-ONE
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Figure B.5: Total predicted processing units for GC19, GC19 FT, GC19-but-one
and GC19-but-one FT. The closer the curve to the top left corner, the better the

model. GC19-but-one FT performs very poorly.
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B. BIVARIATE HBNN AND TRANSFER
LEARNING RESULTS
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B.2 Additional Results on Transfer Learning

for HBNN
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Figure B.6: Total overprediction of processing units for GC19, GC19 FT, GC19-
but-one and GC19-but-one FT. The closer the curve to the top left corner, the
better the model. GC19-but-one FT performs very poorly.
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Figure B.7: Standard deviation variability for across inference on the test set
GC19 and GC19-but-one. Uncertainty for GC19-but-one is higher for predictions

on unseen data.
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Appendix C

Clustering-based Numerosity
Reduction Results

In this section, we present the remaining results of Chapter [6] on the use of
clustering to reduce the training size.

C.1 Point Estimate Accuracy
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Figure C.1: MSE comparison of DeepAR and TFT for the processing units de-
mand. DTW and SOM are the best clustering-based selection approaches and
allow the models to achieve the same MSE with fewer training datasets com-
pared to a random selection. When the number of datasets is high, the MSE of
all the approaches converge. The x-axis is in a logarithmic scale.
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C. CLUSTERING-BASED NUMEROSITY

REDUCTION RESULTS C.2 Confidende Interval Evaluation
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Figure C.2: MSE comparison of HBNN for the processing units demand. DTW
and SOM are the best clustering-based selection approaches and allow the mod-
els to achieve the same MSE with fewer training datasets compared to a random
selection. When the number of datasets is high, the MSE of all the approaches
converge. The x-axis is in a logarithmic scale.

C.2 Confidende Interval Evaluation
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C. CLUSTERING-BASED NUMEROSITY
REDUCTION RESULTS C.2 Confidende Interval Evaluation
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Figure C.3: Processing unit SR comparison of DeepAR, TFT and HBNN as a
function of the confidence level with models trained with 1000 datasets. The
model is the most accurate when the curve is closest to the line y = . DTW
and SOM-based selections improve the SR compared to the random selection
of datasets.
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Figure C.4: Memory SR comparison of DeepAR and TFT as a function of the
confidence level with models trained with 1000 datasets. The model is the
most accurate when the curve is closest to the line y = z. DTW and SOM-based
selections improve the SR compared to the random selection of datasets.
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C. CLUSTERING-BASED NUMEROSITY

REDUCTION RESULTS C.2 Confidende Interval Evaluation
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Figure C.5: Memory SR comparison of HBNN as a function of the confidence
level with models trained with 1000 datasets. The model is the most accurate
when the curve is closest to the line y = . DTW and SOM-based selections
improve the SR compared to the random selection of datasets.
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Figure C.6: Processing unit OP comparison of DeepAR and TFT. If DTW and
SOM are applied, a much lower number of datasets is required to get the same
OP compared to a random selection of the datasets. The x-axis is in a logarith-
mic scale.
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C. CLUSTERING-BASED NUMEROSITY
REDUCTION RESULTS C.2 Confidende Interval Evaluation
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Figure C.7: Processing unit OP comparison of HBNN. If DTW and SOM are
applied, a much lower number of datasets is required to get the same OP com-
pared to a random selection of the datasets. The x-axis is in a logarithmic scale.
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