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ABSTRACT

Cloud and Cloud-Edge platforms provide distributed computing resources to
execute a wide range of workloads. Exploiting these platforms effectively re-
quires careful management of how resources are provisioned and how work-
loads are mapped to the allocated resources. Two complementary resource
management problems are addressed in this thesis.

The first research problem addresses the scheduling of batch workloads com-
posed of multiple workflows represented as directed acyclic graphs. The re-
sources to be provisioned refer to a Cloud-Edge infrastructure. These resources
are characterized by performance uncertainty and variability. The problem is
formulated as a probabilistic multi-objective optimization problem aimed at
minimizing the percentiles of the probability distributions of the workload ex-
ecution time and resource monetary cost. The framework designed and devel-
oped for solving this problem combines a customized Genetic Algorithm and
a Monte Carlo simulation that estimates the probability distributions. Simula-
tion results on synthetic and real workloads show that the framework is able
to identify a wide range of scheduling plans which provide optimal tradeoffs
between execution time and monetary cost.

The second research problem addresses the autoscaling of Cloud resources for
interactive workloads consisting of streams of requests with time-varying ar-
rival rates. A Load-Aware Predictive framework is designed and developed to
adjust the allocated resources by anticipating future demands. The framework
is organized as a closed control loop invoked at every control cycle and built
around two main components. A workload predictor produces a short-horizon
forecast of the arrival rate from its recent measurements. A capacity estimator
then derives the number of resources required to sustain a target utilization.
Since utilization and the resource count depend on the throughput of the re-
sources and steady-state conditions cannot be assumed under varying load, the
throughput is not equal to the arrival rate and must be estimated: requests that
the allocated resources cannot serve accumulate as a backlog of unprocessed re-
quests, which the framework computes by propagating it across the horizon to
account for the accumulated demand. Scale-out actions are issued promptly to
absorb rising demand, whereas scale-in actions are conservative and triggered
only under persistent over-provisioning.

Simulation results on synthetic and real workloads show that the framework
copes very well with fluctuating workloads and is more robust than state of the
art policies.
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CHAPTER 1

INTRODUCTION

Cloud computing has become the dominant paradigm for provisioning com-
putational resources on demand thanks to its flexibility, scalability, and cost
effectiveness. By offering virtualized infrastructure with a pay per use pricing
model, Cloud platforms allow companies to acquire processing capacity and
storage without upfront investment in physical hardware. As the strategic im-
portance of Cloud computing keeps growing, Gartner [1] predicts that by 2028
it will no longer be just a disruptive technology but a core necessity for sustain-
ing competitive advantage.

At the same time, application requirements have evolved, with Cloud infras-
tructure being complemented by computing capabilities placed closer to end
users and data sources. The result is the Cloud-Edge Continuum, which inte-
grates heterogeneous resources spanning from Cloud data centers to the Edge
of the network to, e.g., mobile and Internet of Things (IoT) devices. Across this
infrastructure, resource management is a critical concern, as the allocation of
resources to applications directly affects their performance and monetary cost.

This thesis studies resource management for two classes of workloads, i.e.,
batch and interactive workloads. Batch workloads consist of applications, each
structured as a set of interdependent tasks. These applications are commonly
represented as workflows characterized by control and data dependencies. In
contrast, interactive workloads consist of streams of requests submitted by
users to access a service, whose arrival rate varies over time and is not known
in advance.
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In the context of batch workloads, resource management decisions have to iden-
tify the resources to be provisioned and the mapping of workflow tasks onto
them that satisfies task precedence constraints.

These decisions are challenging for three reasons. First, the number of pos-
sible mappings grows combinatorially with the number of tasks and resources,
making exact methods unsuitable for problems of practical interest. Second,
the Cloud-Edge Continuum offers highly heterogeneous resources, thus requir-
ing to choose the "best" tradeoff between performance and cost. Third, co-
location and virtualization techniques commonly employed by Cloud and Edge
platforms introduce resource performance uncertainty, thus requiring explicit
models of these behaviors.

Existing scheduling methods largely target single workflows in Cloud-only
settings and typically assume deterministic task execution times, leaving the
joint minimization of execution time and cost for multiple workflows under
performance uncertainty largely unaddressed across the Cloud-Edge Contin-
uum. These limitations motivate formulating the problem as a multi-objective
optimization problem over two conflicting objectives, the execution time of the
workload and the monetary cost of the provisioned Cloud-Edge resources. Be-
cause resource performance is uncertain, it is cast in probabilistic terms, with
the two objectives treated as random variables rather than fixed values.

In the context of interactive workloads, the allocated resources have to cope
with a demand that varies over time and is not known in advance. Autoscaling
is a technique that dynamically adjusts the allocated resources by taking two
main decisions: when scaling actions are to be triggered, and to what extent
resources need to be scaled.

Some autoscaling mechanisms react to changes in monitored performance
metrics, such as resource utilization or response time. Other mechanisms in-
stead predict the upcoming workload and adjust the allocated resources accord-
ingly, but rarely align the prediction horizon with the time needed to provision
new resources, and few formalize the asymmetry between the two scaling di-
rections. This thesis proposes a predictive autoscaling strategy that matches
the prediction horizon to the resource boot time, so that resources provisioned
at one control cycle become operational when the demand they target mate-
rializes. The strategy is load-aware: it propagates the accumulated backlog
of unprocessed requests rather than relying on the arrival rate alone. Scale-
out actions are issued promptly to prevent performance degradation, whereas
scale-in actions remain conservative to avoid premature deallocation and oscil-
lations.
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Despite their differences, the two approaches share a common goal: provision-
ing the right amount of resources so that performance requirements are met
without incurring unnecessary costs.

The main contributions of this thesis can be summarized as follows:

* A probabilistic formulation of a multi-objective optimization problem
aimed at identifying the scheduling plans that minimize the execution
time of multiple workflows and the monetary cost of Cloud-Edge
Continuum resources;

* Design and development of a simulation framework that combines a prop-
erly customized Genetic Algorithm (GA) with a Monte Carlo simulator for
solving the optimization problem;

* A Load-Aware Predictive Autoscaling Strategy aimed at forecasting the
arrival rate and the resources required to ensure the desired utilization
level of the resources;

* Design and development of a simulation framework obtained by cus-
tomizing the CloudSim simulation toolkit for solving the autoscaling
problem.

* Extensive simulation experiments based on synthetic and real workloads.
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The remainder of this thesis is organized as follows. Chapter 2 introduces the
foundational concepts underlying the work, including workload models and the
Cloud-Edge Continuum architecture. The state of the art of workflow schedul-
ing and autoscaling is reviewed in Chapter 3.

The resource management problems studied in this thesis and the proposed
solution approaches are formulated in Chapter 4.

The workflow scheduling framework is detailed in Chapter 5, while its experi-
mental evaluation on synthetic and real workloads is discussed in Chapter 6.

Chapter 7 describes the Load-Aware Predictive framework, while its experimen-
tal results are presented in Chapter 8.

Chapter 9 concludes the thesis and outlines future research directions.



CHAPTER 2

FOUNDATIONAL CONCEPTS

To address the problems of workflow scheduling and autoscaling, formal mod-
els of the workload and infrastructure are needed, along with suitable alloca-
tion and provisioning methods.

The workloads considered in this thesis take different forms: scientific applica-
tions are often modeled as workflows of interdependent tasks, while online ser-
vices face continuous streams of user requests with fluctuating demand. Work-
flows are scheduled across infrastructures that may span from Edge devices to
Cloud data centers, whereas autoscaling operates within Cloud environments,
where resources like Virtual Machines (VMs) or containers can be provisioned
and released elastically.

This chapter introduces the models and methods underlying both problems.
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2.1 Workload Models

The term workload refers to all inputs (e.g., tasks, requests, queries) submitted
to a computing infrastructure. Its processing may be driven by user interaction,
with requests arriving continuously and served on demand, or carried out in
batch mode, with a finite set of tasks submitted together for processing.

2.1.1 BarcH WORKLOAD

A batch workload consists of scientific applications often represented as work-
flows consisting of tasks with data and control dependencies.

A standard way to represent a workflow is a Directed Acyclic Graph (DAG). A
DAG is defined as G = (V, E), where V = {11, T5,...,T}} is the set of nodes
representing tasks and £ C V x V is the set of directed edges representing
dependencies among tasks.

@ .
Ficure 2.1: Example of a workflow represented as a DAG.

Figure 2.1 shows an example of a DAG consisting of six nodes and six edges.
For example, the edge from T; to T3 indicates that 73 cannot start before 75
completes its execution. Moreover, tasks 73 and T, both depend on the com-
pletion of T,. The DAG has two entry tasks, 7} and 75, with no predecessors,
and two exit tasks, T5 and T, without successors.

Each task carries a processing demand, and may carry further attributes such
as memory and I/0 requirements. Each edge (7;,7;) € E is characterized by
the volume of data that 7; transfers to 7. Tasks may also receive input data
from external data sources or transfer output data to external devices.
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A batch workload often consists of multiple independent workflows, each rep-
resented as its own DAG.

2.1.2 INTERACTIVE WORKLOAD

An interactive workload consists of a set of requests sent by users to access
services. Each request is characterized by arrival time, processing demand,
and additional attributes such as memory or I/O requirements.

The arrival process of the requests is commonly described by their arrival rate
or by their interarrival times, defined as the time between two consecutive
arrivals.

Requests may reach the system at evenly spaced intervals. However, such
regular arrivals are an idealization. Real workloads exhibit irregular patterns,
with the arrival rate rising and falling over time in response to, e.g., diurnal
usage cycles, user behavior, or external events.

2.2 Cloud-Edge Continuum

The Cloud-Edge Continuum is a computing model that organizes infrastruc-
ture into layers, spanning resources from the network periphery to centralized
Cloud data centers. Devices across the Continuum differ in terms of processing
capacity, network performance, and cost.

As Figure 2.2 illustrates, a typical architecture is organized in two computa-
tional layers: a Cloud layer and a Fog/Edge layer. The Cloud layer consists of
large-scale data centers that offer scalable resources and are interconnected by
high-speed backbone links.

The Fog/Edge layer hosts Edge servers, gateways, and smaller regional facil-
ities that offer lower latency to end devices, though with more limited process-
ing capacity.

At the network periphery, IoT devices and end-user equipment interact with
the infrastructure but typically do not host sufficient computational resources
to execute application tasks. They are therefore not modeled as an infrastruc-
ture layer and are considered only as external data sources and storage devices.
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FIGURE 2.2: Layered architecture of the Cloud-Edge Continuum.

According to the NIST definition!, "Cloud computing is a model for enabling ubig-
uitous, convenient, on-demand network access to a shared pool of configurable
computing resources that can be rapidly provisioned and released with minimal
management effort or service provider interaction".

Building on this definition, the Cloud physical infrastructure is shared among
multiple tenants, with virtualization technologies providing tenant isolation
and a range of service models, e.g., Infrastructure as a Service (IaaS), Platform
as a Service (PaaS), and Software as a Service (SaaS), that abstract away the
underlying hardware and allow users to consume resources at different levels
of granularity.

Cloud providers adopt pay-as-you-go pricing models that meter the type,
quantity, and duration of consumed compute, storage, and network resources.

The Fog/Edge layer spans resources of different scales along the path from
Cloud data centers to end devices.

The term Fog computing was originally introduced by Cisco [2] to describe
an intermediate layer between the Cloud and end devices. Although Fog com-
puting and Edge computing are frequently used interchangeably, they denote
distinct segments of this layer: Fog generally refers to infrastructure deployed
at the level of regional or metropolitan networks, whereas Edge refers to re-

1p. Mell and T. Grance, The NIST Definition of Cloud Computing, NIST Special Publication
800-145, 2011. https://nvlpubs.nist.gov/nistpubs/legacy/sp/nistspecialpublication800-145.pdf
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sources located at the boundary of access networks or directly within local
sites.

These resources are typically operated by network providers, enterprises, or
vertical service operators, and may be dedicated to a single organization or
offered under pricing schemes that differ from traditional Cloud models.

2.3 Workflow Scheduling

Workflow scheduling is the process of mapping tasks to resources and deter-
mining the task scheduling order with the goal of optimizing one or more per-
formance objectives while satisfying task dependencies.

In Cloud-Edge environments, where resources are heterogeneous and dis-
tributed, workflow scheduling is formulated as an optimization problem. Its
solutions, i.e., scheduling plans, specify the mappings of tasks to resources
and feasible execution orders that satisfy task dependencies.

Objectives to be optimized include makespan, defined as the total elapsed time
from the start of the first task to the completion of the last, monetary cost for
leasing computation and communication resources, energy consumption and
reliability.

These objectives are often in conflict. Reducing makespan typically requires
mapping tasks to faster or more numerous resources, thus increasing cost. Con-
versely, minimizing cost entails using slower or fewer resources, which leads
to a longer makespan.

2.3.1 PrROBLEM CLASSIFICATION

Workflow scheduling problems can be classified along several criteria that in-
fluence the formulation and the choice of the solution approach.

Most classical scheduling formulations assume deterministic task execution
times and communication delays, under which the objective values of a schedul-
ing plan can be obtained exactly. In contrast, stochastic formulations take into
account performance variability, that is, fluctuations in the actual processing
capacity of compute resources and in the latency and throughput of network
links.
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In single-objective formulations, the scheduling problem is aimed at optimizing
a single metric. Any two candidate scheduling plans are comparable by their
objective value, and the notion of an optimum is unambiguous.

When multiple conflicting objectives are considered simultaneously, the goal
of the scheduling problem shifts from finding an optimal solution to identifying
a set of solutions that represent the best achievable tradeoffs among objectives.

The distinction between offline and online scheduling refers to when schedul-
ing decisions are made. In offline scheduling, full information about the work-
load is assumed to be available ahead of its execution. This typically means that
the complete DAG structure, task demands and data transfer sizes are known.

Offline methods are particularly suited to batch scientific workloads where
the goal is to find the "best" trade-offs before their deployment.

By contrast, in online scheduling, decisions are taken incrementally during
execution. Resources and running tasks are continuously observed and task-to-
resource mappings are updated as new information becomes available, such as
actual task completion times or changes in resource availability. Online schedul-
ing can respond to deviations from expected conditions, such as resource slow-
downs or failures. However, this approach operates under time pressure and
incomplete information, often relying on fast heuristics, thus making it harder
to achieve optimal scheduling plans.

2.3.2 SOLUTION APPROACHES

Workflow scheduling is known to be NP-hard [3] even in its most basic formu-
lations. Exact methods are therefore computationally feasible only when the
number of tasks and resources is small. Hence, in real scenarios, heuristics or
meta-heuristic approaches are adopted instead.

HEURISTIC APPROACHES

List-based heuristics like the Heterogeneous Earliest Finish Time (HEFT) algo-
rithm [4] rely on task prioritization and resource selection strategies to build
efficient scheduling plans. In particular, HEFT consists of two main phases.

In the first phase, a priority value, known as the "upward rank", is assigned
to each task of the DAG. The value is an estimate of the longest path length
from a task to the exit node and is computed recursively by traversing the DAG
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backwards from its exit nodes. For task v, the rank is defined as:

Rank(v) =W, + max (cy, + Rank(u))

u€succ(v)
where w, is the average execution time of v across all available resources and
¢y, 1S the communication time between v and successor u. Tasks closer to the
critical path of the workflow, i.e., the longest path from the entry to the exit
node in terms of cumulative execution and communication time, are assigned
higher priorities. Once all ranks are computed, tasks are ordered in decreasing
priority.

In the second phase, tasks are scheduled one-by-one according to their pri-
ority. When scheduling a task, HEFT computes its Earliest Finish Time (EFT)
on every available resource and assigns the task to the resource yielding the
smallest value, thereby greedily reducing the contribution of each task to the
overall makespan.

Because HEFT makes decisions greedily, it runs in polynomial time. Multi-
Objective Heterogeneous Earliest Finish Time (MOHEFT) [5] variants extend
HEFT to multi-objective contexts.

META-HEURISTIC APPROACHES

While heuristics construct a single scheduling plan via a greedy procedure,
meta-heuristics iteratively maintain and evolve a population of candidate solu-
tions according to a fitness function. Exploration of the solution space is guided
by operators that introduce variation, enabling broader coverage of large com-
binatorial spaces at the expense of higher computational cost.

The scheduling plan of a workflow DAG is first encoded into a data structure
(e.g., avector). From this encoding, a fitness evaluation procedure reconstructs
a scheduling plan and computes its objective values. Search operators specific
to the meta-heuristic are then applied iteratively to improve the population,
until a termination criterion is met and the best solutions are returned.

Genetic Algorithms (GAs) [6] mimic natural selection by evolving a population
of candidate solutions (chromosomes) over successive generations through se-
lection, crossover, and mutation operators. Selection favors individuals with
better fitness, crossover recombines portions of two parent chromosomes to
produce offspring, and mutation introduces small random perturbations to
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maintain diversity. In multi-objective settings, GAs are combined with selec-
tion mechanisms that rank individuals by objective values jointly and by spread
across the objective space, ensuring that the final population covers a range of
tradeoffs.

Another approach is the Particle Swarm Optimization (PSO) [7] that treats
each candidate scheduling plan as a particle moving in a continuous search
space. At each iteration, particles update their positions using inertia, cognitive
attraction toward their own best-known position, and social attraction toward
the best-known position within the swarm.

Multi-objective variants of PSO generalize this mechanism to handle multiple
objectives jointly [8].

Ant Colony Optimization (ACO) [9] frames solution construction as a path-
building process. Artificial ants incrementally build scheduling plans by proba-
bilistically selecting the next task to schedule and the resource for its execution,
with preferences biased by pheromone values (reflecting past solution quality)
and heuristic information (reflecting estimated impact on objectives). After
each construction round, pheromone is reinforced on choices that appear in
the best solutions and evaporated globally, progressively biasing future ants
toward promising regions of the search space while preventing premature con-
vergence.

Other meta-heuristics that can be applied to workflow scheduling include Fire-
fly Algorithms [10], Artificial Bee Colony Optimization [11], and Salp Swarm
Optimization [12].

Despite their differences, these methods share the same conceptual ingredi-
ents: a DAG-based encoding of scheduling plans, a fitness evaluation procedure
that may be single- or multi-objective, and domain-specific operators or heuris-
tics to maintain feasibility and exploit problem structure. In addition, many
meta-heuristic approaches are integrated with list-based heuristics as initial-
ization or local search components to enhance convergence.

2.4 Resource Provisioning with Autoscaling

As introduced in Section 2.2, Cloud environments provide elastic capacity.
While this allows resource allocation to be adjusted to varying workloads and
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performance requirements, the amount of capacity to be provisioned must be
carefully managed.

Static provisioning, where a fixed amount of resources is reserved in advance,
is rarely adequate to cope with time-varying interactive workloads. The choice
of the "right" amount of resources to be allocated is critical, as it can either
lead to over-provisioning or under-provisioning conditions.

Over-provisioning occurs when the capacity of the resources exceeds what is
actually required. In this situation, service-level objectives are always satisfied,
but the utilization of the resources is low. Over-provisioning therefore leads to
unnecessary monetary costs.

In contrast, under-provisioning conditions occur when the workload demand
exceeds the capacity of the allocated resources. While under-provisioning
tends to minimize costs, it does so at the expense of the performance and can
lead to reputational damage or penalty costs.

To overcome over- and under-provisioning, autoscaling mechanisms serve to
dynamically provision resources. The main goal of autoscaling is to continu-
ously regulate the allocated resources as to minimize over-provisioning and
under-provisioning by keeping the capacity close to the minimum required to
satisfy the predefined performance requirements.

2.4.1 CoNCEPTUAL MODEL

Autoscaling is an automatic closed-loop control mechanism that exploits Cloud
elasticity by dynamically adjusting the number of resources in response to
workload changes.

Commonly used conceptual models for such loops are MAPE [13] and
MAPE-K [14], which identify four primary phases, namely Monitor, Analyze,
Plan, Execute, optionally operating over a shared Knowledge base. Figure 2.3
illustrates the interactions between the main phases of the MAPE-K loop.

The Monitor phase is responsible for collecting raw data such as application-
level metrics (e.g., arrival rate, processing rate, and response time) as well as
resource-level metrics (e.g., CPU, memory, and network utilization).

The Analyze phase processes the monitored data to derive information useful
for making decisions. This may involve simple statistical approaches or more
sophisticated approaches based on machine learning.

The Plan phase determines whether and which scaling action should be
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F

F1GURE 2.3: Representation of a MAPE-K control loop.

taken, answering two questions: when to scale, that is, the timing of scaling
actions, which can be immediate or delayed to avoid oscillations; and to what
extent to scale (e.g., how many resources to add or remove). Planning can
rely on rule-based policies, optimization models, queuing-theoretic formulas,
or learned policies such as reinforcement learning agents.

The Execute phase carries out the planned scaling actions by interacting with
the underlying infrastructure. This phase must account for actuation delays,
that is, resource boot or shutdown times.

The shared Knowledge component, which distinguishes MAPE-K from the sim-
pler MAPE model, is a persistent information base accessible to all four phases.
It typically holds historical monitoring data, configuration parameters refined
over time, and learned models, so that each phase can draw on past observa-
tions and shared state rather than operate on the latest measurement alone.

2.4.2 ScCALING ACTIONS
Two types of scaling actions can be identified:
* Scale-out actions denote an increase in the available capacity, obtained

by provisioning additional resources;

* Scale-in actions denote a reduction in the available capacity, typically by
releasing existing resources, often after draining their current workload
to avoid interrupting in-flight requests.
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The most common form of scaling is horizontal, in which the number of allo-
cated resources is increased or decreased. Horizontal scaling is often supported
by Cloud providers and is often preferred when resources can be started and
stopped relatively quickly.

An alternative is vertical scaling, which changes the capacity of individual
resources (e.g., CPU, memory) rather than their number.

2.4.3 CONTROL STRATEGIES

A common taxonomy distinguishes autoscaling policies in three categories,
namely: reactive, proactive and hybrid approaches.

Decisions of reactive autoscaling policies are based on the current or recent past
state of the monitored resources. A canonical form is threshold-based control,
in which scaling actions are triggered when monitored metrics cross predefined
bounds. For example, a reactive policy might trigger a scale-out action if CPU
utilization exceeds a specified upper threshold for a certain duration. On the
other hand, if utilization falls below a lower threshold, the autoscaler triggers
a scale-in action.

Reactive schemes may use resource-level metrics (CPU, memory, network)
or application-level metrics such as response time. The main advantages of
reactive approaches are their simplicity, low computational overhead, and easy
deployment.

Proactive autoscaling extends the control horizon by incorporating predictions
of future workloads or resource usage into the decision process. The central
idea is to allocate additional capacity before being requested, thereby mitigat-
ing or avoiding performance degradation due to provisioning delays.

The prediction component can be built in several ways, for example via time
series methods (e.g., ARIMA, exponential smoothing, seasonal decomposition)
or machine learning (e.g., regression models, random forests, neural networks).
Predictive methods can significantly improve autoscaling performance under
workloads with predictable patterns, such as daily or weekly patterns. How-
ever, their effectiveness depends on forecast accuracy.

Hybrid autoscaling combines reactive and proactive approaches to exploit the
strengths of both. Reactive mechanisms offer immediate responses to observed
changes, while proactive components forecast capacity adjustments based on
trends and recurring patterns.



CHAPTER 3

STATE OF THE ART

This chapter surveys the body of literature most closely related to the contri-
butions presented in this thesis. The discussion is organized around the two
main themes that, together, underpin the efficient execution of computational
workflows in modern distributed infrastructures, namely, workflow scheduling
and autoscaling.

In particular, Section 3.1 addresses the workflow scheduling problem, review-
ing how researchers have tackled the challenge of mapping interdependent
tasks onto heterogeneous and distributed resources. Starting from single work-
flow scheduling in Cloud environments, the discussion progressively broadens
its scope to encompass hybrid and Cloud-Edge infrastructures, the concurrent
scheduling of multiple workflows, and approaches that explicitly account for
performance uncertainty.

Section 3.2 shifts the focus to autoscaling techniques in Cloud environments,
examining how computational resources can be dynamically provisioned and
released to match fluctuating workload demands. The review is organized ac-
cording to the timing and nature of scaling decisions, covering reactive, proac-
tive, and hybrid approaches.

Although scheduling and autoscaling are often studied in isolation, they are
in practice deeply intertwined: scheduling decisions determine how tasks are
placed on resources, while autoscaling decisions govern which and how many
resources are available in the first place. A holistic understanding of the contri-
butions in both areas is therefore essential to motivate and contextualize the
contributions of this thesis.

16
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3.1 Workflow Scheduling in the Cloud-Edge Continuum

Over the years, the problem of workflow scheduling has been extensively
addressed in the literature, gaining increasing attention thanks to the pro-
liferation of Cloud computing and, more recently, Edge and IoT computing
paradigms.

As already stated (see Section 2.1), workflows are generally modeled as DAGs,
where nodes represent tasks and edges denote dependencies among them. The
primary goal of workflow scheduling is to determine an optimal mapping of
tasks onto available resources with the aim of optimizing various objectives,
such as execution time, monetary cost, energy consumption, or reliability. This
has to be done while satisfying constraints like budget and deadlines.

In solving this problem, researchers face several challenges, including task de-
pendencies, resource heterogeneity, limited resource availability, and conflict-
ing objectives. Additionally, the dynamic nature of Cloud and Edge environ-
ments introduces uncertainty in resource performance. This further compli-
cates the scheduling process. Moreover, as the size of workflows increases, the
search space of potential mappings grows exponentially, making exact solu-
tions computationally infeasible. Consequently, a variety of heuristic and meta-
heuristic algorithms have been proposed in the literature for both Cloud and
Edge environments [15].

In what follows, the existing literature is explored by focusing on single work-
flow scheduling in Cloud environments, reviewing studies that approach the
problem from different angles with different optimization objectives and con-
straints. The scheduling problem is then examined in more complex infrastruc-
tures, namely hybrid Clouds and the Cloud-Edge Continuum. Finally, studies
addressing the concurrent scheduling of multiple workflows, as well as those ac-
counting for performance uncertainty in the scheduling process, are reviewed.

3.1.1 WORKFLOW SCHEDULING IN CLOUD ENVIRONMENTS

In this section, the literature on workflow scheduling in Cloud environments, a
topic extensively reviewed in existing surveys [16-20], is analyzed by focusing
on the problem formulations.
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Many works formulate workflow scheduling as a single-objective optimization
problem aimed at minimizing execution cost of the workflow while satisfying
a deadline (e.g., [21-26]). Other works (e.g., [27-31]) formulate workflow
scheduling as a multi-objective optimization problem balancing trade-offs be-
tween execution time and cost. Finally, other studies consider optimization
objectives beyond time and cost (see, e.g., [32-34]), such as energy consump-
tion, reliability, and resource utilization, alongside traditional objectives.

Independently of the specific optimization problem addressed, it can be ob-
served that most works leverage heuristic and meta-heuristic algorithms to find
near-optimal scheduling plans in a short time. As already mentioned in Sec-
tion 2.3, commonly used techniques include list-based heuristics like HEFT as
well as meta-heuristics such as GA, PSO, and ACO. To effectively handle task de-
pendencies and resource heterogeneity, these algorithms are often customized
with problem-specific encoding schemes, fitness evaluation schemes, and ini-
tialization strategies.

For example, Rodriguez and Buyya [21] formulate the workflow scheduling
problem as a single-objective optimization problem aimed at minimizing the
monetary cost of executing a scientific workflow while satisfying a user-defined
deadline. A DAG is used to model the workflow structure, and the Cloud model
consists of a set of heterogeneous VMs of different types and with different ca-
pabilities. Each VM type is characterized by its computational capacity, cost
per time unit, and boot time overhead.

In this setting, the workflow scheduling problem is solved by taking advan-
tage of the PSO meta-heuristic. Scheduling plans encode task-to-resource map-
pings and are represented by particles in an N-dimensional search space where
N is the number of tasks in the workflow. The coordinates of each particle
identify the resource assigned to each task. Particles are evaluated by com-
puting task execution times according to the characteristics of the assigned
resources. Task start and finish times are then derived from the execution time
and the completion time of predecessor tasks. Cost is directly encoded in the
fitness function as the objective to minimize and is computed as the sum of
each task’s execution time multiplied by the cost per time unit of its assigned
resource. Makespan corresponds to the finish time of the last task to complete
in the workflow and is used to verify satisfaction of the deadline constraint.

To compare solutions and satisfy the deadline constraint, the well-known
non-dominated sorting strategy from Deb et al. [35] is applied. Solutions sat-
isfying the deadline are considered feasible and are always preferred over in-
feasible ones despite their cost, while among infeasible solutions, those with
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lower levels of constraint violation (i.e., makespan exceeding the deadline by
a smaller margin) are preferred.

In order to satisfy strict deadline constraints, Verma and Kaushal [22] approach
the deadline-constrained cost-minimization workflow scheduling problem by
leveraging the structure of workflow DAGs. In this work, the execution order
of tasks is explicitly modeled in the scheduling plans along with the task-to-
resource mappings. A 2D representation is proposed, where each row corre-
sponds to a resource and each column represents the tasks assigned to that
resource according to the execution order.

To this end, an initial set of schedules is generated by ordering the tasks
according to their bottom- and top-level ranking within the workflow. The
bottom-level of a task is defined as the longest possible time to complete the
workflow starting from that task. Conversely, the top-level of a task is the
longest possible time to reach it from an entry task. These definitions are used
to identify tasks on the critical path of the workflow, which are scheduled first
to satisfy the deadline.

A GA is employed to search for scheduling plans. In this context, the initial
set of schedules is used to improve the quality and diversity of the GA popula-
tion. To evaluate a scheduling plan, the proposed fitness function is defined as
the ratio between the makespan of the scheduling plan and the user-defined
deadline, thereby capturing both objective minimization and deadline satisfac-
tion in a single value. The deadline is then enforced by retaining only schedules
whose fitness value is less than one.

Other papers aim to improve GA-based workflow scheduling by guiding the
search process during evolution to favor either exploration, meaning the dis-
covery of new and diverse regions of the search space, or exploitation, meaning
the refinement of promising solutions already identified. For instance, Liu et
al. [24] apply this concept to a workflow scheduling problem aimed at min-
imizing execution cost under a deadline constraint. This work introduces an
adaptive penalty factor in the fitness function to handle the deadline constraint.
The authors observe that smaller penalty factors in the initial evolution stages
favor exploration of the search space by allowing infeasible solutions to sur-
vive longer in the population. As the evolution progresses, the penalty factor
is gradually increased to enforce the deadline constraint. In the Genetic Al-
gorithm, the probability of applying crossover and mutation operators is also
modified according to the population diversity. If many individuals with poor
fitness are present, mutation probability is increased while crossover probabil-
ity is decreased. Conversely, if the population contains many individuals with
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good fitness values, both probabilities are decreased.

Selection of operator probabilities is left to a “controller” population that co-
evolves alongside the main population of scheduling plans. Each individual in
the controller population encodes a pair of crossover and mutation probabilities
that are mapped to a set of scheduling plans in the main population. Selection
of the best operator probabilities is based on the best fitness and proportion of
feasible individuals among the corresponding scheduling plan set.

In the context of deadline-constrained cost-minimization problems whose so-
lution is based on GAs, Iranmanesh and Naji [26] suggest a hybrid scheduler
combining GA with HEFT to obtain fast convergence speed, while also employ-
ing load-balancing to better distribute the workload across available resources.
The structure of the workflow DAG is exploited to identify independent work-
flow partitions where tasks can be processed concurrently. Similarly to [22],
this work leverages top- and bottom-level rankings to stratify the workflow DAG
into layers, thus identifying partitions of independent tasks. This partitioning
scheme is used to guide both the initial population generation and the design
of custom operators for the GA.

Regarding the initial population, scheduling plans are generated by prior-
itizing tasks in the critical path of each partition, which are scheduled first
on high-performance resources. The initial population is also integrated by a
single scheduling plan generated by the HEFT heuristic to provide a strong
baseline solution to the GA.

In the context of genetic operators, a new “inversion” operator is introduced
to shuffle the order of tasks within each partition and explore different schedul-
ing plans. Multiple variants of crossover and mutation operators are applied
in parallel, and only the offspring that provides the greatest fitness improve-
ment over the parents is retained. Specifically, single-, two-, and three-point
crossover operators are evaluated, and the offspring with the highest resulting
fitness is selected. Likewise, for mutation, single- and two-point mutations are
applied, and the mutation producing the best fitness improvement is preserved.

Some recent works have formulated the workflow scheduling problem as a
multi-objective optimization problem aimed at simultaneously minimizing
makespan and monetary cost. This formulation allows practitioners to ex-
plore the inherent trade-offs between time and cost, as reducing execution
time often leads to increased costs due to the use of a larger number of
high-performance resources, and vice versa.

In this context, workflow scheduling is typically approached as a Pareto opti-
mization problem, where the concept of dominance is used to compare schedul-
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ing plans by simultaneously considering both objectives. A scheduling plan
dominates another if it is not worse in any objective and strictly better in at
least one. Consequently, Pareto-optimal solutions are those that are not dom-
inated by any other found solution. These solutions are collected in a Pareto
front representing the best trade-offs between time and cost.

A Pareto-based approach is applied by Zhu et al. [27] in the formulation
of a multi-objective workflow scheduling problem. The Pareto front of non-
dominated scheduling plans is updated throughout the evolution process of
a GA, and provides high-quality individuals that guide the search towards
better trade-offs. The authors propose a problem-specific encoding scheme
where each scheduling plan is composed of three components. First, a task se-
quence defines the execution order of tasks while respecting their precedence
constraints. Second, a mapping component assigns each task to a specific VM.
Third, a VM type selection component specifies the type of VM to be used for
each task.

To ensure that task dependencies are respected, the proposed framework
explicitly leverages a topological sort of the workflow DAG. This allows the GA
to generate and validate task sequences that satisfy dependencies. Building on
this representation, custom crossover and mutation operators are designed to
effectively deal with task dependencies while maintaining a valid topological
order in the offspring scheduling plans. This aspect is critical in workflow
scheduling, as precedence constraints must always be satisfied to guarantee
feasible execution plans.

Aziza and Krichen [28] introduce deadline and budget constraints alongside
makespan and cost minimization. The authors propose a hybrid GA where the
initial population is seeded by HEFT to accelerate convergence toward better
cost-time trade-offs. In this work, the fitness function combines both objec-
tives into a single weighted sum of time and cost components, each being the
ratio of the objective over its constraint. While this approach simplifies the
optimization process by reducing it to a single-objective problem, it requires
careful tuning of the weights to balance the two objectives.

A different approach for simultaneously minimizing the cost and makespan
is proposed by Chen et al. [30], who apply a multi-objective ACO algorithm
employing two separate populations, one for optimizing execution time and
the other for cost. The populations share a global archive of non-dominated
solutions to guide the search. A pheromone update rule is designed to balance
the search of both objectives by considering the set of non-dominated solutions
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in the archive. Additionally, a complementary heuristic strategy is employed
to avoid each colony focusing solely on its single objective. The authors also
introduce an “Elite Study” strategy to improve the quality of solutions in the
global archive by applying small- and large-scope mutations to elite individuals,
enhancing exploration around high-quality solutions.

Belgacem and Beghdad-Bey [31] propose a hybrid algorithm that combines
the HEFT heuristic for precedence-aware task ordering with ACO for resource
allocation to jointly minimize makespan and monetary cost. While HEFT lays
the initial task order, the pheromone update rule implements Pareto ranking
and crowding distance to maintain a well-spread Pareto front and obtain a
wide range of trade-off solutions.

Makespan and cost are not the only objectives of interest in Cloud workflow
scheduling. Wang et al. [32] introduce reliability as a first-class objective along-
side makespan. This work aims at minimizing the makespan of a workflow and
maximizing its reliability by employing a reliability-driven reputation model
to evaluate resource failures and ensure that tasks are assigned to reliable re-
sources. For this purpose, the authors associate with each Cloud resource an
hourly failure rate. The reliability objective is computed as the total execution
time of tasks weighted by the failure rates of the resources assigned to each
task.

The problem solution is sought through a custom GA with a look-ahead strat-
egy, which evaluates task execution order on each resource at fitness evalua-
tion time. In fact, in the proposed approach, scheduling plans only encode
task-to-resource mappings, while the execution order of tasks is determined
by a heuristic applied before computing makespan and reliability. This heuris-
tic enqueues tasks to resources according to their computational requirements
and the longest path in the workflow DAG. This approach effectively prioritizes
tasks with longer paths to completion, ensuring that tasks with a larger impact
on workflow makespan are scheduled first.

Verma and Kaushal [33] introduce energy consumption as a third objective to
be minimized alongside makespan and cost, while satisfying deadline and bud-
get constraints. In particular, energy consumption is computed by considering
the power consumption of each VM type over time and its utilization (i.e., being
idle or busy executing tasks) according to the Dynamic Voltage and Frequency
Scaling (DVFS) power management technique.

To solve the scheduling problem, the authors hybridize a multi-objective PSO
with a heuristic based on HEFT. In particular, the heuristic is applied to gener-
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ate a part of the initial population, while PSO refines the solutions through its
search process. The multi-objective PSO employs an external archive of non-
dominated solutions updated via dominance sorting. A parameterized density
estimator is used to maintain diversity among the obtained solutions while the
deadlines are enforced at each iteration, meaning that only scheduling plans
meeting constraints are added to the archive. To conclude, a mutation oper-
ator randomly modifies scheduling plans with a probability decreasing over
iterations to improve exploration and avoid premature convergence.

Xia et al. [29] also formulate workflow scheduling as a multi-objective problem
aimed at minimizing makespan and energy consumption. In particular, energy
consumption is computed at the VM level, by considering both active and idle
power consumption over time. The search for solutions is carried out by a meta-
heuristic based on Non-dominated Sorting Genetic Algorithm IT (NSGA-II) [35],
where scheduling plans are encoded in chromosomes composed of two parts:
task execution order and task-to-VM mappings.

To provide good starting points for the search, the initialization scheme con-
siders the amount of data transferred by tasks, assigning tasks with higher data
demands to higher capacity VMs. Custom genetic operators are designed to act
on both the provisioning and order parts of the chromosome while preserving
task dependencies in the execution order.

The top-k individuals, that is, the k& scheduling plans with the best fitness
values, are analyzed after each NSGA-II iteration to identify common subse-
quences in their task execution order. These subsequences represent favorable
task orders, and chromosomes containing them receive lower crossover and
mutation probabilities. This technique helps preserve high-quality portions of
the scheduling plans, balancing exploration and exploitation during the evolu-
tionary process.

Zeedan et al. [34] formulate an optimization problem with three objectives,
aimed at minimizing workflow makespan and monetary cost, and maximizing
resource utilization to ensure that the allocated resources are effectively used
during workflow execution. Utilization is computed as the average task execu-
tion time for all tasks and resources over workflow makespan.

The authors solve the optimization problem by proposing a hybrid algorithm
that combines three components: a greedy randomized adaptive search proce-
dure, a binary artificial bee colony algorithm, and the HEFT heuristic. The
greedy procedure is used to build an initial population of scheduling plans by
iteratively assigning tasks to VMs based on their expected finish time or cost.
The binary artificial bee colony algorithm refines the initial population by ex-
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ploring the solution space through local search and neighborhood exploration.
HEFT is employed to determine the task scheduling order according to the
allocations identified by the bee colony.

3.1.2 WORKFLOW SCHEDULING IN THE CLOUD-EDGE CONTINUUM

As already mentioned in Section 2.2, the widespread adoption of the Cloud
paradigm has introduced flexibility and scalability in computing applications,
including scientific workloads. However, the use of Cloud infrastructures may
not be suitable for all types of applications and scenarios. Additionally, the
pay-as-you-go model of public Clouds may lead to unpredictable and high op-
erational expenses for data-intensive applications with significant data transfer
requirements. The Cloud-Edge Continuum paradigm aims at bridging the gap
between centralized Cloud data centers and decentralized Edge and IoT de-
vices, envisioning a more integrated and collaborative environment where di-
verse computing resources enable seamless data processing and resource man-
agement.

In this section, the literature on workflow scheduling beyond public Clouds
is reviewed, first considering workflow scheduling in private Cloud [36], in
hybrid Cloud-Fog [37-39], and in Edge computing scenarios [40-42].

For instance, Zhou et al. [36] approach the workflow scheduling problem in
an infrastructure consisting of both private and public Cloud resources. Pri-
vate Cloud resources are assumed to be free of charge, although limited both
in terms of performance and quantity. On the other hand, public Clouds are
more numerous and powerful, but incur monetary costs based on their usage.
In addition, data transfers between private and public Clouds also contribute
to the overall monetary cost of workflow execution.

The main contribution of this work consists in the formulation of two work-
flow scheduling problems: the first is a single-objective problem that mini-
mizes execution cost under a user-defined deadline, and the second is a multi-
objective problem that jointly minimizes execution cost and makespan. To
solve these problems, the authors design two GA-based heuristic algorithms
with tailored genetic operators. In the first heuristic, both the cost objective
and the deadline constraint are integrated into the fitness function, computed
as the execution cost inflated by a penalty factor when the deadline constraint
is violated. The second heuristic extends the previous one to a multi-objective
optimization problem that simultaneously minimizes execution time and cost
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without constraints. In this case, the fitness evaluation considers both objec-
tives, using Pareto dominance to compare the obtained scheduling plans.

Fog computing has emerged as a complementary paradigm to Cloud comput-
ing, bringing computation and storage resources closer to the data sources
and end-users. However, the resource heterogeneity and distribution that the
Fog introduces pose significant challenges to workflow scheduling, as surveyed
from a modeling perspective in [43] and from an algorithmic perspective
in [44].

Many works have addressed the problem of scheduling in Fog environments
considering various optimization objectives such as network latency [45-48],
resource utilization [49], energy consumption [50], makespan and monetary
cost [51-54]. As observed in the taxonomy [55], these works primarily focus
on independent tasks rather than complex workflows with task dependencies.

Being able to schedule complex workflows in a Cloud-Fog environment is
essential to fully leverage the potential of this paradigm for real-time and
latency-sensitive applications, as highlighted in the systematic review [56].

Pham et al. [37] consider an infrastructure based on the collaboration of Cloud
and Fog resources. The authors discuss how it is essential to strategically dis-
tribute the workload among the Cloud and the Fog to get the most out of both.
The workflow scheduling problem is formulated as an optimization problem
minimizing makespan and monetary cost with a deadline constraint. The pro-
posed heuristic refines scheduling plans by employing a strategy that reassigns
tasks according to the critical path of the workflow DAG. To reduce the overall
makespan of the workflow, tasks on the critical path are scheduled for exe-
cution on the most performant resources, while to minimize monetary cost,
non-critical tasks are reassigned to lower-cost resources.

A three-objective scheduling problem aimed at minimizing workflow makespan,
execution cost, and energy consumption in Cloud-Fog computing is formulated
by Singh and Chaturvedi [39]. Energy consumption is computed according
to two separate models for active and idle resource states. While the former
accounts for the per-resource energy consumption during task execution, the
latter considers the minimum energy consumption when resources are idle. In
both cases, energy consumption is computed as a product of voltage supply
level and operating frequency according to resource specifications.

Execution cost encompasses both computational and communication costs,
the latter being particularly relevant in Cloud-Edge environments due to the
pricing models typically adopted by Cloud providers for data transfers in and
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out of their data centers.

The optimization problem is solved using a hybrid GA-PSO method since GA-
based meta-heuristics tend to outperform other algorithms after a significant
number of iterations, whereas PSO-based methods typically converge faster in
the early stages of the search. In the initial phase, the GA explores the search
space and produces a population of candidate solutions. Subsequently, the PSO
is applied to refine the best solutions generated by the GA.

The Edge computing paradigm further extends computational resources closer
to end-users and data sources, often leveraging the capabilities of IoT devices
themselves. Xie et al. [40] address the workflow scheduling problem in the
Cloud-Edge Continuum by designing a framework able to schedule tasks across
heterogeneous resources while optimizing both makespan and cost. The con-
sidered infrastructure is composed of three layers: Cloud, Edge, and terminal
layers. The latter mainly consists of smart IoT devices such as smartphones,
wearables, and smart home appliances. These devices send service requests to
the Edge layer, which is composed of routers, switches, and gateways, and is
employed to process latency-sensitive tasks. The Edge layer, in turn, offloads
latency-tolerant and computation-intensive tasks to the Cloud layer.

The optimization problem is solved using a variant of the PSO algorithm,
modified to improve its exploration capabilities in the Cloud-Edge Continuum
environment. In particular, the authors introduce non-linearity in the particle
inertia computation and modifications to the search, selection, and mutation
processes. This results in better performance in minimizing the makespan and
cost of scheduling plans compared to other PSO variants.

A similar infrastructure is considered in Ijaz et al. [38], where the focus is
on scheduling workflows by simultaneously minimizing both makespan and
energy consumption under a deadline constraint. This work discusses the
importance of energy efficiency in Cloud-Edge environments, especially in the
case where Edge and IoT devices are battery-powered and deployed in areas
with limited and unreliable energy sources. Energy consumption is modeled
according to DVFS, exploiting idle slots between task executions to reduce
energy consumption.

The optimization problem is solved using a heuristic working in two
phases. First, tasks are mapped across Cloud and Edge resources, favoring
Edge resources for lightweight and time-sensitive tasks and Cloud resources
for compute-intensive tasks. Secondly, a deadline-aware frequency scaling
procedure adapts the processing capacity of each node to reduce energy
consumption while satisfying task deadlines.
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Bacanin et al. [41] use a similar infrastructural model as a basis to schedule
workflows with the objective of minimizing overall makespan and monetary
cost. In particular, task communication delays are explicitly modeled and
integrated in the computation of both objectives. This is particularly important
in Cloud-Edge environments, where Cloud data centers are usually connected
through high-speed backbone networks, while communication between Edge
nodes and Cloud data centers often relies on public Internet connections that
may introduce significant latency and bandwidth limitations.

The optimization problem is solved by a Firefly Algorithm tailored to
workflow scheduling. Candidate scheduling plans encode task-to-resource
mappings, while the fitness calculation is communication- and cost-aware.

Solution search is enhanced by including genetic operators to increase
the exploration and exploitation abilities of the algorithm. In addition,
quasi-reflection learning is introduced to improve population diversity. This
technique consists of generating new scheduling plans by assigning resources
with opposite capabilities to the resources assigned in existing solutions. This
allows the algorithm to explore under-sampled regions of the search space.

Alsadie and Alsulami [42] also employ a modified Firefly Algorithm to identify
scheduling plans with minimal makespan and monetary cost. This is achieved
thanks to placement decisions that jointly consider computation time, mone-
tary cost, as well as communication delays between Cloud and Edge resources.
The problem formulation integrates heterogeneity and data-locality concepts
to capture the characteristics of Cloud-Edge environments.

The Firefly Algorithm is tailored to DAG scheduling by using a precedence-
aware encoding that maps tasks to resources, a composite fitness function that
couples execution and communication times, and algorithmic refinements such
as adaptive movement parameters and a lightweight local-improvement step to
maintain feasibility and escape local optima.

3.1.3 MuLTIPLE WORKFLOW SCHEDULING

While the majority of the existing literature extensively covers the scheduling of
single workflows, in real-world scenarios multiple workflows need to be sched-
uled concurrently on shared resources. For example, in scientific computing
environments, multiple workflows representing different experiments or anal-
yses that need to be executed by a shared computational infrastructure are
often submitted.
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The scheduling of multiple workflows brings challenges not present when deal-
ing with single workflows. In particular, resource contention becomes a sig-
nificant concern. Tasks from different workflows compete for the same set
of resources, leading to potential delays and increased makespan. Therefore,
scheduling algorithms have to devise strategies to mitigate this contention. This
has led to the emergence of a new branch of workflow scheduling research that
specifically addresses multi-workflow scenarios [57, 58], as reviewed in the sur-
vey [59].

One of the pioneering studies is Zhao and Sakellariou [60], where multiple
workflows are scheduled concurrently on a shared set of resources with the ob-
jective of maximizing schedule fairness. The concept of fairness is introduced
to ensure that no single workflow is overly disadvantaged due to resource shar-
ing.

Fairness is measured according to the slowdown of each workflow, that is,
the ratio between the execution time of a workflow when running concurrently
with other workflows and its execution time when running in isolation. To solve
the optimization problem, the authors propose a heuristic that schedules first
tasks from workflows with the highest degree of slowdown, thereby balancing
the slowdowns across all workflows. Two policies are introduced to compute
the slowdown. In the first policy, slowdown for a workflow is recomputed after
each scheduling decision involving its tasks, while in the second, slowdown for
all workflows is recomputed after any scheduling decision within the system.

Bittencourt and Madeira [61] go one step further by studying the trade-off
between overall performance (i.e., makespan) and fairness in multi-workflow
scheduling.

Four different scheduling strategies are proposed. The first one consists of a
sequential procedure that schedules workflows one after the other, optimizing
only the makespan of individual workflows without considering fairness. The
second one attempts to fill idle slots in the schedule of already scheduled work-
flows with tasks from other workflows, thus improving resource utilization and
overall makespan. The third strategy schedules tasks from different workflows
in a round-robin fashion, aiming at balancing the execution of all workflows
and improving fairness. The fourth strategy merges all the workflows in a
single DAG by adding dummy entry and exit tasks to handle multiple entry
and exit points.

Strategies are applied within the proposed path scheduling heuristic, in
charge of task ordering and resource assignment. The heuristic groups tasks
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into clusters with the aim of scheduling them on the same resource. This
reduces communication overhead, since tasks on the same resource can share
data through local storage instead of transferring it over the network. To
define clusters, the DAG topology is analyzed and tasks that can be scheduled
together are identified.

Bochenina et al. [62] extend [61] by further exploiting idle gaps in scheduling
multiple workflows. The authors observe that idle periods may arise when
tasks cannot be scheduled immediately due to dependencies that need to be
resolved first, leading to underutilized resources.

To address this issue, the proposed multi-workflow scheduling strategy
opportunistically fills idle periods in a workflow schedule by borrowing tasks
from other workflows in the system, thereby improving overall resource
utilization and reducing idle times.

Three heuristics are introduced for creating task scheduling orders when
scheduling multiple workflows under user-specified deadlines, by applying
deadlines either at the workflow level, at the task level, or in clusters of tasks
across workflows. Fairness remains a primary concern in the optimization
problem. However, the authors point out that assigning specific deadlines to
groups of tasks within the workflows can lead to schedules that achieve a more
efficient overall utilization of the available resources.

Deadlines can be used for prioritizing workflows (or part of them), depending
on the urgency of their completion. The works of Malawski et al. [63, 64] fo-
cus on scheduling workflow ensembles in Cloud environments by prioritizing
the individual workflows according to their user-defined importance. Ensem-
bles are multi-workflows that share a similar structure and are characterized
by different numbers of tasks and computational demands. Each workflow in
the ensemble is assigned a priority level.

In detail, [63] formalizes the problem of scheduling ensemble workflows
in Cloud environments under budget and deadline constraints. The proposed
framework allows the submission of multiple workflows over time and uses
an admission control mechanism to decide which workflow to accept or re-
ject based on the available budget. Accepted workflows are scheduled using a
heuristic algorithm that assigns tasks to resources by considering either work-
flow priorities, estimated execution times, or both.

In [64], the authors refine the optimization problem to maximize the number
of completed workflows of an ensemble and formalize the workflow admission
strategy according to the available budget. The study also considers task pri-
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orities in multiple aspects of the scheduling process. The proposed algorithms
exploit workflow structure and runtime estimates to ensure that admission and
resource allocation decisions concentrate on the highest priority workflows that
can finish within the budget constraint.

Genez et al. [65] also propose a methodology to schedule workflow ensembles
in Cloud environments by prioritizing the individual workflows. Their main
contribution lies in the flexibility of the scheduling approach, which enables
easy switching between different optimization objectives without modifying
the underlying algorithm.

To solve the optimization problem, a variant of the PSO meta-heuristic is
proposed, where each candidate scheduling plan is represented by a particle
which encodes task to resource mappings. In this encoding, the number of
dimensions corresponds to the total number of tasks across all workflows in
the ensemble. While PSO handles resource provisioning, prioritization comes
into play when determining the scheduling order of workflow tasks. Priorities
can be either assigned by users or determined according to different heuristics
such as the upward rank metric used in the HEFT algorithm.

Zolfaghari and Abrishami [66] address the problem of scheduling workflow
ensembles in the Cloud environment to maximize the number of completed
workflows according to user-defined priorities under budget and deadline con-
straints. In particular, to reduce the overall cost of execution, spot instances are
considered, that is, virtual machines offered at a lower price compared to on-
demand instances, which can be interrupted by the Cloud provider when the
demand for resources increases. The authors stress the importance of designing
an admission strategy to reduce the number of partially completed workflows
in the ensemble. The scoring function defined in [64] is used to evaluate the
quality of scheduling plans and is refined to better capture the gain of com-
pleting lower-priority workflows as the number of workflows in the ensemble
increases.

Scheduling is performed online to account for the fluctuating price of spot
instances. The proposed heuristic is composed of four main phases: workflow
acceptance, task scheduling order determination, instance provisioning, and
fault tolerance. While acceptance and task order are primarily driven by work-
flow priorities and deadline constraints, the instance provisioning phase adjusts
the number of virtual machines based on the number of ready tasks and the
difference between the deadline and the start time of the task being allocated.
Finally, a fault tolerance mechanism is integrated into the scheduling process
to handle possible interruptions of spot instances, ensuring that tasks running
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on interrupted instances are rescheduled on available resources to meet the
deadline.

Chen et al. [67] extend [66] by proposing a heterogeneous Cloud model com-
posed of on-demand and spot instances. The aim of the scheduling problem
is to complete as many high-priority workflows as possible while minimizing
the overall cost of execution. In particular, all workflows are constrained by a
common deadline, while each workflow has a user-assigned priority level.

The proposed heuristic explicitly integrates spot instance price dynamics and
availability into both resource provisioning and task assignment. This allows
the scheduler to predict the execution time of individual tasks and trigger an
ensemble-aware idle time slot exploitation strategy to ensure that the deadline
is met. A dedicated spot monitoring mechanism continuously tracks spot in-
stances availability from the Cloud provider, thus preventing task assignments
to instances that are likely to be interrupted, especially from workflows with
high priority.

Shafinezhad et al. [68] formulate a scheduling problem targeting Cloud re-
sources and aiming at maximizing the number of completed high-priority work-
flows under budget and deadline constraints. The main contribution of this
work is the design of a heuristic-based approach to solve the scheduling prob-
lem that combines different strategies. The fastest possible schedule is com-
puted using HEFT for each workflow in the ensemble and is used to determine
whether to accept or reject workflows based on the available budget and time
before the deadline. For each workflow, tasks are scheduled, in the order es-
tablished by HEFT, to the cheapest resources able to satisfy the deadline. The
temporary workflow schedule is then evaluated to check for possible budget
violations. If the budget is exceeded, the algorithm identifies idle time slots
in the overall ensemble schedule and reassigns workflow tasks to cheaper re-
sources within these gaps, thereby reducing the overall cost without affecting
the deadline.

The rise of Fog computing, and more generally the Cloud-Edge Continuum, has
opened research opportunities for multi-workflow scheduling in these environ-
ments. For instance, Siar and Izadi [69] address workflow ensemble schedul-
ing in a distributed environment consisting of Cloud, Fog and IoT resources.
The authors focus on offloading decisions and resource management to max-
imize the number of completed workflows under budget and deadline con-
straints. Building on prior work, they formulate the scheduling problem as
a coalition-formation game in which groups of tasks and resources are formed
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and released in an iterative process. Tasks join or leave coalitions according
to their marginal contribution to the game’s characteristic function, which cap-
tures the total group execution time and monetary cost. Although tasks are
initially scheduled on IoT devices, each formed coalition is subsequently eval-
uated for potential offloading to Fog or Cloud resources to increase the overall
number of completed workflows within the specified constraints. Constraints
are enforced by accepting only workflows that can be completed within the
specified budget and deadline.

3.1.4 SCHEDULING UNDER UNCERTAINTY

As discussed in Section 2.3, Cloud-Edge environments exhibit performance vari-
ability due to resource contention, virtualization overhead, and multi-tenancy,
as documented in the survey [70], making task execution times and communi-
cation delays uncertain rather than deterministic.

This uncertainty directly affects workflow execution time and monetary
cost [71], and undermines the effectiveness of scheduling algorithms that rely
on fixed estimates of task execution times. Developing scheduling strategies
that can effectively handle such variability is therefore a central concern in the
literature.

The effects of performance uncertainty have been extensively surveyed in
the context of Cloud environments [71, 72], and studied in other environ-
ments like network virtualization [73, 74]. Various approaches for handling
uncertainty in workflow scheduling have emerged over the years, including
stochastic provisioning models in Clouds [75, 76], uncertainty-aware workflow
schedulers [77-84], multi-objective and fuzzy approaches in Fog—Cloud and
Cloud-Edge systems [85-88].

For instance, in [75], uncertainty in application demands and resource per-
formance is addressed through the formulation of a stochastic optimization
problem aimed at minimizing the execution cost of applications in Cloud en-
vironments. The work integrates multiple sources of uncertainty in a unified
cost-minimization framework over multiple Cloud providers.

To safeguard against demand uncertainty, the authors solve the scheduling
problem offline by introducing a two-stage stochastic programming model. In
the first stage, the model reserves resources ahead of time, while in the second
stage, it allows for runtime adjustments based on the actual demand.
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Meena et al. [76] formulate an optimization problem aimed at minimizing
the execution cost of a workflow while meeting a deadline under variability in
resource performance. Scheduling is performed offline using a GA that encodes
both task-to-VM assignment and VM type selection. The major contribution
lies in the fitness function used by the GA. A scalar parameter is used to model
performance variability of Cloud resources. The nominal execution time of
each task on a given VM type is inflated according to this parameter to capture
the uncertainty in resource performance.

A different approach is taken by Della Vedova et al. [77], who propose a prob-
abilistic formulation of the workflow scheduling problem. The work aims at
minimizing the workflow expected monetary cost under a probabilistic dead-
line, thus ensuring that the workflow execution finishes within a given time
with a specified probability. The Cloud infrastructure is modeled as a set of
VM types with different cost and performance characteristics. The workload is
represented by map and reduce tasks whose computational demands and data
transfers are modeled as random variables following Log-normal distributions.

The authors design a heuristic that sorts VM types by increasing cost and,
for each VM, greedily packs the maximum number of sequential tasks whose
aggregated execution time satisfies the probabilistic constraint on the deadline.
This process is iterated across VMs until all tasks are scheduled, and the first
scheduling plan that satisfies the global deadline is selected.

Fard et al. [78] address workflow scheduling in Cloud environments under un-
certain resource performance by modeling uncertainty in task execution times.
The aim is to minimize workflow makespan and monetary cost, and to maxi-
mize robustness, defined as the ability of a schedule to cope with fluctuations
in task execution times. The authors assume that task processing times cannot
be characterized by precise values or even by known probability distributions.
Instead, they assume that times lie within known intervals.

Robustness is defined at the workflow level and is quantified by a metric that
incorporates the confidence interval of individual task execution times. The
robustness of a schedule increases as the confidence interval of the execution
time of the entire workflow becomes narrower. To solve the three-objective
optimization problem, a heuristic based on MOHEFT is proposed.

Genez et al. [79] address the scheduling of workflow ensembles in Cloud en-
vironments aiming to minimize the overall makespan and monetary cost, and
to ensure fairness of task allocation across workflows under user-defined dead-
lines. The authors model an environment where resource characteristics, and
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particularly inter-Cloud bandwidth, are highly volatile. Uncertainty is associ-
ated with the bandwidth between resources, which is assumed to be known
only through imprecise monitoring tools.

The authors propose a PSO-based scheduling algorithm that incorporates
bandwidth uncertainty into the evaluation of candidate solutions. To this end,
they introduce an estimate refinement mechanism that pessimistically scales
bandwidth estimates according to a factor representing the level of uncertainty.

Uncertainty-aware scheduling has also been explored in online scenarios,
where workflow arrivals and task execution times are only known at runtime.
Chen et al. [80] study online scheduling for multiple workflows with the
objectives of satisfying workflow deadlines in the presence of uncertainty in
both task execution times and inter-task data transfer times, and of minimizing
execution cost by improving resource utilization.

The proposed approach integrates proactive and reactive strategies within
a single framework. In particular, task execution times and inter-task data
transfer times are modeled as independent and normally distributed random
variables. A key design choice is to limit the number of tasks waiting to be
scheduled on each resource. Since task start, execution, and finish times are
known only after its execution, restricting the number of waiting tasks on each
VM limits how far uncertainty can propagate from predecessor to successor
tasks. At the same time, the scheduler tries to fill idle gaps of each VM so that
unused time is reduced while still satisfying workflow deadlines. The schedule
is adapted at runtime to cope with deviations from expected task or transfer
durations.

For handling uncertain task execution times in online multi-workflow sce-
narios, Liu et al. [81] investigate scheduling policies that simultaneously
minimize VM leasing costs and satisfy workflow deadlines. The authors
propose different deadline-assignment techniques (e.g., applied to individual
tasks, task-batches, or workflow) in an online multi-workflow context, while
addressing VM performance variability.

Each workflow has a user-defined deadline propagated from the workflow
level down to the individual tasks so that every task is associated with a
sub-deadline derived from the overall constraint. At runtime, the scheduler
maintains a global view of all workflows and selects ready tasks across
different DAGs, prioritizing tasks according to both their urgency regarding
sub-deadlines and their structural importance (e.g., whether they lie on the
critical path). Selection across workflows allows the algorithm to group tasks
from multiple workflows onto the same resources whenever possible, thus
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improving utilization while still satisfying all workflow deadlines. Crucially,
the scheduling decisions are made under uncertainty in task execution times.
Estimates of task duration and VM performance variability are incorporated
into the priority calculation and VM selection logic.

An offline framework is presented in Calzarossa et al. [82], introducing a gen-
eral stochastic approach for provisioning and scheduling data-parallel work-
flow DAGs, modeling VM performance via arbitrary distributions, and casting
the scheduling problem as a single-objective cost minimization problem under
a probabilistic deadline constraint.

After computing the expected execution times of the individual tasks, the
approach computes the random variable representing the total workflow exe-
cution time. Similarly, the monetary cost of leasing Cloud resources is modeled
as a random variable, since it depends on task durations.

The problem is solved using a Genetic Algorithm meta-heuristic which encodes
provisioning and scheduling plans as individuals in a population and iteratively
evolves them to minimize expected cost while satisfying a probabilistic dead-
line constraint.

Calzarossa et al. [83] investigate how the GA meta-heuristic design has
to be adapted when fitness evaluation involves random variables. A sensi-
tivity analysis of GA parameters (population size, selection pressure, and
crossover/mutation probabilities) is performed, highlighting their interaction
with uncertainty in affecting convergence and solution quality. The initial
population is carefully constructed by combining bin-packing heuristics that
take advantage of the task parallelism in the structure of the workflow DAG,
with extreme solutions that focus on either minimizing makespan or monetary
cost.

In [85], a multi-objective framework that simultaneously optimizes expected
monetary cost and makespan under probabilistic constraints on both workflow
deadline and budget is presented. The target infrastructure is a Cloud envi-
ronment where workflow tasks can be mapped to heterogeneous resources.
The proposed model supports arbitrary probability distributions to capture un-
certainty in both workflow characteristics (i.e., task demands) and Cloud re-
sources (i.e., processing capacity). Probabilities of meeting the deadline and
budget constraints are integrated into the problem formulation.

The solution of the problem relies on a variant of the NSGA-II meta-heuristic,
whose genetic operators have been adapted to handle both provisioning and
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scheduling decisions. A Monte Carlo evaluation method is employed to esti-
mate the expected cost and makespan of candidate solutions, as well as the
probabilities of satisfying the given deadline and budget constraints.

Recent research has started to bring uncertainty-aware optimization into hy-
brid Fog—Cloud and Cloud-Edge settings. Rizvi et al. [87] address the prob-
lem of scheduling deadline-constrained scientific workflows across a hybrid
Cloud-Fog environment to minimize their execution cost while meeting dead-
lines in the presence of uncertainty in task execution and communication times.

The authors propose a fuzzy scheduler that uses task features (i.e., compu-
tation time, communication overhead, deadline) to decide whether to offload
each task to Fog or Cloud resources. Each feature is expressed in three linguis-
tic terms (i.e., “small”, “medium” and “high”). To derive offloading rules, the
resulting fuzzy input is processed using the Mamdani inference system [89].
For each task, execution can be performed either on Fog or Cloud resources,
leading to a large search space of possible scheduling plans. To cope with this
issue, the Salp Swarm meta-heuristic generates, evolves and learns the underly-
ing Mamdani fuzzy rule base. Once the task-node allocation rules are learned,
the same meta-heuristic is used to assign tasks to the Fog or the Cloud, and
among the candidate resources, the one that satisfies the deadline with mini-
mum execution cost is chosen.

Mokni et al. [88] employ multi-agent systems and fuzzy inference to reason
about environmental uncertainties, while also simultaneously minimizing
makespan and cost under budget and deadline constraints. Scheduling is
addressed through a negotiation-based approach that balances conflicting
optimization goals under uncertainty.

This framework partitions each workflow into latency-sensitive and
compute-intensive tasks, offloaded to Fog and Cloud resources, respectively.
Tasks are then sequenced to satisfy precedence constraints and scheduled by
a multi-agent system in which Fog and Cloud agents negotiate via a fuzzy
inference system that evaluates candidate schedules. Within each agent,
a multi-objective GA searches for schedules over the resources it controls.
The fuzzy logic layer supports decision-making when budget and deadline
information is imprecise, while the distributed multi-agent system delegates
scheduling decisions to the Fog and Cloud layers agents, thereby reducing
global complexity and aligning decisions with the characteristics of the
underlying resources.
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Stavrinides and Karatza [84] study online scheduling of real-time IoT work-
flows in a three-tier IoT-Fog-Cloud architecture, where workflows arrive dy-
namically and task execution and communication times vary across invocations.
The goal is to minimize deadline misses and improve resource utilization.

Workflows are submitted to the system according to a Poisson arrival pro-
cess. The proposed scheduler distinguishes between compute-intensive/low-
communication tasks and communication-intensive tasks, assigning the former
to Cloud resources and the latter to Fog nodes to exploit the strengths of each
layer.

In De Maio and Kimovski [86], a multi-objective workflow scheduler tailored
to communication-intensive scientific applications that span Fog and Cloud is
proposed. The goal is to jointly optimize response time, monetary cost, and
reliability.

The NSGA-II meta-heuristic is employed to generate Pareto-optimal trade-
offs across the three objectives. The scheduling model treats performance de-
terministically, without integrating uncertainty into the optimization process.
In this work, a Monte Carlo engine is used to assess the robustness of the pro-
posed framework by repeatedly simulating workflow executions over a Cloud-
Fog infrastructure where hardware characteristics are drawn from predefined
distributions modeling performance variability. By aggregating the results of
such runs, the authors evaluate how consistently the scheduling decisions sat-
isfy response time and cost objectives under variable environmental conditions,
observing the advantages in using Fog resources for tasks with low computa-
tion and high data transfer needs.
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3.2 Autoscaling Techniques in Cloud Environments

Autoscaling plays a vital role in ensuring performance, cost efficiency, and reli-
ability of services in Cloud environments by adapting the amount of available
computational resources in response to changes in incoming workloads.

In the literature, managing resource elasticity has been recognized as a cen-
tral means to cope with the variability and unpredictability of workloads, and
a rich body of works has been examined in a number of surveys [90-93]. In
particular, methodologies are commonly classified on the basis of the mecha-
nism and timing of scaling decisions into the three broad families introduced
in Section 2.4, namely reactive, proactive and hybrid approaches.

The remainder of this section is structured according to these three approaches.

3.2.1 REACTIVE APPROACHES

Reactive autoscaling methods adjust the resources allocated to services in re-
sponse to observed system metrics such as resource utilization, request queue
length, or other Quality of Service (QoS) metrics.

As surveyed in [94-96], the works proposed in the literature span a wide spec-
trum of approaches of increasing complexity, ranging from simple static thresh-
old rules and hysteresis controllers [97-100], through model-based schemes
that encode cost, performance, and energy trade-offs [101-106], to fuzzy-logic,
control theory and Reinforcement Learning methods [107-110].

Gandhi et al. [101] propose one of the earliest reactive approaches aimed at
scaling data center resources. The approach continuously estimates the com-
putational capacity needed to serve the current demand, while avoiding the
measurement or forecasting of key workload characteristics such as request ar-
rival rate, average request size, or overall system utilization. The autoscaling
policy is periodically triggered and, at each invocation, inspects the current
conditions of the system.

In particular, the total number of requests in the system is used as a feedback
signal, and resources are provisioned to keep the per-server request count at
a fixed target value, thereby maintaining a buffer of spare capacity to absorb
sudden load increases without performance degradation.
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Netto et al. [97] address the problem of satisfying QoS and budget constraints
while avoiding systematic over-provisioning. The proposed approach aims at
allocating the lowest number of resources to reduce runtime costs, while seek-
ing high utilization of the allocated resources without violating QoS.

The amount of resources to be allocated or deallocated is computed accord-
ing to their utilization level, and scale-out and scale-in actions are triggered
when the utilization of the allocated resources reaches an upper threshold or
is below a lower threshold, respectively. The authors evaluate the impact of the
thresholds on the performance of the autoscaling policies, observing that the
choice of the thresholds can significantly affect both cost and QoS.

Similarly, Calzarossa et al. [100] define a simulation-based framework for sys-
tematically comparing reactive autoscaling policies under diverse workload sce-
narios, including periodic patterns, steadily increasing request rates, and highly
unpredictable arrival processes.

Two threshold-based policies are examined within this framework: the first
monitors the utilization of individual VMs over time, while the second considers
the aggregate behaviour of the allocated resources by tracking the fraction of
busy VMs. In both cases, scaling actions are triggered when the computed uti-
lization indicator crosses predefined thresholds, and a cooling time is enforced
between consecutive actions to prevent oscillations. By systematically varying
workload patterns, threshold values, and other configuration parameters such
as the number of VMs allocated per scaling action, the authors evaluate how
each factor influences completion time, VM utilization, and the frequency of
scaling actions, highlighting the sensitivity of reactive policies to their opera-
tional settings.

In Liu et al. [107], thresholds are dynamically adapted according to observed
workload, response time, and the CPU load of the application resources run-
ning in Cloud environments. Rather than relying solely on precise calculation,
a fuzzy control model is employed to translate measurements of highly vari-
able workloads and noisy monitoring data into timely and appropriate scaling
actions.

A central aspect of the fuzzy model is the use of dynamic upper thresholds for
response time, since the threshold should depend on the amount of allocated
resources. When a larger number of resources is being allocated, a moderate
change in incoming load tends to produce only small variations in response
time. Under these conditions, the fuzzy rules drive the controller to permit a
higher upper response time threshold before additional resources are allocated,
thereby avoiding unnecessary scaling out. In contrast, when few resources are
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allocated, even a slight increase in request rate can lead to substantial response
time fluctuations and a high risk of violating QoS. In these conditions, the fuzzy
engine uses a much tighter upper threshold, triggering scale-out earlier.

The increased usage of containerized applications has led to an increased
interest in reactive autoscaling approaches specifically designed for Kuber-
netes [111] and similar container orchestration platforms [112]. For instance,
Casalicchio and Perciballi [104] aim at improving the Kubernetes Horizontal
Pod Autoscaler (KHPA) by leveraging estimates of absolute CPU utilization
derived from host-level measurements. The authors argue that traditional
KHPA relies on relative metrics (e.g., CPU utilization percentage), which can
lead to imprecise scaling decisions when the relation between these indicators
and the actual resource demand is not well captured at run time.

The proposed autoscaling algorithm bases its decisions on the absolute CPU
demand learned from measurements on a real container-based system. The
approach consists of two main phases: the first phase is an offline calibration
step aimed at deriving a correlation model linking relative metrics to absolute
resource needs for the specific application and environment. In the second
phase, relative measurements are converted at runtime into absolute metrics
using the derived correlation model, and scaling decisions are made based
on these absolute values. A follow-up study [105] finds that the relationship
between relative utilization and absolute demand is highly workload-specific,
motivating periodic re-estimation of the correlation model at runtime to track
changing workload characteristics.

The delay introduced by resource boot and decommissioning latency is a funda-
mental challenge for reactive autoscaling, as it can lead to oscillations and per-
formance degradation if not properly accounted for. In this regard, Quattrocchi
et al. [108] address this challenge directly, observing that the autoscaling con-
trol period is fundamentally bounded by actuation latency, which ranges from
approximately one minute for VM provisioning to a few seconds for container
startup, and setting the period of each controller to match this latency so that
a new scaling decision is only issued once the previous one has taken full ef-
fect. Autoscaling is formulated as a control problem using a control loop with
a defined period constrained by the time needed to add or remove resources,
with two complementary controllers being proposed.

The first is a hierarchical control-theoretic autoscaler that operates primarily
on container-based applications. It employs proportional-integral (PI) control
loops associated with individual containers to continuously regulate allocated
resources against response time or deadline-based objectives. It is designed to
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run fast control loops while still respecting actuation delays, thus reducing the
risk of instability and resource oscillations.

The second controller follows a model-based control approach, embedding a
queuing network model of the application within the controller and repeatedly
solving an optimization problem to determine the minimal resource allocation
that satisfies performance targets under current workload conditions.

As public Cloud offers a wide variety of resource types with different perfor-
mance characteristics and costs, some works have focused on reactive autoscal-
ing that can select among heterogeneous resource types to optimize cost and
performance. For instance, Igbal et al. [98] propose a strategy for multi-tier
web applications hosted on Amazon EC2, with the specific goal of minimizing
cost while ensuring that the 95™ percentile of response time remains below a
target threshold.

The benchmark application is organized into two independently-scaled tiers
(i.e., a web tier and a database tier), each backed by a set of VMs. Two rule-
based scale-out policies are defined: the first scales-out a tier when its average
VM CPU utilization exceeds a configured threshold, while the second triggers
on response time target violations and identifies which tier to scale-out based
on the same utilization threshold. The CPU utilization threshold is tuned per
EC2 instance type through pilot experiments to identify the maximum sustain-
able load per-VM without degrading performance.

Reinforcement Learning (RL) is applied in the autoscaling policies proposed by
Russo Russo et al. [109] for data stream processing applications deployed on
heterogeneous Edge, Fog, and Cloud resources. The policies aim at satisfying
response time constraints and minimizing monetary cost by automatically
selecting the most appropriate resource type (i.e., Edge, Fog, Cloud) to
allocate.

A two-layer hierarchical control architecture is proposed, in which an
upper application-level manager coordinates a set of lower operator-level
managers, each responsible for autoscaling a single operator of the application.
Each operator-level manager is implemented as an RL agent that solves a
local Markov Decision Process, deciding the number of operator replicas
and the resource type on which they run so as to satisfy a per-operator re-
sponse time target while minimizing cost and reconfiguration overheads. The
application-level manager uses Bayesian Optimization to build an approximate
performance model of the application at runtime, and exploits it to translate
the user-provided QoS requirement into the per-operator targets that the
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lower-level agents must satisfy. In this way, users are relieved from manually
tuning low-level control parameters such as utilization thresholds.

Reinforcement learning is also employed by Feng et al. [110] in a vertical
scaling context, aiming to minimize the sum of infrastructure leasing costs and
Service Level Agreement (SLA) violation penalties for database containers.
The authors consider a Cloud environment in which scaling decisions must
cope with high workload variability while avoiding the high startup and
reconfiguration overheads characteristic of vertical scaling.

To this end, they propose an RL-based vertical scaler with a cost-
minimization reward formulation and a dynamic action model: in contrast
to previous RL autoscalers, which map each action to a fixed resource adjust-
ment, the proposed actions select among qualitative adjustment levels (e.g.,
marginal, moderate, or substantial scale-up or scale-down) whose numerical
magnitudes are recomputed at each step from the estimated resource demand.

To conclude, it can be observed that the effectiveness of reactive autoscaling
is bounded by the quality of the information available at decision time. Since
scaling actions are issued in response to a measured performance deviation,
autoscaling approaches cannot anticipate sharp load transitions and can only
intervene on conditions that have already occurred. The behavior of reactive
autoscaling also depends strongly on configuration parameters such as thresh-
olds, control gains, or reward signals, whose calibration is workload-specific
and must be revised whenever the operating environment changes. Adaptive
schemes based on fuzzy logic, control theory, or reinforcement learning reduce
this dependence but cannot remove it, since the mechanism that updates them
at runtime itself relies on assumptions about the workload.

3.2.2 PROACTIVE APPROACHES

Proactive autoscaling approaches have been introduced to address the inher-
ent limitations of reactive mechanisms [113], which can struggle to maintain
performance and cost-effectiveness under rapidly changing workloads.

Proactive strategies leverage predictive models to forecast future workload de-
mands, thus triggering scaling actions before demand exceeds capacity.

Proactive autoscaling has been extensively surveyed in [114-117] and stud-
ied from a modeling perspective in [118]. Many works building on this idea
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have emerged, spanning classical time series and statistical forecasting tech-
niques [119-123], machine and deep learning predictors [113, 124-136], and
probabilistic and optimisation-driven controllers encoding uncertainty, cost,
and system dynamics [137-143].

Early works introduce proactive resource estimation into reactive frameworks,
relying on lightweight statistical summaries of recent workload history to antic-
ipate near-future demand rather than reacting to instantaneous metrics alone.
Sahni and Vidyarthi [144], for instance, design a heterogeneity-aware autoscal-
ing mechanism that captures the main advantages of both reactive and proac-
tive techniques, while avoiding the overhead and potential inaccuracy associ-
ated with prediction models. To this end, they propose a reactive approach
that, while relying on simple, rule-driven scaling decisions, is aware of the ne-
cessity of estimating future resource needs.

Scale-in and scale-out decisions are triggered when the utilization of the
allocated VMs reaches an upper threshold or is below a lower threshold, re-
spectively. Moreover, the algorithm uses a moving-average-based model and a
standard-deviation-based safety margin to approximate the expected change
in incoming traffic, and uses an analytical queuing model of the allocated VMs
and response time constraints to compute the required capacity.

The algorithm takes into account the price and performance differences of
available VM types to add capacity in a cost-optimized way, while maintaining
the QoS objectives even in the presence of varying workload.

The autoscaling policy proposed by Roy et al. [119] is an example where work-
load forecasting is combined with a simple look-ahead optimization mecha-
nism that plans how many resources should be allocated over a short time
horizon, balancing machine leasing costs against the risk and penalties of vio-
lating SLAs. The authors observe that, in theory, the optimal strategy would
be to adjust resources continuously as workload fluctuates, reducing the time
interval between reallocations to zero. In practice, however, each reallocation
incurs non-trivial overhead from VM boot times, configuration delays, and state
transfers, making such continuous adjustment infeasible. The policy therefore
operates over a limited set of discrete time intervals, and incorporates a re-
configuration cost term in its objective function that acts as an inertia penalty,
discouraging unnecessary thrashing between scale-in and scale-out actions.
At each step within the planning horizon, the approach first predicts the
incoming workload using a second order ARMA model. For each possible re-
source allocation, the approach estimates the resulting performance and asso-
ciated cost using Mean Value Analysis. By iteratively evaluating all candidate
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allocations, it builds a cost profile over the entire horizon. Finally, the method
formulates and solves a single-objective optimization problem to select the re-
source provisioning plan that yields the minimum total cost, accounting for
both infrastructure cost and SLA-related penalties.

Gandhi et al. [137] introduce a model-driven autoscaling framework designed
to satisfy application performance guarantees while keeping infrastructure
costs low. Multi-tier Cloud environments are considered, where applications
are decomposed into separate layers, such as a web front end, an application
logic tier, and a database back end, each potentially hosted on different VMs.
The proposed framework is built around three main components: a monitoring
agent, a modeling engine, and an execution engine integrated with OpenStack.
Each time the monitoring agent is triggered, it gathers measurements such as
CPU utilization from the VM hypervisors, together with the incoming request
arrival rate.

In the modeling engine, an Extended Kalman filter leverages these mea-
surements to infer unobservable parameters such as service times at each
tier, network delays, and background utilization caused by external load not
related to the monitored application. The system is modeled as a product-form
queueing network, which admits closed-form expressions linking per-tier
utilization and end-to-end response time to the number of VMs per tier,
the service demands, and the arrival rates. These expressions, evaluated
with the parameter estimates produced by the Kalman filter, are solved to
determine, for every tier, the minimum number of VMs needed to keep the
overall response time within the desired QoS level. Finally, the execution
engine issues scale-in and scale-out directives to OpenStack only after two
consecutive consistent recommendations from the modeling engine, avoiding
reactions to transient fluctuations in the estimates of the Kalman filter.

Abdullah et al. [142] address autoscaling over heterogeneous VM types, where
each scaling decision must specify both how many resources to add or remove
and which types to provision, so that response time constraints are satisfied
at minimum cost. To solve this problem, the authors propose a reinforcement
learning-based autoscaling framework that integrates VM type selection into
the scaling loop, under the constraint of a fixed target average response time
and a finite set of available VM types.

The framework follows an exploration-exploitation paradigm. An initial ex-
ploration phase applies reactive scaling with randomly chosen VM-type mixes
to build a “capacity map” that records, for each configuration, the maximum
request rate sustainable within the response time target. During exploitation,
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the reinforcement learning agent operates on a Markov Decision Process where
each state captures the current request arrival rate and the per-type count of
allocated VMs, and each action specifies the per-type change in VM count, i.e.,
how many resources of each type to add or remove. A K-Nearest Neighbor
serves as a predictor for the Markov Process, guiding scaling actions to keep
average response time under the specified service level objectives while mini-
mizing monetary cost.

Other works [120, 124, 127, 129] move beyond single-model predictors and
fixed decision rules, combining or switching between forecasting strategies at
runtime and adapting the scaling policy to the observed workload regime, fol-
lowing the taxonomy of self-adaptive autoscaling systems surveyed in [145].

For instance, Gong et al. [120] propose a framework that operates by con-
tinuously monitoring resource utilization and feeding measurements into two
different chosen predictors depending on the detected workload pattern. The
aim is to detect and exploit possible patterns in the incoming workload to per-
form short-term forecasts of the demand. The framework is built upon two
short-term predictors: a signature-based predictor and a state-based predictor.

The signature-based predictor assumes a periodic pattern in the incoming
workload. To uncover such regularities, a Fast Fourier Transform is applied to
the recent history of resource usage and the dominant frequencies in the sig-
nal are identified. These frequencies represent recurring patterns in demand,
which are then used to forecast resource needs. When no periodic pattern is
detected, a state-based predictor is used. The range of resource usage is dis-
cretized into equal-width bins, each corresponding to a state of a discrete-time
Markov chain, and the transition probabilities between states are estimated
from the observed history. Forecasts are obtained by propagating the current
state forward through the transition matrix and selecting the most probable
state at the desired horizon.

The objective of Nikravesh et al. [124] is to improve the accuracy of predictive
autoscaling by selecting, at runtime, the most appropriate time series predic-
tion algorithm as a function of the current workload pattern.

A self-adaptive prediction suite is introduced, which incorporates several
time-series predictors, namely Support Vector Machines (SVMs) and two
versions of Multi-Layer Perceptrons (MLPs), differing in their risk minimiza-
tion principle (Empirical Risk Minimization vs. Structural Risk Minimization).
Learning-theoretic analysis is used to reason about which class of model should
be preferred for workloads of differing complexity. The suite implements
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an autonomic control loop and is designed using the Strategy and Tem-
plate design patterns: a workload context autonomically classifies incoming
workload (periodic, growing, unpredictable) via time series decomposition
(Loess) and passes a pattern interface to a predictor component, which selects
and configures the appropriate regression model and sliding-window size
according to a set of fusion rules derived from the authors’ theoretical and
empirical investigation.

The idea of model selection has been extended by Alidoost Alanagh et al. [127]
to consider more diverse workloads and a richer predictor portfolio. The objec-
tive is to address the problem of Cloud elasticity for heterogeneous workloads
where a single prediction model cannot capture the range of temporal behav-
iors and naive ensembles are too slow for online autoscaling decisions. To
this aim, they propose an adaptive autoscaling architecture in which a neural
network classifier routes each incoming job to the most suitable prediction al-
gorithm at runtime, based on sequential statistical features extracted from the
workload history.

The architecture extends a control loop with an admission controller, a load
balancer, a configuration tool, a workload monitor, and a workload predictor;
the latter operates in 5-10 minute control cycles, determining the number of
virtual machines to be added or removed. In detail, the neural network model
is trained offline on workload samples to learn which predictor is best for each
workload type using a cost function based on the Mean Relative Prediction Er-
ror. At runtime, the predictor component uses this model to select, for new
workload instances, the most suitable forecasting algorithm among Linear Re-
gression, Support Vector Machines and ARIMA. The chosen predictor then fore-
casts near-future CPU demand to drive horizontal scaling of VMs.

Chouliaras and Sotiriadis [129] propose an adaptive autoscaling framework for
Cloud resource provisioning that addresses the limitations of static, threshold-
based scaling rules: being manually configured and fixed, such rules cannot
adapt to fluctuating workload demand, leading to either QoS violations or re-
source over-provisioning, in both single- and multi-tenant environments. The
main contribution lies in a provisioning method that models workload and sys-
tem behavior and uses these models to guide vertical scaling decisions on the
containers, raising or lowering the CPU allocation of each container. In particu-
lar, the historical CPU utilization time series is first segmented into fixed-length
sequences, and K-means clustering is then applied to group these sequences
into three representative demand states: High, Medium, and Low.

For workload prediction, a 1-D CNN is trained on historical CPU utilization



CHAPTER 3. STATE OF THE ART 47

data to forecast future usage values; the resulting forecast is then segmented
using the same fixed-length window, and each segment is labeled by matching
it to the nearest representative cluster, yielding a predicted sequence of High,
Medium, and Low demand states. The resulting sequence of demand states is
mapped to vertical scaling actions, which a deployment manager applies only
if the target configuration is available and its projected cost remains below a
user-specified monetary cap. The authors explicitly acknowledge that the ap-
proach assumes repeatable workload patterns, which limits its applicability to
non-repeatable or highly irregular workloads.

Some approaches [122, 128, 130, 134-136] focus on burstiness detection, that
is the ability to identify and react to sudden, short-term spikes in demand that
can cause performance degradation if not handled proactively.

In particular, Tahir et al. [122] forecast incoming workload using a Decision
Tree regressor trained on workload traces from simulations. Burstiness is de-
tected over a short history of recent workload observations using one of three
techniques: Sample Entropy, Normalized Entropy, or Fast Fourier Transform.
The autoscaling algorithm combines the burst decision with a short history of
predicted resource counts to decide scale-in or scale-out, notably preventing
scale-in and allocating the maximum predicted resource count during detected
bursts, thereby prioritizing QoS protection over cost during these critical peri-
ods.

A different framing is adopted by Abdullah et al. [128], who use various re-
gression models to perform workload forecasting and to predict the number of
required resources according to the forecasted workload and the maximum ad-
missible response time. To detect burstiness, the autoscaler maintains a buffer
of recent resource count predictions. The variance of these predictions is com-
puted over sub-windows of increasing length ending at the current step. If
the variance within any sub-window exceeds a predefined threshold, the au-
toscaler enters a burst mode and allocates the maximum predicted resource
count within that sub-window.

Vu et al. [134] place a Bidirectional LSTM forecaster at the core of a proactive
autoscaling loop for Kubernetes, with a burst detector that flags sudden spikes
from the moving average and standard deviation of the predicted arrival rate
rather than from currently observed metrics. Incoming load is forecasted at
each control interval, and a multi-output Decision Tree Regressor maps the
forecast, a candidate per-pod CPU allocation, and the target response time
to the number of pods required and the resulting per-pod utilisation. Under
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regular operating conditions, both the number of pods and the per-pod CPU
allocation are adjusted from this mapping so that the response time constraint
is satisfied while utilisation is kept high. When the burst detector fires, the
controller instead allocates the maximum per-pod CPU and restricts scaling to
the horizontal dimension, trading cost-efficiency for QoS protection during the
spike. Since vertical adjustments in Kubernetes generally require recreating
pods, a rolling update controller applies scaling decisions by creating a new
deployment with the selected configuration alongside the old one until the
transition completes.

A similar Bi-LSTM-driven autoscaler for containerised applications is proposed
by Mogal and Sonaje [135], differing mainly in the burst identification rule.
Rather than relying on the dispersion of the predicted workload, the burst state
is entered whenever the predicted arrival rate crosses a configurable threshold
and is only gradually released through a decay function, which dampens sen-
sitivity to short transient overshoots in the forecast. A detected burst pins the
per-pod CPU at its maximum and restricts scaling to the horizontal dimension,
while normal operation jointly adjusts replica count and per-pod CPU from the
forecast.

In the smart-campus setting considered by Razzaq et al. [136], an ensemble
workload predictor drives pre-scaling across both the number of running
resources and their per-resource CPU allocation. Burst handling is folded
into the same prediction-driven policy, which prioritises sustained availability
when burstiness is detected on the forecast and otherwise optimises for
cost-efficiency. Relative to the other burst-aware works, the distinguishing
feature is the ensemble-based predictor paired with a deployment-specific cost
model rather than a single deep forecaster with a dedicated detector module.

Some other works [121, 126, 131, 132, 143] focus on Deep Learning-based
proactive autoscalers, which exploit neural predictors to infer workload pat-
terns and cope with bursty workloads in Cloud-native environments.

For instance, the predictive model presented by Kumar and Singh [121] lever-
ages neural networks to learn and extract patterns from the workload to be
used for future predictions. The authors propose a three-layer feedforward
neural network that, at every autoscaling step, receives as input the last mea-
surements of the request arrival rate.

The model is trained in a supervised manner using Mean Squared Error as
the loss function. Rather than relying on conventional gradient-based back-
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propagation, the authors employ a Self-adaptive Differential Evolution algo-
rithm to optimize the synaptic weights. In this evolutionary setup, a population
of candidate neural networks is iteratively improved using different mutation
strategies. The mutation operator is selected at each step through a roulette-
wheel mechanism, and both the mutation factor and the crossover rate are
continuously updated based on the observed success of generated offspring. In
this way, the method simultaneously tunes the network weights and the evolu-
tion hyperparameters. Once trained, the predictor is embedded into a Cloud
resource management system. Its forecasts of near-future workload, combined
with the current state of the infrastructure, are then used to make proactive
autoscaling decisions.

Zhou et al. [126] address the problem of response time service level violations
in containerized microservices subject to highly dynamic and bursty workloads.
The authors propose a proactive resource provisioning framework that pairs a
buffer of pre-initialized warm containers, which absorb sudden request surges
without incurring cold start delays, with a predictive autoscaler that adjusts the
number of active container replicas to track forecast demand. The approach as-
sumes microservices run as multiple container replicas in a Kubernetes cluster,
partitioned into work containers that serve incoming requests and warm con-
tainers that remain idle but ready for activation, with the fraction of warm ca-
pacity bounded by a configurable upper limit. The framework comprises three
components: a workload predictor, a microservice performance model, and a
controller that orchestrates scheduling and scaling decisions.

The workload predictor is an LSTM neural network that, given a sliding
window of recent arrival rate observations, forecasts the near-future values.
The microservice performance model is built from profiling traces collected via
an automated build and testing pipeline (Continuous Integration and Delivery,
CI/CD), in which each microservice is stress-tested using the ‘wrk HTTP bench-
marking tool under a simple threshold-based reactive autoscaler.

From these traces, two models are learned: an XGBoost regressor that pre-
dicts response time as a function of incoming workload and allocated container
count, and a linear regressor that estimates cold start delay from the current
container count and the number of containers to be added.

The controller runs a proactive algorithm at fixed intervals, using response
time predictions to adjust the number of work containers and cold start pre-
dictions to size the warm container buffer. When predicted demand exceeds
current work container capacity, incoming requests are immediately redirected
to warm containers, providing a fast fine-grained response, while the autoscaler
adjusts the work container count on a coarser timescale.
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The work of Theodoropoulos et al. [143] introduces an autoscaling frame-
work that pursues two objectives jointly: improving the responsiveness of
the managed applications through proactive horizontal scaling driven by
multi-step forecasts, and minimizing the resource overhead introduced by
the autoscaling logic itself. To meet the second objective, the authors adopt
a single global forecasting model that captures structural relations between
resources, rather than running a specialized predictor per resource. The
autoscaler is organized as a four-stage pipeline comprising a Monitoring
Component, an Input Construction Component, a Forecasting Component,
and an Output Distillation Component.

The Monitoring Component, built on standard observability tools
(Prometheus [146] and kube-state-metrics [147]), periodically collects
resource-level CPU utilization along with static metadata such as the cluster
each resource belongs to and the application it implements. The Input
Construction Component uses this metadata to build a similarity graph over
resources, in which each Edge weight reflects how strongly two resources are
expected to behave alike: zero for resources of different applications (treated
as independent), an intermediate value for resources of the same application in
different clusters, and the highest value for resources of the same application
within the same cluster. Attaching the recent CPU measurements to the nodes
of this graph yields a sequence of graph snapshots with fixed topology and
time-varying node features.

The Forecasting Component processes this sequence through an en-
coder-decoder model in which a weighted Graph Convolutional Network
encoder captures the dependencies induced by the graph structure and an
LSTM-based decoder models their temporal evolution. A single forward pass
emits multi-step CPU utilization forecasts for every resource at once. Finally,
the Output Distillation Component converts these multi-step forecasts into
a single target replica count per resource. For each resource, it selects the
forecast at the horizon just beyond the boot time of the resource: since a newly
provisioned replica becomes operational only after its boot delay elapses,
issuing the scaling command on the basis of that forecast aligns its readiness
with the moment the predicted demand materializes.

Various approaches [139-141] take into account the high variability in per-
formance capabilities of Cloud environments [148], and explicitly account for
workload and performance uncertainty by using probabilistic forecasting or
stochastic models to derive robust autoscaling policies.
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Regarding uncertainty in workload arrivals, Qian et al. [139] address autoscal-
ing under uncertain and highly variable workloads in a “scale-per-query” set-
ting, which is common in Function-as-a-Service (FaaS) and CI/CD systems. In
this model, every incoming request spawns its own short-lived resource, which
is then terminated immediately after processing that single request. Because
creating these resources can introduce noticeable cold-start delays, the goal
is to proactively allocate resources so that QoS targets are met without over-
provisioning.

To achieve this, the authors introduce a QoS-aware autoscaling framework
composed of four components: periodicity detection, historical query arrival
modeling, query arrival prediction, and scaling plan module. The core of the
approach lies in the historical query arrival modeling and prediction parts. Re-
quest arrivals are modeled as a non-homogeneous Poisson process, which is
then used to project the timing and intensity of future requests in the short
term.

The autoscaling problem is formulated as a stochastic optimization problem
whose objective is to derive the number and timing of resource creations that
trade off the expected provisioning cost against the probability of meeting QoS
targets, since under the stochastic arrival model both quantities depend on the
random sequence of incoming requests. The optimization is solved via Monte
Carlo “sort-and-search” techniques. A proactive scaling algorithm then uses
these optimization outputs to schedule resource creations ahead of time via
a sequential decision process, where each scaling action accounts for the re-
sources already consumed by prior query arrivals, ensuring that queries are
served with high probability without incurring excessive cold-start delays.

Hang et al. [141] address the robustness limitations of predictive autoscaling
techniques in Cloud databases. The authors design a predictive autoscaling
framework able to quantify forecast uncertainty while keeping resource usage
efficient. The approach comprises a probabilistic workload forecaster and an
autoscaling manager.

The forecaster takes historical workload time series as input and produces
quantile forecasts using deep learning models, either by learning parametric
distributions from which quantiles are sampled (e.g., autoregressive recurrent
networks) or by directly predicting a fixed grid of quantiles (e.g., temporal fu-
sion transformer).

The autoscaling manager formulates an optimization problem over a future
horizon, aimed at minimizing the total number of compute nodes while limit-
ing the average workload per node to stay below a threshold derived from the
forecasted quantiles. The quantile level used to derive this threshold is selected
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adaptively at each step: an uncertainty metric, computed as the weighted de-
viation of the quantile forecasts from the median, is compared against a config-
urable threshold, and the autoscaler applies a conservative (higher) quantile
when uncertainty is high and an aggressive (lower) quantile when uncertainty
is low.

Pan et al. [140] propose an uncertainty-aware predictive autoscaling frame-
work for multi-tenant Cloud clusters, in which shared resources serve the ag-
gregate demand of all tenants and that demand is volatile. Given a history of
the aggregate demand, the goal is to decide how many resources to launch
or drain at each future step so as to minimize resource-related costs while
bounding the risk of violating QoS requirements. The framework is split into
a predictor and a scaler.

The predictor combines a Multi-scale Attentive Feature Extractor, which cap-
tures both short-range fluctuations and long-range trends in past demand, with
a Gaussian Process Regression model that maps the extracted features to a prob-
ability distribution over demand at each future step.

The scaler is formulated as a Markov Decision Process whose state comprises
the number of running resources and the accumulated unmet demand, i.e.,
the backlog of requests that earlier provisioning decisions could not serve, and
whose actions specify the number of resources to launch or drain at the current
step. The cost function combines the expected idle-capacity cost, computed
under the forecast distribution, with the cost of each scaling action; QoS is
enforced through a constraint on expected unmet demand, governed by a tol-
erance factor that lets operators trade off cost against allowed SLA violations.

3.2.3 HYBRID APPROACHES

Hybrid autoscaling approaches combine proactive and reactive mechanisms.
The specific integration pattern varies considerably across the literature. In
some works, the two components govern different scaling directions, with a
reactive policy responsible for one direction and a proactive predictive model
for the other. In other works, a proactive forecasting component anticipates
future demand and drives provisioning decisions, while a reactive mechanism
compensates for workload deviations that the forecasts fail to capture.

The first of these patterns is illustrated by [149-151], where scale-out and scale-
in are governed by explicitly distinct decision logics. In some cases, one scaling
direction relies on threshold breaches in currently observed metrics while the
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other is informed by a predictive model of future load or resource utilization;
in others, a single predictive mechanism governs both directions under delib-
erately asymmetric decision rules.

In particular, Igbal et al. [149] use a reactive heuristic to identify bottlenecks
and trigger scale-out decisions, while an online regression model predicts over-
provisioning conditions and triggers scale-in decisions. The work addresses
the problem of satisfying response time SLAs for highly variable workloads in
two-tiered Cloud applications consisting of a web server tier and a read-only
database tier, where the interactions between tiers are not directly observable.

A reactive heuristic triggers scale-out decisions on the basis of the application
logs and a threshold placed on the 95™ percentile of response time. Scale-outs
target the web server tier when static content is slow or web server utilization
is saturated, and the database tier when only dynamic content is slow while
web server utilization remains below threshold.

Regarding scale-in actions, an online quadratic regression model predicts
the required number of web and database resources as a function of observed
static and dynamic request rates. The model is updated incrementally using
only the intervals in which the SLA is satisfied. When the model indicates
that the current configuration is over-provisioned, VMs are removed from the
corresponding tier.

The work of Bouabdallah et al. [150] combines a reactive scale-out mechanism
with a proactive scale-in approach. The work addresses the problem of scaling
of web resources in Cloud environments, with the objective of preventing re-
source saturation and reducing over-provisioning.

The proposed methodology is based on a multi-agent system following a
MAPE-K loop where the monitoring agent periodically measures CPU usage
and sends it to the analyzer agent. In this agent, a threshold-based reactive
rule is applied to trigger scale-out actions, while a proactive component is used
to decide scale-in actions.

The proactive component uses Simple Exponential Smoothing over a sliding
window of recent observations of CPU usage, selecting the smoothing factor
that minimizes the mean squared error on past data, and requests a scale-in
when the forecasted CPU utilization falls below a user-defined under-utilization
threshold. A manager agent plans and executes the resulting scaling actions
against the provisioning API of the Cloud provider, consulting a Cloud registry
that acts as the shared knowledge base recording the current resource inven-

tory.
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Ali-Eldin et al. [151] generalize the idea of autoscaling by introducing a for-
mal “elasticity engine” with separate scale-in and scale-out controllers, each of
which may be configured as either reactive or proactive. The work addresses
the challenge of handling flash crowds in Cloud-hosted services, where sudden
traffic surges risk causing SLA violations before reactive adjustments take ef-
fect, and where premature scale-in decisions induce resource oscillations that
amplify subsequent under-provisioning episodes.

Autoscaling is formulated as a control-theoretic problem where the Cloud sys-
tem is abstracted as a G/G/N queue with a variable number of available servers
in which both arrival and service times follow a generic probability distribution.
On top of this model, the autoscaling mechanism is described as a closed-loop
control system. The elasticity controller at the core of the autoscaler takes as
input the current request arrival rate and the measured service throughput,
and produces as output the number of VMs to add or remove at each time
step. The control objective is for the measured throughput to track the total
demand, modeled as the arrival rate plus an unpredictable fluctuation compo-
nent, within an error tolerance specified by the SLA.

By instantiating the scale-out and scale-in controllers with different combi-
nations of reactive and proactive strategies, the framework yields a family of
hybrid controllers that blend the two behaviors asymmetrically across scaling
directions.

Other works [152-159] combine the reactive and proactive components in a
single control loop, where forecasts and measurements are combined at every
control step to determine the next scaling action.

For example, Urgaonkar et al. [152] investigate the problem of dynamically
provisioning capacity for multi-tier applications hosted on server farms, where
workloads exhibit both bursty and long-term seasonal patterns. The goal is
to allocate resources across application tiers so that end-to-end response time
SLAs are met even under bursty arrivals and sustained high demand.

The proposed approach models each multi-tier application as a network of
G/G/1 queues and uses nominal per-tier request service time and online mea-
surements of interarrival characteristics to compute, for a given peak session,
the average response time and throughput. A proactive component maintains,
for each hour of the day, a histogram of arrival rates observed during that hour
across the preceding days, and, at the start of each hour, provisions capac-
ity sufficient to serve the arrival rate corresponding to a high percentile (e.g.,
95t) of that histogram. A reactive component monitors the ratio of observed
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to predicted load, counts requests with violations, and, when thresholds are
exceeded, increases capacity at saturated tiers.

In the hybrid policy proposed by Singh et al. [155], the proactive component
forecasts the peak request arrival rate in the next scaling interval, whereas the
reactive component considers recent CPU utilization and response times with
the aim to provide robust, cost-efficient autoscaling for multi-tier web applica-
tions running on IaaS Clouds under highly variable workloads.

The autoscaling approach is structured around a MAPE-K control loop. The
monitoring phase collects incoming request rate, per-VM CPU utilization, and
response times, aggregating them into averaged metrics for each interval. In
the analysis phase, a proactive time series forecaster is applied to a sliding
window of recent request arrival rates, and then selects and applies ARIMA,
linear regression, or support vector regression with seasonal post-processing
to predict the maximum incoming workload in the next scaling interval. Simul-
taneously, the reactive component averages CPU utilization and response time
over the last minute.

In the planning phase, the reactive and proactive signals are combined se-
quentially into a single scaling decision. Concurrent violations of the upper CPU
utilization and response time thresholds trigger immediate scale-out, whereas
concurrent low values of both metrics mark the interval as a candidate for
scale-in. Whenever the reactive rules do not already commit to a scale-out,
a proactive capacity planner applies an M/M/m queueing model to the pre-
dicted workload, the per-VM throughput, and the SLA response time target to
derive the VM count required to meet the target; if this exceeds the in-service
and booting VMs, the reactive recommendation is upgraded to a scale-out.

The execution phase enforces the planning phase decisions by randomly se-
lecting VMs to scale within the allocated resources.

Rampérez et al. [156] target Cloud deployments in which the bottleneck
resource is not known a priori and only low-level resource measurements
are available. In this setting, the proposed hybrid autoscaling framework
addresses the three runtime elasticity decisions (i.e., when to scale, which
resource to scale, and by how much). The proposed approach continuously
monitors the workload and resource utilization to learn predictive models
that capture how provisioning actions affect SLA behavior. These models are
used at runtime to forecast both future SLA and the time required for scaling
actions.

The framework is organized in four components. A scaling time forecaster
uses a linear regression model to estimate the time interval between autoscaler
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invocations as a function of current workload. A workload trend forecaster
computes time-series predictions of future workload evolution over a given
prediction horizon. A performance forecaster collects a set of resource
metrics and learns regression models mapping them to response time, thereby
identifying the performance indicators most relevant to autoscaling, as well as
potentially saturated resources.

A decider component evaluates the predicted response time trend from
the Workload Trend Forecaster against configurable thresholds to determine
whether to scale proactively. As a contingency against forecast errors, it also
checks current performance estimates against separate reactive thresholds.
A cool-down period is enforced after each scaling operation to prevent
oscillations.

Joshi et al. [157] aims at improving average response times and resource uti-
lization with respect to KHPA by proposing a hybrid framework that combines
a proactive time series predictor with a reactive feedback controller. The proac-
tive part consists of an ARIMA model, which forecasts short-term CPU utiliza-
tion from historical metrics and maps the prediction to a desired number of
containers to provision. The reactive part is a Proportional-Integral-Derivative
(PID) controller, which monitors actual CPU utilization and derives the desired
container count to reach a utilization level of 75% for all containers.

The final desired container count is computed as the weighted average of
the outputs from the reactive and proactive components. Weights are tuned
empirically, e.g., by giving a larger weight to ARIMA for anticipation and a
smaller weight to PID for stabilizing short-lived bursts, allowing the relative
contribution of proactive and reactive behavior to be calibrated to the work-
load characteristics of the deployment.

Zou et al. [158] propose a stochastic, hybrid autoscaling framework for long-
running applications that must handle highly variable workloads while meet-
ing strict SLA constraints. The system automatically adjusts the number of
resources so that aggregate CPU utilization remains close to, but below, a
target level, while enforcing limits such as minimum and maximum resource
counts, bounds on how quickly resources can be added or removed, and uncer-
tainty due to workload bursts, measurement noise, and interference between
co-located applications.

The framework consists of three tightly integrated components. A proactive
component is in charge of performing multi-step-ahead workload forecasting
by combining a long-term periodic predictor with a short-term local predic-
tor whose outputs are fused into a single workload prediction. The long-term
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model uses a Fourier series decomposition to capture regular workload pat-
terns, while the short-term predictor focuses on recent changes and anomalies.
Training employs a quantile loss function, so that the model estimates a high
quantile of the workload distribution rather than its mean, producing deliber-
ately conservative forecasts that reduce the risk of under-provisioning.

The reactive component estimates the relationship between the workload of
each co-located application and the aggregate CPU utilization observed at the
cluster level. A linear model is initialized via maximum-likelihood estimation
on historical data and continuously refined through linear regression as new
measurements become available. The optimization component converts the
outputs of the proactive and reactive modules into scaling actions. Autoscaling
is cast as a Model Predictive Control problem that aims to maximize CPU uti-
lization over a finite prediction horizon, subject to constraints on scaling rate
and total resource count. At each control step, a nonlinear optimization prob-
lem is solved with an off-the-shelf solver, yielding the scaling plan for the next
interval.

Fernandez et al. [159] fuse threshold-based feedback on current performance
with time series forecasts of demand inside a single Scaler that produces scale-
in and scale-out decisions for heterogeneous Cloud infrastructures. An adaptive
Predictor evaluates linear regression, ARMA, Holt—-Winters, and autoregression
on recent prediction errors and applies the best-performing variant to estimate
medium-term demand. A Profiler characterises each VM type by its average
CPU consumption per request, measured under non-saturated conditions (CPU
utilisation below 75% and response time within 25-75% of the SLA target),
and ranks VM types by processing capacity.

At every control step, the Scaler combines three signals to produce scaling
plans: current utilisation and response time checked against thresholds, the
predicted workload over a short planning horizon, and a decision-tree search
over feasible combinations of VM types. Candidate plans are filtered by con-
straints on maximum acceptable utilisation and by billing-aware cost checks
that prevent releasing recently launched resources, and are then ranked via a
cost function trading monetary expense against expected utilisation, with the
final choice keyed to a user-selected QoS class (bronze, silver, or gold). A Dy-
namic Load Balancer distributes incoming requests across the selected mix of
VMs, with weights proportional to the capacities returned by the Profiler.



CHAPTER 4

PROBLEM DEFINITION AND
METHODOLOGY

This chapter formalizes the research questions addressed in this thesis work,
that is, how to schedule batch workloads of multiple workflows over a hetero-
geneous Cloud-Edge infrastructure to optimize execution time and cost, and
how to dynamically provision Cloud resources for interactive workloads to sat-
isfy performance requirements under fluctuating demand.

The chapter will first present the methodological approach proposed to solve
the workflow scheduling problem. The proposed autoscaling strategy will be
illustrated next.
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4.1 Models for Workflow Scheduling

This section formalizes batch workloads, the heterogeneous Cloud-Edge re-
sources on which they execute, and the execution time and monetary cost of
the former on the latter under performance uncertainty. The models build on
the concepts introduced in Section 2.1 and Section 2.2. Table 4.1 summarizes
the notation used throughout this section.

4.1.1 WorkLoAD MODEL

The workload £ consists of n independent workflows f; (i = 1,...,n). Each
workflow f; is modeled as a DAG with k; tasks T]Z (j = 1,...,k;). Figure 4.1
shows an example of a workload £ composed of two workflows f; and f, com-
posed of three and five tasks each.

o
N/

)

FIGURE 4.1: Example of a workload composed of two independent workflows, each
represented as a DAG.
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Each task T; of workflow f; is described by its demands:
D} processing demand;

D;‘?Z: volume of data transferred to a task 7};



CHAPTER 4. PROBLEM DEFINITION AND METHODOLOGY 60

Workload model
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Workload

Workflow 4

Number of workflows in £

Number of tasks in workflow f;

Task j of workflow f;

Processing demand of task T]Z

Data volume transferred from task 7} to task 7},

Data volume transferred from external data sources to task 7}
Data volume transferred from task T} to external storage devices

Infrastructure model
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V}proc

Vim'
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V}out
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Set of Cloud-Edge resources

Resource [ in R

Number of resources

Processing capacity of resource r;

Bandwidth between resources r; and 7,

Bandwidth of resource r; from external data sources
Bandwidth of resource r; to external storage devices
Leasing cost per unit time of resource r;

Data transfer cost between resources r; and r,,

Data transfer cost between r; and external data sources
Data transfer cost between r; and external storage devices

Execution model

toy (o)
k()
£ ()
t94(r1)

£i(s)

Processing time of task TJZ on resource 7;

Data transfer time from task T} onr to task 77} on ry,

Data transfer time of task 7T} from external data sources

Data transfer time of task 7} to external storage devices
Overall execution time of task 7 under scheduling plan s
Overall monetary cost of task 7 under scheduling plan s
Finish time of task T; under scheduling plan s

Scheduling plan

Execution time (makespan) of workload £ under scheduling plan s
Overall monetary cost of workload £ under scheduling plan s
Completion time of workflow f; under scheduling plan s
Deadline of workflow f;

TaBLE 4.1: Summary of the main notation used in the context of workflow scheduling.
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D}:  volume of data received from external data sources;

Dg4t: volume of data transferred to external storage devices.

4.1.2 CroubD-EDGE MODEL

The Cloud-Edge infrastructure is modeled as a set R of computing resources r;
(I =1,...,h) distributed across the Cloud and Fog/Edge layers of the Contin-
uum.

Each resource r; is described by the following parameters:

VP processing capacity;
Vl’iffr: network bandwidth between resource r; and r,,;
Vli“: network bandwidth from external data sources;

Vet network bandwidth towards external storage devices.

Each resource r; is also characterized by costs for leasing and data transfers:

proc,
Cl .

leasing cost per unit time for using the resource;
crfer:  cost for transfers between resource r; and resource 7y,
e cost for retrieving data from external data sources;

s cost for transferring data to external storage devices.

Since resource performance is subject to variability, the parameters V"¢, Vxfer,
Vf“, and Vlo‘lt are modeled as random variables.

4.1.3 ExeEcuTtioN AND CosT MODELS

When a task T]Z is mapped to a resource r;, the time and monetary cost for its
execution can be derived from the task demands and the resource characteris-
tics.
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The processing time of task T]’ is given by the ratio between the task processing
demand and the processing capacity of the resource, that is:

proc
4proc i,

DS (r) =

The data transfer times from external data sources and towards external stor-

age devices are similarly obtained as ratios between the corresponding data
volumes and the available bandwidths, that is:

The data transfer time between two dependent tasks T; and T} € succ(T}),

mapped to resources r; and r,, respectively is obtained as follows, taken to be
zero when the two tasks share the same resource:

xer

17.77 1

txfer ( ) o foer if Tl 7& T'm
i,7,k\TlsTm) = l,m

0 otherwise

A scheduling plan s specifies the mappings between tasks and resources, and
the task execution order.

The overall execution time of task TJZ under scheduling plan s is then ob-

tained as the sum of the processing time, the transfer times from external in-
puts and outputs, and the transfer times to all successor tasks:

G =G+ >

(remm) + 35 () + 455" (11)
T,iEsucc(T;)

costs, that is:

The monetary cost c§ (s) of executing task T; under scheduling plan s accounts
for two components: the leasing cost of the resource, and the data transfer

E foer D;{fe

T in Tyin
m Dijre T ¢ Dij
TéGSUCC(T})

out mout
g ta Dij
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Since the resource performance parameters are random variables, the execu-
tion times and monetary costs derived are themselves random variables.

The completion time of workflow f; under scheduling plan s is defined as the
maximum finish time of its tasks, that is:

Di(s) = FT(T%,
7.(5) jepax, | (5, s)

where FT(T7, s) denotes the finish time of task 77. The finish time FT(T}, s) of
each task depends on its start time and how long it takes to execute. Each task
starts at its earliest possible time, that is, as soon as both its assigned resource
r; is available and all its predecessors have completed their execution.

Task execution is non-preemptive and each resource processes one task at
a time. The scheduling order itself must be a linear ordering of all tasks in £
that preserves the topological order of each workflow, that is, for every edge
(T}, T}), task T} appears before task T}.

The makespan 7 (s) of the entire workload L is then given by the maximum
completion time across all workflows:

Te(s) = ie?llaxn} Dy, (s)

Since tasks from different workflows may share resources, both Dy, (s) and
Tr(s) depend on the entire scheduling plan, not only on the tasks belonging to
a single workflow.

The overall monetary cost of the execution of workload £ under the scheduling
plan s is the sum of the costs of all tasks:

n k;
Ce(s) = Z Zcé'(s)
i=1 j=1

As task execution times and costs are random variables, both 7 (s) and C.(s)
are random variables.
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4.2 Multi-Objective Workflow Scheduling Problem

The models previously defined provide the foundation to formulate the opti-
mization problem whose goal is to identify scheduling plans that offer the
best tradeoffs between two conflicting objectives: workload execution time
and monetary cost of the Cloud-Edge resources.

Figure 4.2 provides an overview of the proposed scheduling framework. As can
be seen, the solution of the scheduling problem, formulated as a multi-objective
optimization problem, is based on the application of a Genetic Algorithm (GA)
combined with a Monte Carlo simulation. The Pareto front of non-dominated
scheduling plans represents the best tradeoffs identified by the GA.

4.2.1 PROBLEM FORMULATION

The multi-objective optimization problem is formulated as follows:

minimize (BPp[Tz(s)], Py[Cc(s)])
subject to E[Dy,(s)] <dy, Vfi€lLly

where P, and P, denote the p-th and ¢-th percentiles of the probability distri-
butions of the workload execution time and monetary cost, respectively, and
L4 C L is the subset of workflows that carry a deadline dy,. The subset £; may
include any number of workflows, from none to all of those in £; workflows
outside £, are unconstrained and contribute to the formulation only through
the workload-level objectives.

Targeting percentiles rather than expected values allows users to select the
probability with which execution time and cost will not exceed the optimized
values, thereby controlling how conservatively the scheduling plan accounts
for performance variability.

Since the two objectives are minimized simultaneously, candidate scheduling
plans are compared through Pareto dominance [35]: given two feasible
scheduling plans s; and s», s; is said to dominate s, if s; performs at least as
well as s, on both objectives and strictly better on at least one. Formally:
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FIGURE 4.2: Overview of the proposed scheduling framework.
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with at least one strict inequality.

A feasible scheduling plan that is not dominated by any other is called Pareto
optimal (or non-dominated). The set of all Pareto optimal scheduling plans
constitutes the Pareto front.

4.2.2 PROBLEM STRUCTURE

The solution space of the optimization problem consists of all valid combina-
tions of task scheduling orders and task-to-resource mappings. Formally, the
solution space is defined as:

SZSKX[I,...,]“L]K

where K = )" | k; is the total number of tasks across all workflows, Sk is the
set of valid scheduling orders, and [1, ..., h]¥ represents all possible mappings
of K tasks to h resources.

A valid task scheduling order is any permutation of the K tasks that constitutes
a topological sort of the dependency graph.

The number of valid topological sorts grows combinatorially with the number
of tasks and the structure of the dependency graphs, and the resource mapping
space grows exponentially with both the number of tasks and the number of
resources. Together, these factors cause the solution space to grow by several
orders of magnitude even for modest increases in the number of tasks or re-
sources.

The optimization problem presents two main difficulties. First, workflow
scheduling is NP-hard (see Section 2.3), and the multi-workflow setting
further enlarges the search space. Second, the probabilistic nature of the ob-
jectives requires the estimation of probability distributions for each candidate
scheduling plan. The exact computation of these distributions is generally
intractable due to the dependencies among task execution times, which
involve maxima over predecessor completion times and sums of execution and
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transfer durations.

Heuristic or meta-heuristic approaches are therefore employed to explore
the search space, while simulation-based methods are used to estimate the
required distributions empirically.

4.2.3 SOLUTION APPROACH

The combinatorial nature of the solution space and the intractability of the
probabilistic objectives call for a population-based meta-heuristic coupled with
a simulation-based evaluation procedure.

A Genetic Algorithm (GA) is adopted as the meta-heuristic. Since the probabil-
ity distributions of 7, (s) and C.(s) cannot be derived analytically, the fitness of
each candidate scheduling plan is evaluated through a Monte Carlo simulation.

4.3 Autoscaling Strategy

The autoscaling problem is defined for a Cloud computing environment in
which a service handles incoming requests using a set of resources whose num-
ber is adjusted over time. Table 4.2 summarizes the notation used in the re-
mainder of the chapter.

4.3.1 WORKLOAD AND INFRASTRUCTURE MODELS

The workload is represented as a continuous stream of incoming requests
whose arrival rate varies over time. The autoscaler is invoked at regular
instants separated by an interval §, which partitions time into time slots of
equal duration. In time slot ¢ starting at time ¢;, the workload intensity is
characterized by the arrival rate )\;, defined as the average number of requests
per unit time and assumed constant within the slot.

Each request has a service demand S, i.e., the average time required to
process one request on a single resource.

Within each time slot ¢, the autoscaler controls the number of allocated re-
sources R;. Each resource has a processing capacity u, i.e., the maximum
number of requests it can serve per unit time, so that S = 1/u; the allocated
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Time slot duration
Start time of slot ¢

St o>

Time horizon

>

<.

Arrival rate in slot 4

Request service demand

Processing capacity of a resource (maximum requests per unit time)
Number of allocated resources in slot 4

Aggregate throughput in slot ¢ (completed requests per unit time)
Resource utilization in slot ¢

SExIF @

Desired resource utilization

L

Backlog of unprocessed requests in slot 4

p
<.

Predicted arrival rate in slot j

;Q>

Predicted backlog in slot j
Predicted number of unprocessed requests in slot j

o=
+
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Predicted throughput at the prediction horizon
Predicted resource utilization at the prediction horizon

m) S)
¥ ¥
> >

Predicted number of required resources at the prediction horizon

=

Number of VM types (heterogeneous scenario)
RE Number of allocated resources of type k in slot i
Lk Processing capacity of VM type k

Dk Leasing cost of VM type k per unit time

Sk Service demand on VM type k

X +n Capacity target at the prediction horizon

TaBLE 4.2: Summary of the main notation used in the context of autoscaling.

resources at time slot i therefore provide an aggregate processing capacity of
R; u. When resources are added, they require h time slots of duration § before
becoming operational.

Together with the arrival rate, S links workload intensity to resource utilization
as formalized in the following.

4.3.2 CapaciTY MANAGEMENT

The autoscaler operates on the resource utilization U, regulating it around a
desired level U™f, with 0 < U™ < 1. According to the utilization law [160],
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U equals the product of the throughput X, i.e., the rate at which the system
processes incoming requests, and the service demand S. Hence, in the time
slot i starting at time ¢;, the utilization is given by:

Ui=X;5

Evaluating U; thus reduces to estimating the throughput X;. In steady-state
conditions, the throughput coincides with the arrival rate \;. However, steady-
state conditions cannot always be assumed: during load spikes or while newly
added resources are still booting, the allocated resources may be unable to
serve all incoming requests within slot i. The unserved requests accumulate
into a backlog @; that carries over to subsequent slots, and the throughput
then depends on both the current arrival rate and the previously accumulated
backlog.

A capacity estimate based on \; alone therefore underestimates the actual
demand; the framework addresses this by propagating the backlog step by step
into a capacity estimation procedure.

4.4 Load-Aware Predictive Autoscaling Strategy

The proposed Load-Aware Predictive framework implements a control loop
that anticipates the future arrival rate and adjusts the allocated resources ac-
cordingly. The framework aligns its prediction horizon with the VM boot time,
set equal to A time slots, so that scaling decisions are issued early enough for
newly provisioned resources to become available precisely when the predicted
load materializes.

Figure 4.3 illustrates the framework. At every time slot of duration ¢, a work-
load predictor consumes the most recent arrival rate measurements and fore-
casts the arrival rate h time slots ahead. The forecast, together with the mea-
sured backlog of unprocessed requests, enters a capacity estimator that com-
putes the number of resources required to maintain the desired utilization level
U™, Incorporating the backlog ensures that the capacity estimate accounts for
accumulated unprocessed requests rather than relying solely on the predicted
arrival rate. A resource selector then compares this requirement against the
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FiGURE 4.3: Overview of the proposed autoscaling framework.

number of allocated resources and determines the appropriate scaling action:
whether to scale-out, scale-in, or maintain the current allocation.

In detail, starting from the current time slot ¢, the workload predictor estimates
the arrival rate j\j for each slot j =i+ 1,...,7 + h within the prediction hori-
zon, using a model fitted to a rolling window of the most recent arrival rate
observations to allow forecasts to track evolving workload patterns.

The capacity estimator derives the number of resources required to satisfy the
desired utilization level U™ by computing the number of unprocessed requests
at each future time slot j = i+1, ..., i+h within the prediction horizon, defined
as the sum of the predicted backlog and the predicted new arrivals:

Nj :Qj71+5\j5

In particular, while the backlog at the current time slot ¢ is measured, the back-
log at future time slots is predicted by iteratively propagating the current back-
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log through each slot, accounting for the throughput of the allocated resources
at each slot. Once the request backlog and the number of unprocessed requests
are estimated at the horizon, the predicted throughput at the horizon is given

by:

Applying the utilization law yields the predicted utilization U, = X, S.
The number of resources required is then:

: Uit
Ri+h - |7Uref “

where the ceiling function ensures a discrete resource count.

By comparing R;,; with the number of currently allocated resources, the re-
source selector implements the strategy determining whether and to what ex-
tent a scaling action is needed. The scaling policies are "asymmetric": scale-out
actions are triggered promptly whenever the predicted capacity exceeds that
of the available resources, whereas scale-in actions are conservative, requir-
ing persistent over-provisioning across multiple future time slots before any
resource is deallocated. Additional operational constraints, such as cool-down
intervals and minimum allocation times, are defined to prevent oscillatory be-
havior.

4.5 Autoscaling with Heterogeneous Resources

Cloud providers offer catalogs of VM types that differ in processing capacity
and leasing cost. Exposing this diversity to the autoscaler enables finer-grained
tracking of workload fluctuations, since the same aggregate capacity can be
assembled from alternative mixes of resources at different costs, allowing the
autoscaler to favor combinations that match the predicted demand at the lowest
cost.
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In the heterogeneous resource scenario, the resource allocation at time slot 4
can span K VM types and is described by the per-type counts RF, k = 1,..., K.
Resources of type k have processing capacity u and leasing cost p; per unit
time, with per-type service demand S; = 1/uj. The boot time h is shared

across types. The aggregate processing capacity in time slot i is Eszl RY ..

Equal aggregate capacity can be produced by different combinations of R¥, so
the natural target of the load-aware estimation is the capacity itself rather than
a resource count. Consequently, a capacity target is derived from the predicted
number of unprocessed requests N, at the horizon, the time slot duration 4,
and the desired utilization level U :

oo Nign
i+h — S Uret

The capacity target X';:Lh decouples the load-aware estimation from the dis-
crete provisioning decision; its translation into a concrete mix of VM types is
delegated to the resource selector, which determines the VM mix that bridges
the gap between X +» and the current aggregate capacity.

For scale-out actions, the mix with the smallest aggregate capacity sufficient
to cover the gap at the lowest leasing cost is selected. For scale-in actions, re-
sources are deallocated starting from the most powerful and expensive types
until the desired capacity reduction is reached. The detailed selection proce-
dure is presented in Chapter 7.



CHAPTER 5

WORKFLOW SCHEDULING
FRAMEWORK

As already stated, the solution approach proposed to solve the scheduling prob-
lem combines a GA meta-heuristic for exploring the combinatorial solution
space with the Monte Carlo simulation for estimating the probabilistic objec-
tives. This chapter presents the detailed design of the solution framework.

73



CHAPTER 5. WORKFLOW SCHEDULING FRAMEWORK 74

5.1 Scheduling Plan Encoding

A fundamental step of GAs is the encoding of the population individuals, that
is, how a solution of the optimization problem is represented in the form of
a chromosome. In the context of workflow scheduling, each individual (i.e.,
a candidate scheduling plan) consists of two distinct components: a schedul-
ing chromosome that encodes the task scheduling order, and a provisioning
chromosome that encodes the task-to-resource mapping.

Figure 5.1 illustrates this for a workflow composed of six tasks: the DAG ap-
pears in (a) and the chromosome encoding of a possible scheduling plan in

(b).

@/\

—O——®
R

(@) Workflow

Scheduling chromosome Provisioning chromosome
task order resource mapping
A A
r Al r Al
1 2 3 4 5 6 | T1 Tg T3 T4 T5 Tﬁ

‘Tlsz‘ITgITﬁ ‘T4IT5}[T15]T4}T12‘T8 {T3]7‘7]

(b) Chromosome encoding

FiGUuRE 5.1: Chromosome encoding of a scheduling plan for an example workflow.

The index in the scheduling chromosome denotes the task scheduling order,
while the provisioning chromosome maps each task to the allocated resource.

In the example, task 77 is scheduled first on resource r15, followed by 75 on
r4, T3 on r19, Tg on r7, T4 on rg, and 75 last on r3.

For workloads composed of multiple workflows, the scheduling chromosome
might interleave tasks from distinct workflows while preserving the internal
dependencies of each workflow.
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5.2 Evolutionary Process

The GA evolves a fixed-size population of scheduling plans over successive gen-
erations. Each generation cycles through parent selection, which identifies the
individuals from the current population that will be used to produce offspring;
offspring production by crossover and mutation; and survival selection, which
determines which individuals from the combined parent and offspring popula-
tions are carried over to the next generation. The initial population is evaluated
in advance, and each generation evaluates only its new offspring, so selection
always operates on fully evaluated individuals. Both parent and survival selec-
tion phases follow the NSGA-II scheme [35], comparing individuals by Pareto
rank and, at equal rank, by crowding distance to preserve diversity.

The parent selection follows the binary tournament mechanism: two individ-
uals are drawn at random, compared by ranking and crowding distance, and
the winner becomes a parent for crossover.

Crossover and mutation operators are applied independently to the two chro-
mosomes of each individual due to their different structural properties: the
provisioning chromosome admits any combination of resource assignments,
whereas the scheduling chromosome must always represent a valid topologi-
cal sort of the workflow DAGs. Standard operators are applied to the provi-
sioning chromosome, while the scheduling chromosome requires customized
operators.

5.2.1 CRrROSSOVER OPERATORS

Figure 5.2 illustrates the results of the application of the two crossover opera-
tors to a pair of parents P, and P», producing offspring O; and O, at crossover
point x = 3.

Crossover on the scheduling chromosome is implemented as a customized
operator that guarantees the offspring ordering remains a valid topological
sort [27]. Given a random crossover point k, the first offspring O, inherits
the first x tasks from parent P, while the remaining positions are filled by
appending the tasks not yet scheduled, so as to preserve their relative order in
P». As a consequence, the resulting offspring satisfy DAG dependencies.

For the provisioning chromosome, standard single-point crossover is applied.
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FiGUrE 5.2: Crossover operators applied to scheduling and provisioning chromo-
somes.

5.2.2 MUTATION OPERATORS

Figure 5.3 illustrates the two mutation operators applied to the offspring O
shown in Figure 5.2.

Scheduling chromosome Provisioning chromosome

1 2 3 4 5 6 n T, T3 Ty Ts T

Individual O, {Tl [T2 {T?, } Ty 1T5 [Tﬁ] [7“15} T4 ‘7“12 [7'11 7“1} 5 ’

« s
v

valid positions i i

Mutated O ‘T4 {Tl [Tz [Tg, [T5 [TGJ [’I‘m} T4 "I'12 [7"101 7’1} Ts ’

FiGUure 5.3: Mutation operators applied to scheduling and provisioning chromo-
somes.

For the scheduling chromosome, a task at a random position is selected. The
order is analyzed in both directions from this position, stopping on each side
at the nearest predecessor or successor of the selected task. This defines a
contiguous range of valid positions whose tasks are neither predecessors nor
successors. The task is then moved to a position sampled uniformly within
this range. Because the range is delimited by the dependencies of the selected
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task on both sides, the resulting order remains a valid topological sort. In
the example, the selected task is 7 at position 4, which does not have any
predecessor. Its nearest successor 75 is at position 5, thus the valid positions
span 1 to 4. Ty is moved to position 1.

For the provisioning chromosome, each task is mutated independently: the
allocated resource is replaced by a resource uniformly sampled from the set of
available resources. In the example, r;; is replaced by rig.

5.3 Scheduling Plan Evaluation

Each candidate scheduling plan s is evaluated on two objectives, i.e., the p-th
percentile of the workload execution time 7.(s) and the ¢-th percentile of the
monetary cost C.(s) (see Section 4.2), used in the fitness vector:

fitness(s) = (P;[Tz(s)], P[Cc(s)])

Since the fitness components are percentiles of random variables whose distri-
butions cannot be derived in closed form, they are estimated empirically via
Monte Carlo simulation. These estimates are obtained by drawing repeated
samples of the input distributions and aggregating the resulting outputs into
an empirical distribution.

In detail, given a scheduling plan s, the expressions for 7(s) and C.(s) are
derived as functions of the random variables that model the resource perfor-
mance. These random variables are sampled according to the specified proba-
bility distributions, and each sample is substituted into the corresponding ex-
pressions to derive one realization of the workload execution time and mone-
tary cost. The percentiles P; and P, are extracted from the resulting empirical
distributions to form the fitness vector.

As an example, these expressions are derived for the workload in Figure 4.1,
whose workflows f; and f consist of three and five tasks, under a candidate
scheduling plan s that maps them onto four resources r1,...,rs with the fol-
lowing task scheduling order:

(T¢, 10, 13, Ty, T3, 17, Ty, T3]
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and the following task-to-resource mappings:

{1}, 1}y = (T3, T2, T2} = ry
(T2, T2} — r3 (T3} =1y

The workload execution time is given by:

Te(s) = max{Dy, (s), Dy, (s)}

The completion time of each workflow is determined by the finish times of
its constituent tasks, taking into account both dependencies and resource con-
tention. For workflow f;, whose three tasks are allocated to resources r; and
r4, the completion time is the sum of the task execution times since they must
be executed sequentially, that is:

Dy, (s) = ti(r1) + ta(ra) + t3(r1)

For workflow f5, the expression of its completion time is given by:

Dy, (s) = max{max{t{(rs), t3(r2)} + t3(rs), t3(r2) +t5(r2)} + t3(r2)

The inner maximum accounts for the fact that task 73 can begin only after
the later of its two predecessors T? and T3 has completed, while the outer
maximum reflects that 72 can start only after both T3 and T have completed
their execution.

The distribution of C.(s) is estimated in a similar way from the same Monte
Carlo samples.

5.4 Initial Population

The selection of the initial population plays a critical role in the convergence
of the GA. A population that is too homogeneous may cause the algorithm to
limit the search in a narrow region of the solution space, while a diversified
one allows the GA to explore larger regions.
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The generation of the initial population combines two complementary mecha-
nisms: a scheduling order generator, which arranges the tasks into valid topo-
logical sorts, and a resource provisioning generator, which determines task-to-
resource mappings.

The scheduling order generator is based on Algorithm 1. The algorithm main-

Algorithm 1 Topological sort generator

Require: L£: workload
Ensure: taskSort: a topological sort of tasks in £
: readyTasks < all entry tasks in £
taskSort < {}
while readyTasks is not empty do
t < EXTRACTTASK(readyTasks)
append ¢ to taskSort
for neighbor € successors(t, £) do
if predecessors(neighbor, L) C taskSort then
add neighbor to readyTasks
end if
end for
: end while
: return taskSort

—_

W ®eND R W

= o=
N = O

tains a set of ready tasks, initialized with the entry tasks of every workflow in
L. At each iteration of the main loop, a task is extracted from this set by the
ExTRACTTASK subroutine and appended to taskSort. Every successor of the ex-
tracted task whose predecessors are already in taskSort is then added to the
ready set, making it eligible for extraction in subsequent iterations. The loop
terminates once the ready set is empty, that is, all tasks of the workflow have
been allocated.

Two selection policies are considered for the extraction step. The first policy,
random selection from different workflows, is detailed in Algorithm 2. The policy
uniformly samples one workflow among those with at least one ready task, and
then uniformly samples one of the ready tasks of that workflow. The resulting
task scheduling order interleaves tasks of different workflows.

The second policy, random selection from preferential workflows, assumes pri-
orities assigned to the workflows. The tasks of the highest-priority workflow
are allocated first.

The resource provisioning generator complements the scheduling order gener-
ator by including in the initial population scheduling plans that bias the search
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Algorithm 2 Random selection from different workflows

Require: readyTasks: set of tasks ready to be scheduled
Ensure: ¢: selected task

1: function EXTRACTTASK(readyTasks)

2: w < list of workflows in readyTasks

3 w; <— UNIFORMSAMPLING(w)

4 tasks < tasks of workflow w; in readyTasks
5: t < UNIFORMSAMPLING (tasks)

6: return ¢

7: end function

toward the extremes of the objective space. In addition to randomly generated
provisioning chromosomes, four deterministic strategies are included:

* Sequential execution on the best-performing resource: all tasks are as-
signed to the resource with the highest processing capacity.

* Fully parallel execution on best-performing resources: each task is as-
signed to a resource of the highest-capacity type.

* Sequential execution on the cheapest resource: all tasks are assigned to
the resource with the lowest leasing cost.

* Fully parallel execution on cheapest resources: each task is assigned to a
different resource with the lowest leasing cost.



CHAPTER 6

EXPERIMENTAL EVALUATION OF
WORKFLOW SCHEDULING

This chapter describes the evaluation of the proposed workflow scheduling
strategy on synthetic and real scientific workloads, composed of either single
or multiple workflows, under both deterministic and probabilistic performance
assumptions. The evaluation quantifies the tradeoff between workload execu-
tion time and monetary cost obtained when scheduling these workloads across
a heterogeneous Cloud-Edge infrastructure.

81
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6.1 Experimental Setup

The experimental setup comprises scenarios that vary along three dimen-
sions: workload composition, infrastructure configuration, and degree of
performance uncertainty.

6.1.1 WORKLOADS

Two categories of workloads are used in the experiments: synthetic workloads,
built from artificially generated workflows, and real scientific workloads, taken
from public workflow benchmark repositories.

SYNTHETIC WORKLOADS

The single-workflow experiments use the IoT data processing workflow pro-
posed in [84] and shown in Figure 6.1. It comprises 16 tasks, with four en-

FiGURE 6.1: Structure of the IoT data processing workflow.

try tasks receiving input data from external data sources associated with IoT
devices and five exit tasks transferring their output data to external storage
devices associated with the Cloud. On average, each task has a processing de-
mand of 2.24 Millions of Instructions (MI) and transfers 5.14 GBytes of data to
its dependent tasks; the aggregate output data transferred to external storage
devices is fixed at 5 GBytes.
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Two flavors of this workflow are considered, differing in their Communication-
to-Computation Ratio, defined as:

CCR; = 25"

—proc
25t

where t?roc is the estimated time to execute task 7} averaged over all resources

of the infrastructure, and t;‘W is the estimated time to transfer the output data
of T} to its dependent tasks averaged over all pairs of resources. CCR thus
relates the time a workflow spends on data transfer to the time it spends on
processing across the infrastructure. A balanced flavor has CCR; = 1, while a
computation-intensive flavor has CCR; = 0.1.

The experiments with multiple workflows use synthetic workloads derived from
the DAG shown in Figure 6.2, comprising 26 tasks connected by 38 directed
edges representing precedence constraints, with ten tasks receiving input data
from external sources and three producing output data for external storage
devices. Tasks exhibit heterogeneous processing demands and data volumes.

FIGURE 6.2: Structure of the artificially generated workflow used to derive the syn-
thetic workloads.
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Starting from this structure, three workflow flavors are defined, differing only
in the magnitude of their task demands. The "lightest" flavor, f;, has processing
demands ranging from 0.4 to 100 MI per task, with an average of 12.8 MI.
In terms of data volumes, each task transfers on average 220 MBytes to its
dependent tasks, while the aggregate input data retrieved from external data
sources amounts to 9.4 GBytes and the aggregate output data transferred to
external storage devices amounts to 4 GBytes.

The demands of the second flavor, f,, are 50% larger than those of f;, and
those of the third flavor, f3, are twice as large. The three flavors thus share an
identical DAG topology but exhibit progressively higher resource requirements.

Two sets of synthetic workloads are derived from these flavors. The first set
consists of 12 workloads, each composed of one to four instances of a single
flavor. Specifically, Ly,, Laoy,, L3f,, and L4y, denote workloads containing one,
two, three, and four instances of workflow f;, respectively. Analogous work-
loads are constructed for f5 and f3, yielding 12 workloads in total. The number
of tasks in each workload ranges from 26 (single-workflow) to 104 (four work-
flows).

The second set consists of four workloads composed of two or three distinct
flavors: Ly ,, L4455 Lfop5, and Ly, 4,4, For instance, L, ¢, contains one in-
stance of f; and one instance of f, while Ly, 1, ¢, contains one instance of each
of the three flavors. The number of tasks is either 52 or 78. Table 6.1 sum-
marizes the aggregate processing demands and data volumes of these mixed
workloads.

Processing Data Volume

Workload Demand  Task-Task Input Output

[MI] [GBytes] [GBytes]  [GBytes]
Lt 826.95 20.9 234 10.1
£f1f3 992.34 25.1 28.1 12.1
Lpp  1,157.73 29.3 328 141
£f1f2f3 1,488.51 37.6 42.1 18.1

TaBLE 6.1: Overall processing demands and data volumes of the four mixed-workflow
synthetic workloads.
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REAL SciENTIFIC WORKLOADS

In addition to the synthetic workloads, two real scientific workloads drawn
from distinct application domains are considered, namely Cycles, from smart
agriculture, and CyberShake, from seismology.

Cycles [161] is a high-throughput workflow used for agroecosystem simulation.
The Cycles workflow, illustrated in Figure 6.3, models biophysical processes
and agricultural management practices. Grey, green, and yellow tasks perform
the core model simulations, whereas the remaining tasks summarize the model
outputs and generate the corresponding diagrams.

Three flavors of the Cycles workflow are considered, denoted f4,, fa,, and

FIGURE 6.3: Structure of a representative Cycles workflow, with colors differentiating
task activities.

fa,, consisting of 67, 133, and 331 tasks, respectively. Table 6.2 reports the
aggregate processing demands and data volumes for each flavor, with task de-
mands and data volumes being obtained from the data published in the WfIn-
stances repository’.

The workload £4 used in the experiments consists of the three flavors com-
bined, for a total of 531 tasks.

The second scientific workload is based on CyberShake [162], a workflow that
characterizes earthquake hazards through probabilistic seismic hazard analy-
sis, illustrated in Figure 6.4. In CyberShake, tasks encompass the computation
of seismogram syntheses, the collection and compression of the resulting syn-

https://github.com /wfcommons/Wflnstances/blob/main/pegasus/cycles/
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Processing Data Volume

Workflow Demand  Task-Task Input  Output

[MI] [MBytes] [MBytes] [MBytes]
fa, 13.37 1.7 57.3 467.2
fa, 07.07 3.4 114.5 929.3
fa, 163.78 8.6 286.4 2,316.0

TaBLE 6.2: Overall processing demands and data volumes of the three Cycles work-
flows.

FIGURE 6.4: Structure of a representative CyberShake workflow, with colors differen-
tiating task activities.

thetic seismograms, and subsequent processing.

Three flavors are considered, denoted fs,, fs,, and fs,, consisting of 30,
50, and 100 tasks, respectively. Table 6.3 reports their aggregate processing
demands and data volumes, derived from the data published in the Pegasus
Workflow Repository?.

The workload L used in the experiments combines the three flavors, for a
total of 180 tasks.

The two scientific workloads differ substantially in their characteristics. The
Cycles workflows are dominated by external data transfers, with output vol-
umes in the hundreds of megabytes to gigabytes range, while inter-task data
volumes remain comparatively small. In contrast, the CyberShake workflows

Zhttps:/ /pegasus.isi.edu/workflow _gallery/
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Processing Data Volume

Workflow Demand  Task-Task Input Output

[MI] [GBytes] [GBytes] [GBytes]
fs, 10.32 6.2 80.2  31x10°6
fss 15.68 12.7 81.4 88 x1076
Iss 33.69 22.8 80.8 161 x 1076

TaBLE 6.3: Overall processing demands and data volumes of the three CyberShake
workflows.

exhibit very large inter-task data volumes and input data volumes (i.e., tens of
gigabytes), but negligible output volumes.

6.1.2 CLOUD-EDGE INFRASTRUCTURE

The infrastructure considered in the experiments follows the Cloud-Edge model
defined in Section 4.1 and consists of six resource types, four in the Cloud
layer and two in the Edge layer. Table 6.4 summarizes the processing capacity,
bandwidth, and leasing cost of each resource type.

Resource Type Processing Capacity Bandwidth Leasing Cost

[MIPS x 10°] [Gbps] [USD/hr]
Cloud-4XLarge 400 20 4.20
Cloud-2XLarge 200 10 2.00
Cloud-Large 100 5 0.90
Cloud-Medium 50 5 0.40
Edge-Large 75 0.4 0.05
Edge-Small 10 0.2 0.005

TaBLE 6.4: Characteristics of the Cloud-Edge resources considered in the experiments.

The processing capacity of each resource is expressed in Million Instructions
Per Second (MIPS). Under this convention, the ratio between processing de-
mand and processing capacity is derived as processing time in seconds (see
Section 4.1).

Resource usage follows a discrete billing model commonly used by Cloud
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providers [30] in which charges are rounded up to the nearest billing interval
of duration v;. The billable duration of task TJZ on resource r; is thus given by
uy [t5(r;) /w], bounded below by v, regardless of how short the actual execution
time may be. In the experiments, u; = 60 seconds (per-minute billing) for all
resource types. The leasing cost term of the general cost model in Section 4.1
is thus specialized as ¢} u; [t%(r;) /ur].

For Cloud resources, two scenarios are considered: one with an unlimited num-
ber of resources per type and one with a maximum of 20 resources per type, the
latter keeping the scheduling plan search space tractable [27]. Edge resources
are always limited to 20 resources per type.

Cloud and Edge resources are interconnected via a dedicated link with a band-
width of 200 Mbps. The bandwidth available for data transfers between re-
sources and external data sources or storage devices depends on the resource
layer: Edge resources leverage a bandwidth of 400 Mbps towards external data
sources, while Cloud resources leverage a bandwidth of 20 Gbps towards exter-
nal storage devices. When a data transfer involves two resources with different
bandwidths, the smaller of the two determines the effective transfer rate. A
bandwidth cost of 0.005 USD/GByte is charged for inter-layer data transfers
(i.e., between Cloud and Edge resources), while intra-layer transfers carry no
additional bandwidth cost.

To quantify the performance uncertainty affecting the Cloud-Edge resources, a
variability factor VF is introduced. This factor describes the relative degrada-
tion of resource performance from its nominal (i.e., maximum) value. Under
the probabilistic formulation, the performance parameters V;""*¢, Vlf‘kfer, vin,
and V°"* are random variables sampled uniformly in the interval [nominal x
(1 — VF), nominal|. A variability factor of VF = 0 corresponds to a determinis-
tic scenario in which all resources operate at their nominal processing capacity,
while increasing values of VF introduce progressively wider fluctuations. In
the experiments, values of VF € {0,0.2,0.4,0.6} are considered.

6.1.3 SIMULATION SETTINGS

The multi-objective optimization is solved using the NSGA-II algorithm, se-
lected for both convergence speed and ability to maintain spread and diversity
among the identified solutions. The implementation is built on the jMetal 6.0
framework [163].
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Binary tournament selection is used to choose parent individuals for repro-
duction. The crossover and mutation probabilities are set equal to 0.9 and
0.02, respectively, as determined through a sensitivity analysis based on grid
search, where the mutation probability emerged as the most impactful [164].
The initial population consists of 1,000 individuals generated according to the
strategies described in Section 5.4. The GA terminates after 500,000 evalua-
tions of the fitness function.

The Monte Carlo simulation used for fitness evaluation relies on the SSJ Java
library for stochastic simulation [165]. At each evaluation, the random vari-
ables modeling resource performance are repeatedly sampled to produce em-
pirical probability distributions of the workload execution time and monetary
cost. The simulation employs an adaptive stopping criterion based on the con-
fidence interval of the standard error: trials continue until the 99% confidence
interval falls below a target accuracy threshold, ensuring stable estimates of
the distribution statistics.

Both objectives target the 95™ percentile of their respective probability dis-
tributions.

To benchmark the proposed scheduling strategy against the state of the art, the
experiments include MOHEFT as a baseline.

The scheduling plans are produced offline, before any task is executed. The ex-
periments were run on servers with 48 to 80 logical cores (e.g., Intel Xeon Gold
6146, AMD EPYC 7F72, Intel Xeon Silver 4316 processors); the runs reported
below were allocated eight logical cores each, with several runs executed con-
currently on the same server. The wall-clock time of a complete run of the GA
is about 22 minutes on the 26-task synthetic workloads and about one hour on
the 104-task ones; quadrupling the number of tasks increases the wall-clock
time by a factor of 2.7.

The probabilistic formulation is the dominant cost factor: on the Cycles work-
load, the wall-clock time grows from 4 to 35 hours as the variability factor VF
rises from O to 0.6, because a deterministic fitness evaluation requires a single
simulation trial, whereas a probabilistic one requires several thousand trials to
satisfy the stopping criterion of the Monte Carlo simulation. These times are
compatible with the offline scheduling strategy, in which the scheduling plans
are determined once, before the workloads are executed.
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6.2 Results

The experiments span complementary scenarios that vary the workload
composition, the Cloud-Edge infrastructure configuration, the level of perfor-
mance variability affecting the resources, and the presence of deadlines on
high-priority workflows. Together, they quantify the benefits of allocation in
the Cloud-Edge Continuum, of the interleaving of multiple workflows, and of
the initial population strategies introduced in Section 5.4. The results also
assess the impact of performance variability on the obtained scheduling plans.

6.2.1 BENEFIT OF THE CLOUD-EDGE CONTINUUM

The first set of experiments investigates the benefit of the Cloud-Edge Contin-
uum with respect to provisioning on Cloud-only or Edge-only resources, on a
single workflow and on multiple workflows.

The single-workflow experiment uses the balanced flavor of the IoT data pro-
cessing workflow (CCR = 1) with aggregate input data of 15 GBytes received
from external sources. Figure 6.5(a) reports the Pareto fronts obtained when al-
location is restricted to Cloud-only or Edge-only resources, while Figure 6.5(b)
shows the front identified when scheduling plans can leverage resources from
both layers, that is, the full Cloud-Edge Continuum.

2.0 —o— Cloud 2.0
aLs oy Edge aLs
wn '] wn
=3 H =3
—10 =10
72] w0
o) \ o)
305 \ S
0.0 - 0.0
10° 10* 10° 10*
Execution Time s Execution Time s
(@) Cloud-only and Edge-only (b) Cloud-Edge Continuum

FIGURE 6.5: Pareto fronts for the balanced IoT data processing workflow obtained
with: (a) Cloud-only (light blue) and Edge-only (pink) resources; and (b) the Cloud-
Edge Continuum. The z-axis is in log scale.

The Cloud-only front concentrates at short execution times and high monetary
cost, whereas the Edge-only front reaches much lower costs at considerably
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longer execution times. A pronounced gap separates the two regions, leav-
ing the intermediate tradeoff range uncovered by either tier in isolation. The
Cloud-Edge Continuum closes this gap, producing a Pareto front that spans the
entire cost and execution time range with hybrid scheduling plans combining
resources from both layers.

The same conclusion extends to the scheduling of multiple workflows. Fig-
ure 6.6 shows the comparison of the Pareto fronts obtained for the four syn-
thetic workloads Ly, Loy, L3f,, and L4, when scheduling is restricted to
either Cloud-only or Edge-only resources, with an unlimited number of Cloud
resources per type.
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FIGURE 6.6: Pareto fronts for L, Lof,, L35, and L4, under Cloud-only (orange)
and Edge-only (green) infrastructures. The z-axis is in log scale.

The two scenarios produce substantially different fronts. Cloud-only schedul-
ing plans achieve much shorter execution times than their Edge-only counter-
parts, but at considerably higher monetary cost. Edge-only scheduling plans,
conversely, attain low cost at the expense of much longer execution times.
Within the execution time range covered by both fronts, the Edge-only schedul-
ing plans are markedly cheaper than their Cloud-only counterparts at the same
execution time. The gap between the two fronts widens as the workload size
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grows from one to four instances of fi, since the limited Edge resources become
fully utilized and resource contention increases.

Neither layer alone covers the full tradeoff. Scheduling plans that exploit both
Cloud and Edge resources represent a good tradeoff between execution time
and cost. The remaining experiments therefore consider the full Cloud-Edge
Continuum.

6.2.2 BEHAVIOR ON MULTIPLE WORKFLOWS

The second set of experiments examines how the proposed framework behaves
on the full Cloud-Edge Continuum as the number of workflows per workload
grows and as the per-task processing demands and data volumes increase. The
12 workloads of the first synthetic set, that is, £, for n € {1,...,4} and
i € {1,2,3}, are scheduled with unlimited Cloud resources and Edge resources
limited to 20 per type. In addition, to compare the proposed strategy against
the state of the art, MOHEFT is executed on the same workloads and infras-
tructure configuration.

Figure 6.7 shows that the proposed strategy generally outperforms MOHEFT:
at comparable cost the scheduling plans achieve shorter execution times, and
at comparable execution time they are cheaper, independently of the workload
characteristics.

Within each workload, execution time decreases as monetary cost increases,
with the front spanning over an order of magnitude on the cost axis. Across
workloads, the minimum execution time changes only marginally as the num-
ber of workflow instances grows: for example, the minimum execution time
of Ly, is 498.5 seconds, whereas L, is less than 5.8 seconds longer despite
the number of tasks being four times larger. The maximum execution times in-
stead grow substantially with the total processing demand. Larger workloads
therefore retain comparable best-case execution times while paying for the ad-
ditional processing capacity through higher cost.

Each scheduling plan is analyzed in terms of the number of Cloud and Edge re-
sources allocated. The resulting breakdown is shown in Figure 6.8 as a function
of monetary cost, with the scheduling plans of each workload ordered from the
cheapest to the most expensive.
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FIGURE 6.7: Pareto fronts for the 12 synthetic workloads. Blue dots refer to the
scheduling plans identified by the proposed strategy, red dots to those produced by

MOHEFT. The z-axis is in log scale.

It can be observed that most Pareto-optimal scheduling plans combine Cloud
and Edge resources. While the cheapest scheduling plans rely exclusively on

Edge resources, even the most expensive ones retain a non-negligible usage
of Edge resources. Cost grows with the number of Cloud resources, and this
increase is most pronounced for the more demanding workloads, where the
limited number of Edge resources is no longer sufficient to absorb the (addi-
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F1GURE 6.8: Number of Cloud (orange) and Edge (green) resources allocated by the
optimal scheduling plans for the 12 synthetic workloads, plotted as a function of their

monetary cost.

tional) processing and data transfer demands.

In the more demanding workloads, the Edge resource count decreases in
steps as monetary cost grows. The two Edge types are each capped at 20 re-
sources, so the count starts from its maximum of 40. It first drops to a plateau
near 20, as the lower-capacity Edge type is fully released, and falls below 20
only for the most expensive scheduling plans, where the higher-capacity Edge
type is reduced as well.

To assess the sensitivity of the results to the random components of the GA,
namely the generation of the initial population and the selection, crossover and
mutation operators, 30 runs of the experiment on the 12 synthetic workloads
were performed, changing only the seed of the random number generator. The
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minimum monetary cost is identical in all 30 runs of every workload, whereas
the minimum execution time and the number of non-dominated scheduling
plans vary across runs. The corresponding confidence intervals are nonetheless
narrow: the 95% confidence interval of the mean minimum execution time lies
within 0.6 seconds of the mean, and that of the mean number of non-dominated
scheduling plans (between 415 and 698 depending on the workload) within
21. For every workload, the confidence interval of the minimum execution time
falls entirely below the value achieved by MOHEFT, with a reduction between
15% and 40%. The minimum monetary cost is also lower than that of MOHEFT,
by 1.1% to 1.2%. The advantage of the GA is therefore not due to a particular
seed.

6.2.3 IMPACT OF SEQUENTIAL VERSUS MULTIPLE WORKFLOW
ExEcUTION

The benefit of scheduling multiple workflows over the sequential execution of
independent workflows is quantified by comparing the scheduling of workload
Lyy, for i € {1,2,3} against four sequential runs of Ly,. Figure 6.9 shows
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F1GURE 6.9: Execution times of four sequential standalone workflows (golden) com-
pared to those of the same four workflows interleaved in a single workload (purple),
as a function of monetary cost.

that, at any given monetary cost, the scheduling plans for executing multiple
workflows achieve substantially shorter execution times than the correspond-
ing sequential ones. For example, at a cost of 2 USD, the execution times for
Lay,, Lag,, and L4y, are 34, 60, and 87 minutes respectively, whereas execu-
tion times are roughly three times longer when sequentially scheduling the four
workflows. These reductions demonstrate the ability of the proposed strategy
to efficiently exploit the Cloud-Edge resources by interleaving the execution of
multiple workflows.
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6.2.4 ImpACT OF MIXED WORKFLOWS

The second set of synthetic workloads, Ly, f,, Ly, 5, Lf,1,, and Ly, f,,, com-
bines the three flavors f1, fo, f3 into mixed workloads of two or three distinct
workflows. Figure 6.10 reports the corresponding Pareto fronts.
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FIGURE 6.10: Pareto fronts for the four mixed-workflow synthetic workloads. The
x-axis is in log scale.

The values of the two objective functions for the mixed workloads are very
similar to those of their more demanding component workflow. For example, in
the Pareto front of Ly, 1,, a monetary cost of 1 USD corresponds to an execution
time of 36 minutes, whereas for L, this cost corresponds to an execution time
only one minute greater. For Ly, the corresponding execution time is about
9 minutes.

Figure 6.11 shows that the scheduling plans for L, f,, the least demanding of
the mixed workloads, rely mainly on Edge resources rather than on the Cloud.
Since the Edge is the lower-cost tier, serving most of the workload from it keeps
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F1GURE 6.11: Number of Cloud (orange) and Edge (green) resources allocated by the
optimal scheduling plans for the mixed-workflow workloads.

the monetary cost low, demonstrating the benefit of the Cloud-Edge infrastruc-
ture for scheduling multiple workflows. The proposed strategy copes well with
workloads consisting of multiple workflows by adapting to the characteristics
of the individual workflows.

6.2.5 EFFECT OF THE INITIAL POPULATION

The contribution of the strategies for the choice of the initial population (see
Section 5.4) is assessed by solving the optimization problem with the cus-
tomized initial population with respect to a randomly generated initial pop-
ulation. The two configurations are compared on three workloads of growing
size, namely one, two, and three instances of Ly, f,,, consisting of three, six,
and nine workflows and corresponding to scheduling problems with 78, 156,
and 234 tasks.

Figure 6.12 shows that with the customized version, a larger number of non-
dominated scheduling plans are identified, including some with shorter exe-
cution times and comparable or substantially lower cost with respect to the
baseline ones. The differences between the two fronts become more evident
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FIGURE 6.12: Pareto fronts for one, two, and three instances of Ly, 1, s, obtained with
the customized initial population (red) and a randomly generated initial population
(blue). The x-axis is in log scale.

as the number of tasks of the workloads grows. Overall, the customized ini-
tial population yields a better time-cost tradeoff than the random-initialization
baseline across all three workloads.

For each initial population strategy, the comparison was repeated over 30 in-
dependent runs differing only in the seed of the random number generator.
For all three workloads, the minimum execution time, the minimum cost and
the number of non-dominated scheduling plans obtained across the 30 runs
with the customized initial population improve on those obtained in the best
run with the random one. The customized initial population also yields more
stable results across runs: the minimum cost does not change and the mini-
mum execution time varies by less than 1%, whereas with the random initial
population both vary by more than 10%.

Table 6.5 shows the difference at the extremes of the fronts. For the largest

Customized Random

Workload Min time Min cost Scheduling Min time Min cost Scheduling

[s] [USD] plans [s] [USD] plans
Lt fats 1006 0.21 594 1033 0.31 305
2Ly, fa s 1008 0.42 360 1493 1.30 226
3Lf g 1008 0.63 281 2131 3.10 176

TABLE 6.5: Minimum execution time, minimum cost and number of non-dominated
scheduling plans obtained with the customized and the randomly generated initial
population, as medians over 30 independent runs.

workload, the customized initial population leads to a minimum execution
time less than half than the one obtained with the random one, a minimum
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cost about five times lower, and roughly 1.6 times as many non-dominated
scheduling plans. The customization therefore allows the GA to obtain better
extremes with a wider coverage of the objective space, since those fronts extend
considerably further into the region of long execution times and low cost.

6.2.6 IMPACT OF PERFORMANCE VARIABILITY

The experiments under the probabilistic formulation investigate how the per-
formance variability affecting Cloud-Edge resources influences the identified
scheduling plans. The contributions of processing capacity variability and net-
work bandwidth variability are first examined in isolation on the IoT workflow,
and then jointly on the Cycles and CyberShake workloads.

The single-workflow analysis uses the computation-intensive flavor of the IoT
data processing workflow (CCR = 0.1) scheduled on the Cloud-Edge Contin-
uum. Variability is introduced separately in the processing capacity of the re-
sources and in the network bandwidth. Figure 6.13 reports the corresponding
Pareto fronts.

" —e— No variability
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) i VF = 0.3
220 2.0 —o— VF=0.6
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FIGURE 6.13: Pareto fronts for the computation-intensive IoT data processing work-
flow as a function of the variability introduced separately in (a) the processing capacity
and (b) the network bandwidth of the infrastructure. The z-axis is in log scale.

Figure 6.13 shows that, as expected, the variability of the processing capac-
ity strongly affects the Pareto fronts, whereas the variability of the network
bandwidth has more limited effects.

The next experiments switch to the Cycles (£4) and CyberShake (Lg) work-
loads, applying a single variability factor VF to both processing and network
parameters. Both Cloud and Edge resources are now limited to 20 resources
per type, reflecting the leasing budget constraints of production environments.
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FIGURE 6.14: Pareto fronts for the Cycles (£4) and CyberShake (£s) workloads as a
function of the variability factor VF. The z-axis is in log scale.

Figure 6.14 shows that both execution times and monetary costs grow with
VF. At VF = 0.6, the shortest execution times for the Cycles and CyberShake
workloads are 82 and 96 seconds respectively, roughly twice those obtained
without variability, while their costs remain comparable.

For a given execution time, the cost gap widens with VF: at an execution
time of approximately 210 seconds for the Cycles workload, the monetary cost
grows from 0.28 USD at VF = 0 to 2.4 USD at VF = 0.6, an order of magnitude.

6.2.7 ImMmPACT OF DEADLINE CONSTRAINTS

To reproduce a scenario in which a high-priority workflow must complete
within a pre-defined time frame, a deadline dy, € {20,40,60} seconds is
imposed on f4,, the least demanding of the three Cycles flavors composing
L 4, while the workload as a whole is optimized for execution time and cost.
The other two flavors remain unconstrained. The variability factor VF takes
again the values 0, 0.2, 0.4, and 0.6.

Figure 6.15 shows that tighter deadlines push the front toward higher cost,
since the most powerful and expensive resources must be allocated in larger
numbers to satisfy the deadline. The shift becomes more severe as VF grows,
because the percentile-targeted formulation must account for the worst-case
execution times of the constrained workflow.

Table 6.6 reports the resource breakdown of three scheduling plans, all refer-
ring to an execution time of approximately 200 seconds at VF = 0.2, under
the three deadlines. The 20-second deadline drives the allocation toward 18
Cloud-4XLarge resources, while the 40- and 60-second deadlines require only
three and two of them, respectively. The cheaper Cloud and Edge resource
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FIGURE 6.15: Pareto fronts for the Cycles workload £ 4 under three deadlines on
workflow f4, and four variability factors.

counts are largely unchanged across the three scheduling plans. The corre-
sponding monetary costs are 1.82 USD for the 20-second deadline against 0.93
and 0.88 USD for the looser ones.

The final experiment investigates how the workflow chosen as deadline-
constrained affects the Pareto front of the CyberShake workload. The deadline
is fixed at 70 seconds, and is applied to one of the three flavors fg,, fs,, fs, at
a time, with VF € {0.2,0.4,0.6}.

Cloud Edge

df, [s1 4XLarge 2XLarge Large Medium Large Small

20 18 0 13 17 20 17
40 3 3 10 20 20 16
60 2 6 10 20 20 14

TaBLE 6.6: Cloud and Edge resource counts for three scheduling plans of the Cycles
workload that refer to an execution time of approximately 200 seconds, as a function
of the deadline on its least demanding flavor, with a variability factor of 0.2.
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FIGURE 6.16: Pareto fronts for the CyberShake workload £ g obtained by constraining
one workflow at a time with a deadline of 70 seconds, for three variability factors.

Figure 6.16 shows that the Pareto front depends strongly on which workflow
is constrained. Constraining workflow fg,, whose processing demand is the
largest among the three flavors, produces the most expensive scheduling plans,
since the deadline can be satisfied only by allocating the most powerful re-
sources. The cost penalty grows with VF, and at VF = 0.6 the GA no longer
identifies any feasible scheduling plan for the constrained fg,. Constraining fs,
or fg, instead always yields feasible scheduling plans, although their time-cost
tradeoffs degrade with VF.



CHAPTER 7

AUTOSCALING FRAMEWORK

This chapter presents the detailed solution approach of the predictive autoscal-
ing framework introduced in Section 4.4.

The framework combines a workload predictor for forecasting the incoming
arrival rate, a capacity estimator for determining the required capacity to han-
dle the predicted load, and the scaling policies for issuing the corresponding
provisioning actions.
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7.1 Workload Predictor

The workload predictor forecasts the future arrival rate, allowing scaling deci-
sions to take effect before the predicted demand materializes.

Among the available techniques (e.g., linear regression, polynomial regression,
Auto-Regressive Integrated Moving Average, recurrent neural networks), poly-
nomial regression is adopted as its fitting reduces to a small least-squares prob-
lem with minimal overhead.

More precisely, the model is fitted on historical arrival rates \; observed at
M equally spaced time slots ¢; (i = 1,..., M) of duration . The arrival rate 5\j
at the future slots t; (j = M +1,..., M + h) is then predicted, where £ is the
time horizon, i.e., the number of time slots ahead for the prediction, set equal
to the VM boot time.

In particular, the arrival rate is modeled as a polynomial function of time:

Ni = ag + art; + ast? + - + agt?

where the coefficients ag, a1, . .., aq are obtained by least-squares fitting on the
historical data. Figure 7.1 illustrates the procedure in an example where five

® Measures [ 4
800 e Predictions

780 [

760

Arrival Rate [reqs/s]

740

0 60 120 180 240 300 360
Time [s]

FiGURE 7.1: Example of a polynomial model fitted to a window of arrival rates, with
forecasts beyond the fitting window.

minutes of a workload are sampled every 6 = 15 seconds, yielding M = 20
arrival rate measurements (blue dots), fitted with a polynomial of degree two.
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The fitted model is then evaluated at later time slots to produce the forecasts
5\j (red dots).

Model fitting involves normalizing the time values to ensure numerical stability
of the least-squares method. In particular, the time values are normalized in
the interval [0, 1] to ensure that all powers of ¢ remain bounded by one.

The model is continuously updated by using a rolling window of the M most
recent measurements of the arrival rate. When a new measurement is available,
the oldest one is discarded and the polynomial coefficients are recomputed on
the updated window. Figure 7.2 illustrates the procedure across three consec-
utive time slots for M = 6, with the latest observation entering the window at
each slot highlighted in green.

’ A4 ‘ As ‘ A6 Ao model at time tg

)\7‘)\3

’ A3 As model at time tg

)\4‘)\5‘)\0‘)\7

BERBRE

A7 ‘ model at time 7

>

t1 to ts ty ts te 174 ts tg Time

Ficure 7.2: Rolling window update of the workload predictor across three consecu-
tive time slots, with six arrival rate observations per window.

The size of the window M governs a trade-off between responsiveness and
stability. A smaller window makes the predictor more sensitive to recent fluc-
tuations, enabling faster adaptation to abrupt load changes but increasing the
influence of noise. A larger window smooths out short-term variability and
yields more stable forecasts, at the cost of slower adaptation to trend shifts.
The choice of M is therefore a tuning parameter whose value is determined
experimentally. Regardless of the window size, the predictor assumes that the
arrival rate follows a pattern that can be approximated by a low-order polyno-
mial. When the arrival rate is highly volatile, a low-order polynomial cannot
capture its variations within the window and the forecasts can change appre-
ciably between consecutive invocations; the policy then follows the arrival rate
through more frequent scaling actions.
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7.2 Resource Selector

The resource selector translates the arrival rate forecasts \ into provisioning
actions. By applying the request backlog propagation procedure described in
Section 4.4, it predicts the expected utilization of the allocated resources under
the incoming workload and compares it against the desired level U™, deter-
mining whether additional capacity is required to absorb excess demand or
whether the allocation can be reduced.

Two policies act on this estimate: scale-out adds resources when demand is
expected to exceed the available capacity, while scale-in releases resources once
they become unnecessary.

7.2.1 ScALE-OUT POLICY

Since the resources being allocated at slot : may only become available at slot
i + h, the scale-out policy predicts the required number of resources R, at
the horizon.

The pseudo-code in Algorithm 3 formalizes the method for predicting the re-
quired number of resources used in the scale-out policy. It can be observed, at

Algorithm 3 Resource prediction for the scale-out policy

Require: i: current slot at time ¢;
Require: ;: rolling window of the last M measured arrival rates
Require: ();: measured backlog of requests at time ¢;
Require: R: number of Cloud resources allocated at time t;, (j =4,...,7+ h)
Require: h: number of time slots ahead for the prediction
Require: S: request service demand
Require: U™': desired utilization level
Ensure: R,-Jrh: The number of required Cloud resources at time ¢;,
1. arrivalModel.fit(W;) > Workload prediction

2: A\j+p < arrivalModel.predict(t;, )

3: QHh <+ BACKLOGPROPAGATION(i, h, arrivalModel, Q;, R, S)

4: Ni+h — Qi+h + 5\i+h 1) > Requests to be processed at the horizon
50 Xipn < Nign /6 > Predicted throughput
6: UHh — XHh S > Predicted utilization
70 Rip, < [Uign / U™ > Required number of resources

line 6, how the predicted utilization lies at the core of the policy, computed
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through the utilization law (see Section 4.4) from the request service demand
S and the predicted throughput X;_ .

However, while the service demand is directly derived from the processing
capacity of the resources, the throughput is not: steady-state conditions cannot
be assumed at the horizon since the allocated resources may be insufficient to
process all incoming requests within a time slot.

Hence, to estimate the throughput, the predicted arrival rate as well as the
backlog of unprocessed requests are first computed at the time horizon at line 2
and line 3, respectively.

The number of resources R;.j, required to keep the resource utilization at the
desired level is then obtained at line 7 as the ratio between the predicted uti-
lization UHh and the desired utilization level U™ rounded up to the nearest
integer.

The pseudo-code of the procedure used to estimate the backlog of unprocessed
requests (;, at the horizon is given in Algorithm 4.

Algorithm 4 Backlog propagation

Require: ();: measured backlog at time ;
Require: \: predicted arrival rate
Require: R: number of Cloud resources allocated at time t;, (j =4,...,7+ h)
Require: ¢: time slot duration
Require: S: request service demand
Require: h: number of time slots ahead for the prediction
Ensure: Q,,: predicted backlog at time ¢;_,
1: function BACKLOGPROPAGATION(Q;, A\ R,S,5,h)
2 Qj < Qi
3 forj=i+1toi+ hdo
4 Nj — Qj,l + 5\j ) > Requests to be processed
5: Cj < (R;/S)d > Maximum processable requests
6 if N j > éj then
7 Qj Nj — éj > Backlog propagation
8 else
9: Qj ~0
10: end if
11: end for
12 return Q;
13: end function
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The procedure operates in discrete steps, starting from the measured backlog
QQ; at the time slot 7 the autoscaler is invoked (line 2). It iterates over the future
time slots j = i+1,...,i+h, by computing the number of unprocessed requests
Nj (line 4) at each slot as the sum of the backlog Qj_l propagated from the
previous slot and the predicted arrivals ;\j ¢ in the current slot.

Nj is then compared against the maximum number of requests éj that can
be processed by the allocated resources during the slot, thereby updating the
backlog Qj (line 7): if the allocated resources can absorb all pending requests,
the backlog vanishes; otherwise, the surplus propagates to the next slot. The
final value Q;_, is the predicted backlog at the horizon.

A critical aspect concerns the accounting of in-progress provisioning actions in
R;. The quantity reflects not only the currently allocated resources but also
those whose provisioning was requested at earlier slots and whose boot is ex-
pected to complete by time slot j. A scale-out decision issued at slot ¢ — 2, for
instance, provisions resources that become available at slot 7 + h — 2, and these
count toward R;, . In practice, the autoscaler keeps track of the expected allo-
cation timeline by recording for each provisioning request the time the VM is
expected to become available, which is equal to the request slot plus h; newly
requested resources are counted as available only once h slots have elapsed.

7.2.2 ScALE-IN pPoOLICY

In the context of scale-in actions, the resource selector adopts a more conser-
vative approach that avoids "early" resource deallocation. Service providers
often tolerate some over-provisioning to maintain QoS. Consequently, scale-in
requires the following conditions to hold across every time slot within the con-
sidered time horizon:

1. no scale-out action is in progress;

2. the predicted utilization remains below the desired level U™;

3. the system exhibits persistent over-provisioning.
The third condition is verified by computing the largest number of resources
that can be released without pushing the predicted utilization above U™’ at
any slot within the horizon. This quantity is denoted AR°¥*" and equals the

smallest excess between the resources R; allocated at slot j and the predicted
R; across all future slots:
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AR = min (R; - )
j=it1,..ith

Taking the minimum binds the deallocation to the most demanding slot in the
horizon: releasing any larger amount would leave that slot under-provisioned.

Algorithm 5 reports the procedure for computing AR°V". At each future slot,

Algorithm 5 Number of overprovisioned resources

Require: i: current slot at time ¢;
Require: W;: rolling window of the last M measured arrival rates
Require: (Q;: measured backlog of requests at time ¢;
Require: R: number of Cloud resources allocated at time t;, (j =4,...,7+ h)
Require: h: number of time slots to be checked for over-provisioning
Require: §: time slot duration
Require: S: request service demand
Ensure: ARC°®": number of resources safe to deallocate
1: arrivalModel.fit(1V;)
2: ARV «+— +o0
3: forj=i+1toi+ hdo
)\,  arrivalModel.predict(t;)
N j Qj—l + ;\j 0
X j = N j / 1)
f[ j = X J S
Ry « [U; ) U™
AR + min(AR™*, R; — R))
10: Qj <0 > Under the assumption that no resources are saturated
11: end for

0PN R

the predicted Rj is derived through an approach similar to the one used in the
scale-out policy: from the predicted arrival rate 5\j, the number of requests Nj
to be processed in the slot, the predicted throughput X j,» and the predicted
utilization Uy, the required resource count is obtained as R; = [U;/U™!]. The
excess R; — R]- is then evaluated and the minimum updated.

In contrast to the scale-out policy, the requests left unprocessed at the end of
each slot are not carried over to the next one, and the backlog is assumed to be
zero: since deallocation is only considered when persistent over-provisioning
is expected, no resource is saturated and no backlog accumulates from one slot
to the next.

The zero-backlog assumption is however limited to a single invocation: at
the next time slot the scale-out policy starts again from the backlog measured
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on the system, so a burst arriving after a scale-in has been decided is detected
within one slot and additional resources are requested regardless of any scale-in
or cool-down in progress.

When A R°V" is positive, the resource selector triggers a scale-in by deallocating
ARV resources; otherwise, the allocation is left unchanged.

7.3 Heterogeneous Resource Selection

When VMs span multiple types, the resource selector no longer issues a single
desired resource count but identifies a mix of VM types that meets the required
capacity. However, the identification of the correct mix introduces a combina-
torial problem, since the same required capacity can be obtained from many
combinations of resource types with different processing capacities and leasing
costs.

The resource selector addresses this through an offline enumeration of candi-
date mixes of heterogeneous VMs, called buckets. A bucket is a combination
with repetition of up to B VMs drawn from the K available types, described
by the per-type counts Ry,..., Ry subject to Zle Ry < B. Each bucket is
characterized by two aggregate values for processing capacity and leasing cost,
computed as the sum of the contributions of the included VMs.

The total number of buckets is Zf; 1 (K +l.i*1), obtained by summing, for each
bucket size i from 1 to B, the number of size-k combinations with repetition
from the K types. Because this set depends only on the resource catalog and
on B, it is built before the autoscaler begins operating and reused at every
invocation.

At runtime, buckets are selected by taking into account the current resource
allocation. By comparing the processing capacity of the VMs allocated at time
slot ¢+ + h with the predicted processing capacity, the autoscaler determines
whether and to what extent scaling should be performed.

For scale-out, resources are selected from the bucket with the smallest ca-
pacity and minimum cost that ensures the workload requirements. In the case
of a scale-in action, the mix of VMs to be deallocated is selected according to
their capacity and cost starting from the most powerful and expensive until the
desired capacity is reached.
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It is remarked that when heterogeneous resources are allocated, the incom-
ing requests are distributed across the allocated resources through a weighted
round-robin policy.



CHAPTER 8

EXPERIMENTAL EVALUATION OF
AUTOSCALING

The proposed Load-Aware Predictive autoscaling framework described in Chap-
ter 7 is evaluated in simulations leveraging synthetic and real workloads. Three
baseline policies provide the points of comparison; namely one reactive and
two static. For each experiment, both the service quality delivered to end users
through the response time of the requests and the cost incurred by the provider
through the total VM leasing time are quantified.

112
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8.1 Experimental Setup

The experimental setup considers different scenarios under varying workload,
Cloud infrastructure, and framework configuration.

8.1.1 WORKLOADS

Two types of workloads are considered. Synthetic workloads are used to stress
the proposed autoscaling framework under distinct, time-varying arrival rates,
while real workloads are used to test the framework under the fluctuating de-
mand observed in deployed services.

SYNTHETIC WORKLOADS

Three synthetic workloads are considered, each characterized by a different
time-varying arrival pattern, shown in Figure 8.1. The increasing workload
(Figure 8.1a) is characterized by an arrival rate that grows linearly from 100
to 4,500 requests per second over a one-hour interval. The periodic workload
(Figure 8.1b) consists of two periods of a sinusoidal pattern, each ranging from
100 to 3,600 requests per second, over a four-hour interval. The unpredictable
workload (Figure 8.1c) does not follow any predefined pattern and is charac-
terized by an arrival rate varying between 1,600 and 3,850 requests per sec-
ond over a two-hour interval. Their main characteristics are summarized in
Table 8.1.
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F1GURE 8.1: Arrival patterns of the synthetic workloads.

For all three synthetic workloads, requests are homogeneous, with a processing
demand of 10 MI for each request.
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Arrival rate Number of
Workload  Min Max requests  Duration
[reqs/s]  [reqs/s] [hours]
Increasing 100 4,500 8 x 109 1
Periodic 100 3,600 26 x 106 4
Unpredictable 1,600 3,850 19 x 109 2

TaBLE 8.1: Characteristics of the synthetic workloads considered in the experiments.

ReEAL WORKLOADS

The two real workloads provide realistic arrival dynamics drawn from opera-
tional systems.
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FIGURE 8.2: Arrival patterns of the real workloads.
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The first (Figure 8.2a) is a 24-hour trace collected from a flight seats availabil-
ity service [166], obtained by monitoring a set of consolidated VMs running on
a single physical machine and sharing all its hardware and software resources.
The arrival rate follows a diurnal pattern ranging from 600 to 15,800 requests
per second, for a total of about 693 million requests. Request processing de-
mands span 6.3 to 15.7 MI; with about 99.5% of the requests in the 8 to 14 MI
range.

The second real workload (Figure 8.2b) is drawn from the Amazon Redset
dataset [167], which collects three months of user-query metadata from a
sample of clusters in the Amazon Redshift fleet. The chosen pattern refers
to the requests received by cluster 96 during two hours from 17:30 on March
5, 2024, for a total of 296,015 requests at an average rate of 41.11 requests
per second. As can be seen from the figure, the pattern is characterized by an
initial high-load phase with several fluctuations and a sudden sharp drop, and
is representative of the daily behavior of the cluster over the three-month ob-
servation period. Each request is assumed to process 1,000 MI on the simulated
infrastructure.

8.1.2 CLouD INFRASTRUCTURE

Two infrastructure configurations are considered. The first one consists of ho-
mogeneous resources and serves as the baseline for the evaluation of the predic-
tive behavior of the framework. It provides an unlimited number of VMs with
processing capacity p = 1,000 MIPS. The total VM leasing time is proportional
to the monetary cost and is therefore adopted as the cost metric.

The second infrastructure consists of heterogeneous resources and exercises
the bucket-based selection mechanism described in Section 7.3. It provides four
VM types with distinct processing capacity and leasing cost with up to twenty
resources allocatable per type. Its characteristics are summarized in Table 8.2.
Since leasing costs differ across VM types, leasing time is no longer proportional
to monetary cost; the cost metric is therefore obtained by weighting the leasing
time of each VM by the per-hour rate p; of its type. Candidate buckets are
annotated with their cost under a minimum leasing duration of two minutes,
equal to the boot time plus a minimum allocation time of 60 seconds enforced
after provisioning.
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Cores Processing capacity Leasing cost Max

Type Vi g [MIPS] pr [USD/hr] R
Small 1 500 0.06 20
Medium 2 1,000 0.11 20
Large 4 1,600 0.14 20
XLarge 4 2,000 0.20 20

TaBLE 8.2: Characteristics of the heterogeneous VM catalog used in the experiments.

The boot time is equal to 60 seconds, corresponding to h = 4 time slots given
the invocation interval 6 = 15 seconds.

It is remarked that, in both configurations, the deallocation of a VM is delayed
by the time required to complete the requests being processed on the VM being
removed.

8.1.3 FRAMEWORK AND SIMULATION SETTINGS

The evaluation relies on a simulator built on top of the CloudSim toolkit [168],
a standard tool for modeling and simulating Cloud computing environments.
In particular, CloudSim is extended with the Broker, Scheduler, Autoscaler, and
Monitor components required to implement the proposed framework and the
baselines. The architecture is illustrated in Figure 8.3.

The Broker is the central component of the simulator and orchestrates the
other elements: it receives requests from the incoming workload and forwards
them to the VMs in the datacenter selected by the Scheduler according to a
weighted round-robin policy.

The Autoscaling component executes, at each control cycle, the scaling algo-
rithms of Section 7.2 or a baseline policy, and notifies scaling decisions to the
Broker, which in turn operates on the datacenter.

The Monitor component records request arrivals and completions, resource
allocations and deallocations, and the times at which they occur. This infor-
mation is both used by the Broker to make informed decisions and written
into a log file, used for offline analysis of the behavior of the framework and
computation of the performance metrics.

In the experiments, the autoscaler is executed every § = 15 seconds. At each
execution, the predictor is fitted on a rolling window of 20 arrival rate observa-
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FiGURE 8.3: Architecture of the autoscaling simulation environment.

tions covering the most recent 300 seconds, and produces a workload forecast
at a horizon of 4 time slots matching the 60 seconds boot time of the VMs.

The desired utilization level is set to U™ = 0.8, and a minimum of two VMs
is maintained active regardless of the predicted demand; in the heterogeneous
configuration, the smallest type VMs are selected. The first 600 seconds are
discarded from each simulation as warm-up to exclude transient effects in the
collected measurements.

The polynomial degree of the predictor (see Section 7.1) is chosen separately
for each workload by applying forward nested model selection with a maximum
degree of five to prevent overfitting, which would produce unstable forecasts
and oscillations in the allocated resources under highly fluctuating workloads.
A polynomial of degree two, that is A(t) = ag + a1t + aat?, is selected for the
synthetic and flight seats availability service workloads. Instead, for the Redset
workload, a polynomial of degree one (i.e., linear regression) is selected.

Table 8.3 summarizes the configuration parameters common to all experiments
together with those specific to the heterogeneous setting.

Three settings are specific to the heterogeneous infrastructure. First, each
bucket consists of a mix of up to B = 10 VMs, yielding Z,iozl (4%71) = 1,000
candidate buckets enumerated offline before the autoscaler begins operating.
Second, a cool-down time of one minute, corresponding to the minimum time
between a scale-out and a subsequent scale-in, prevents oscillations in the al-
location. Third, incoming requests are dispatched to allocated resources via



CHAPTER 8. EXPERIMENTAL EVALUATION OF AUTOSCALING 118

Scenario Parameter Value
Time slot duration 15 seconds
Prediction horizon 4 slots
History window 20 slots
Common . L
Desired utilization level 0.8
Minimum allocated resources 2
Simulation warm-up time 600 s
Maximum VMs per bucket 10
Heterogeneous o . .
Cool-down / minimum allocation time 60s

TaBLE 8.3: Autoscaler and simulation parameters. The Common group applies to all
experiments; the Heterogeneous group lists parameters specific to the heterogeneous
configuration.

weighted round-robin with weights proportional to per-type capacity s, equal-
izing the per-resource utilization across types as required by the capacity esti-
mator of Section 7.3.

The effectiveness of the framework is assessed through metrics related to the
cost of the provisioned VMs and to the QoS delivered to end users. The cost is
measured as the total VM leasing time under the homogeneous configuration,
and as the sum of the per-type leasing times weighted by the per-type rates
cost pi under the heterogeneous configuration. The QoS is expressed by the
response time of each request, i.e., the time elapsed between the arrival of a
request at the system and the completion of its processing; providers must keep
this quantity low to satisfy the levels agreed with end users in their SLAs.

To estimate the overhead of the policy, the time spent by all its invocations and
the fraction of invocations leading to a scaling action are also recorded.

8.2 Results

The evaluation proceeds in five parts. The homogeneous framework is first
compared against the reactive and static baselines on the synthetic workloads,
then on the real flight seats workload. A sensitivity analysis follows, varying
the desired utilization level to characterize its effect on cost and response time.
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The heterogeneous configuration is examined last, both in isolation and against
its homogeneous counterpart.

8.2.1 COMPARISON WITH BASELINES ON SYNTHETIC WORKLOADS

The first experiment consists in evaluating the framework in the homogeneous
configuration against three baseline policies, namely the reactive Average Load
policy and the MID and MAX static provisioning strategies [100]. Average Load
scales in or out whenever the average utilization of any VM over a 75 seconds
window exceeds 0.8 or falls below 0.4, respectively. In turn, MID and MAX allo-
cate a fixed number of VMs required to process the average and the maximum
load of each workload, respectively.

Experiments are performed on the increasing, periodic and unpredictable syn-
thetic workloads previously discussed. Table 8.4 reports, for each policy, the
minimum and maximum number of allocated VMs observed during the simu-
lation, the number of scaling actions, the total VM leasing time, and the mean,
standard deviation, and maximum of the response time distribution. It can

Workload Policy VMs  Scaling Leasing Response time [ms]
Min-Max actions [min] Mean Std. Dev. Max
Load-Aware 11-57 45 1,743 10.2 0.5 26.5
. Average Load 11-50 39 1,545 10.7 1.2 36.3
Increasing
MID 29-29 - 1,450 85,162.2 111,814.7 372,721.3
MAX 57-57 - 2,850 10.1 0.2 17.3
Load-Aware 2-45 169 5,751 10.3 1.0 97.3
.. Average Load 2-46 173 6,302 135.4 415.9  2,554.5
Periodic
MID 24-24 — 5,520 459,297.3 363,901.2 974,606.3
MAX 45-45 - 10,350 10.1 0.3 61.6
Load-Aware 21-50 213 3,825 10.3 0.7 33.7
Unpredictable Average Load 31-44 13 4,179 10.1 0.4 22.7
P MID 33-33 - 3,960 2,681.5 7,139.9 32,020.4
MAX 49-49 - 5,880 10.1 0.2 14.3

TaBLE 8.4: Comparison of the performance of the Load-Aware Predictive policy and
of the three baselines on the synthetic workloads.

be observed that, across the three workloads, the Load-Aware Predictive pol-
icy attains response times comparable to MAX provisioning at a substantially
lower leasing time, and outperforms MID by several orders of magnitude on
response time even though MID yields a slightly lower leasing time on the in-
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creasing (16.8% lower) and periodic (4% lower) patterns. The response time
value reflects the inability of MID to absorb the workload whenever the arrival
rate exceeds its static sizing, while MAX incurs a leasing time between 1.5 and
1.8 times that of the policy with comparable response times.

For the unpredictable workload (which offers no regular pattern for the pre-
dictor to exploit), the policy remains competitive with respect to Average Load
in both leasing time and response time, at the expense of 213 scaling actions
against 13 to keep up with the fast-changing arrival rate.

Figure 8.4 shows the evolution of the number of allocated resources under the
proposed policy and the Average Load baseline, together with the arrival rate of
each workload. The number of VMs allocated by the Load-Aware Predictive pol-
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FiGure 8.4: Workload arrival rate (yellow line) and number of VMs allocated by the
Load-Aware Predictive (blue solid line) and Average Load (blue dashed line) policies
on the synthetic workloads.

icy closely follows the arrival pattern of each workload, whereas Average Load
lags behind: the predictor anticipates upcoming changes in the arrival rate and
adjusts the allocated resources to maintain the desired utilization level, while
the reactive baseline responds to past changes, resulting in delayed scaling ac-
tions, longer response times and higher VM leasing time. The effect is most
pronounced on the periodic workload, where the timely scaling actions of the
policy yield a leasing time about 10% lower than that of the Average Load base-
line, while the delayed scale-out actions of the latter cause resource saturation
that raises the mean response time by more than one order of magnitude.

It has to be remarked that the computational overhead of the policy, measured
on an Intel Core i7-9700K workstation, averages about 3 ms per invocation.
This is a negligible fraction of the 15 s control cycle: the entire periodic exper-
iment completes in roughly six minutes of wall-clock time.
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8.2.2 COMPARISON WITH BASELINES ON THE FLIGHT SEATS
WORKLOAD

To further investigate the effectiveness of the Load-Aware Predictive policy in
a realistic scenario, a second experiment evaluates it on the flight seats avail-
ability workload against the reactive Average Load baseline, using the same
infrastructure. The results are summarized in Table 8.5: as for the synthetic

Load-Aware Predictive Average Load

Leasing time [h] 2,627 2,994
Scaling actions 1,567 362
Effective invocations [%] 27.4 6.3

Response time [ms]

Mean 10.8 210.3
Std dev 1.4 2,813.4
Min 6.3 6.3
Max 52.3 51,657.0

TaBLE 8.5: Comparison of the performance of the Load-Aware Predictive policy
against the Average Load baseline on the flight seats availability workload.

workloads, the Load-Aware Predictive policy substantially outperforms the Av-
erage Load baseline. Notably, the total VM leasing time of the policy, equal
to 2,627 hours, is 12% shorter than that of the baseline, thanks to the 1,567
scaling actions that timely adapt the number of allocated VMs to the diurnal
pattern. The benefit is also reflected in the mean response time, one order of
magnitude shorter than that of the baseline, whose slow reaction to changes in
the arrival rate causes resource saturation and large response times.

8.2.3 ImpacT OF THE DESIRED UTILIZATION LEVEL

A third experiment is aimed at evaluating the impact of the desired utilization
level U™ on the scaling decisions. To this end, the flight seats availability
workload is simulated with U™ varied between 0.5 and 0.95. Low values
prevent resource saturation caused by workload prediction errors or sudden
arrival rate spikes, although these advantages come at the expense of a larger
number of allocated VMs and longer leasing times.
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Figure 8.5 reports the number of allocated VMs over the 24-hour trace for each
value of U™, It can be observed that all the curves follow the diurnal pattern of
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FiGURE 8.5: Number of allocated VMs over 24 hours by varying the desired utilization
level on the flight seats availability workload.

the arrival rate, with their amplitude differing substantially across utilization
levels. Low values of the desired utilization level lead to over-provisioning: the
framework allocates up to 343 VMs at peak and 175 on average at U™ = 0.5.
On the other end, the average allocation drops to 97 and 92 VMs at U™f =
0.9 and 0.95, with a peak as low as 181 in the latter case, leading to under-
provisioning.

The choice of U™f also impacts the response time distribution, as shown in Ta-
ble 8.6. To further observe the effects of the different utilization levels, Fig-
ure 8.6 plots the 99 percentile of the response time distribution as a func-
tion of the total VM leasing time, and of U™. The curve exhibits a knee at
Uref = 0.8: below this value, over-provisioning keeps response times low at the
expense of a higher total leasing time, while above it the allocated resources
approach saturation and the response time deteriorates rapidly. The knee value
represents a good tradeoff, and is therefore adopted as the default U™ in the
other experiments.

8.2.4 ImpPACT OF HETEROGENEOUS RESOURCES

Additional experiments evaluate the framework in the heterogeneous config-
uration on the Amazon Redset workload. The characteristics of the VMs are
summarized in Table 8.2. The desired utilization level U¢f is 0.8.
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Response time

Utilization Level Uref

[ms] 0.50 0.60 0.70 0.80 0.90 0.95
Min 6.3 63 63 6.3 6.3 6.3
First quartile 9.7 9.7 9.7 9.7 9.9 10.4
Median 10.7 10.7 10.7 10.8 11.2 11.8
Third quartile 119 119 119 119 124 13.3
90th percentile 12.7 12.7 12.7 12.8 13.4 15.3
95t percentile 13.1 13.1 13.1 13.2 14.1 16.9
9gth percentile 13.7 13.7 13.7 13.9 16.3 20.8
99.9™h percentile 14.1 14.1 14.3 158 20.7 29.1
Max 23.2 30.3 31.8 523 101.5 3,127.9

TaBLE 8.6: Response time distribution on the flight seats availability workload as a
function of the desired utilization level.
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FIGURE 8.6: 99" percentile of the response time distribution as a function of the total
VM leasing time for different values of the desired utilization level on the flight seats

availability workload.

Table 8.7 reports, for each VM type, the average and maximum number of allo-
cated VMs together with its contribution to the overall leasing cost on the Red-
set workload. Notably, to cope with the workload fluctuations, the framework
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Allocated VMs  Cost
Avg. Max [USD]

Small 9.33 20 1.08
Medium 17.08 20 3.30
Large 4.99 18 1.28
XLarge 13.44 20 4.74

Overall 40.86 60 10.40

TaBLE 8.7: Per-type allocation statistics on the Redset workload under the heteroge-
neous configuration.

allocates up to 20 VMs of every type except Large, while the average number
varies from 4.99 to 17.08. The per-type contribution to the total leasing cost
also varies substantially across VM types.

Figure 8.7 shows the breakdown of allocated VMs by type over time as a stacked
plot, where the total height corresponds to the number of allocated resources
and each band to the count of one VM type. The autoscaler distributes the

BN small W medium W large WM xlarge

VM Count
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Ficure 8.7: Breakdown of the number of VMs allocated by the autoscaler on the
Redset workload.

allocation across the four VM types to track the sudden changes in the arrival
rate, with each type contributing differently. For instance, after an initial allo-
cation of about 18 Large VMs during the first 40 minutes, their number drops
sharply and even reaches zero. In contrast, the autoscaler relies more heavily
on Medium VMs, whose processing capacity is closer to the predicted demand
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and offers more flexibility in bucket selection; similar reasoning applies to the
Small VMs.

Another metric considered for analyzing the autoscaler behavior is the utiliza-
tion of the allocated VMs. Figure 8.8 shows the average utilization measured
over 437 time slots of 15 seconds each. The figure shows that the utilization

Utilization

900 1800 2700 3600 4500 5400 6300 7200
Time [

F1GURE 8.8: Average utilization of the allocated VMs per 15 second interval on the
Redset workload. The red line refers to the desired utilization level of 0.8.

varies with time. Overall, the average utilization is 0.74, slightly below the
target of 0.8. The autoscaler tends to over-provision in 256 slots, where the
utilization drops to an average of 0.63, while in the remaining 181 slots it
under-provisions and the utilization exceeds the target, reaching an average of
0.89.

8.2.5 CoOMPARISON OF HETEROGENEOUS AND HOMOGENEOUS
RESOURCES

Finally, to assess the benefit of leveraging heterogeneous VMs with respect to
a single VM type, the framework is evaluated on the Redset workload under
four homogeneous configurations, each restricted to one of the four VM types.
Table 8.8 summarizes the performance of the autoscaler for these configura-
tions, and for the heterogeneous scenario for comparison. As expected, the
performance of the homogeneous scenarios depends on the VM type. The per-
formance, in terms of number of violations and monetary cost, achieved by
the Small and Medium VM types is worse than that of the VM mix. For the
two remaining scenarios, the performance is better in terms of cost and viola-
tions, respectively. The heterogeneous scenario is nonetheless preferable as it
provides a good performance tradeoff and allows the autoscaler to automati-
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Avg. Number of  Cost

S i T
cenaro ype utilization  violations [USD]
Small 0.73 196 12.25
Homogeneous Medium 0.74 195 11.16
& Large 0.72 184  8.98
XLarge 0.72 173 10.39
Heterogeneous — 0.74 181 10.40

TaBLE 8.8: Heterogeneous against single-type configurations on the Redset workload.

cally allocate the most appropriate mix of VMs without requiring Cloud users
to manually identify the "best" VM type for their workloads.



CHAPTER 9

CONCLUSION AND FUTURE
WORK

Resource management in Cloud and Cloud-Edge environments is a critical prob-
lem as resource allocation directly affects workload performance and cost. This
thesis addressed two research problems in this domain: workflow scheduling
and predictive autoscaling.

In the context of workflow scheduling, to minimize the execution time of work-
flows and the monetary cost of the resources, a probabilistic multi-objective
optimization problem was formulated. The novel aspect of this work is the
joint scheduling of multiple workflows, whose scheduling plans allow a better
exploitation of the resources by interleaving the executions of tasks belonging
to different workflows.

As the number of possible solutions makes the exact optimization in-
tractable, the problem was solved by using a customized GA. In particular,
the crossover and mutation operators used by the GA have been modified to
be task dependency-aware. In addition, the strategies proposed for choosing
the initial population allowed the GA to provide a wider range of scheduling
plans, which could also favor high-priority workflows. To account for the
performance variability of the underlying infrastructure, the fitness of each
scheduling plan was evaluated through a Monte Carlo simulation.

The experiments have shown that the proposed approach produces scheduling
plans that effectively balance execution time and monetary cost for multiple
workflows across the Cloud-Edge Continuum. The Continuum is central to this
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result: by exploiting both Cloud and Edge resources, the GA identifies hybrid
scheduling plans that are not identified with Cloud-only or Edge-only infras-
tructures.

Results also showed that interleaving tasks belonging to different workflows,
rather than running each workflow sequentially, makes better use of the avail-
able resources. The benefit persists as the workload grows in terms of the num-
ber of workflows, with execution times remaining comparable even though pro-
cessing demand and data volume increase, indicating that interleaving tasks of
different workflows make it possible to execute the additional load without sig-
nificant slowdowns.

The probabilistic formulation revealed that performance uncertainty substan-
tially shifts the resulting Pareto front towards scheduling plans with longer ex-
ecution times and higher cost with respect to a deterministic scenario.

A similar effect was observed by associating deadline constraints to individ-
ual workflows where, under sufficiently high variability and tight deadlines,
the GA fails to identify any feasible scheduling plan.

In the context of autoscaling, correctly exploiting the elasticity offered by Cloud
environments can provide significant benefits in terms of performance and leas-
ing costs. However, since provisioned VMs require a boot time, provisioning
choices must anticipate the demand rather than react to it.

To this end, a Load-Aware Predictive autoscaling policy that anticipates work-
load changes has been proposed. At each execution of the policy, the pre-
dictions of the future workload demand are combined with estimates of the
backlog of unprocessed requests to determine the VMs able to keep the over-
all resource utilization at the desired level. By design, scale-out actions are
triggered promptly to meet rising demand, whereas to avoid the performance
degradation caused by premature deallocations, scale-in actions are triggered
only after persistent over-provisioning.

The proposed policy was implemented as a component of a simulation envi-
ronment built on the CloudSim simulation toolKkit.

The experiments have shown that the Load-Aware Predictive policy regulates
the allocated resources to timely match the workload demands in infrastruc-
tures with both homogeneous and heterogeneous VM types. In particular the
policy outperformed the reactive baseline, reducing leasing costs without any
loss in the responsiveness experienced by the requests.

The importance of the choice of the desired utilization level was also ob-
served. As expected, high values cause resource saturation and performance
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degradation, while low values lead to increased leasing times without signifi-
cant performance benefits.

The results presented in this thesis are subject to some limitations. Both frame-
works were assessed through simulation, and while the workloads driving the
experiments include real scientific workflows and arrival patterns drawn from
operational systems, the underlying infrastructure has been modeled by treat-
ing processing capacities, bandwidths, and leasing costs as configuration pa-
rameters rather than measured values.

Resource management was addressed from two perspectives that comple-
ment each other: the allocation of resources and the scheduling of a batch work-
load modeled as workflows, and the allocation and deallocation of resources
for the processing of an interactive workload.

As future research directions, several extensions of the resource management
problems studied in this thesis are envisioned.

Machine learning techniques can be used for designing heuristics that learn
from past executions, both for guiding scheduling decisions on historical data
in the context of workflow scheduling and for forecasting incoming workloads
in the context of autoscaling.

In addition, more sophisticated workload models able to capture the com-
plex structure of modern applications, whose dependency graphs are not al-
ways known in advance, could be developed.

Constraints related to data privacy and confidentiality could also be intro-
duced, where certain tasks of a workflow or certain workflows may be required
to be executed on specific resources to keep sensitive data within a trusted do-
main.
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