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Abstract

In the era of digitalization and exponential data growth, the demand for infrastructures capable of
supporting large-scale applications with requirements for high scalability, low latency, and high
throughput has surged. Cloud computing data centers and high-performance supercomputers have
emerged to fulfill these needs, offering capabilities beyond traditional private infrastructures. Al-
though these infrastructures are optimized for performance, their composition of thousands of
nodes results in significant energy consumption. This growing energy consumption has become
a major concern, leading to substantial investments in more efficient hardware and related clus-
ter services, such as cooling. Despite these efforts, data centers’ energy use remains substantial,
potentially accounting for 8% to 13% of global electricity by 2030.

Addressing this challenge requires optimizing both hardware and software stacks. Current
software systems are suboptimal, focusing on individual applications or components with partial
infrastructure visibility or treating all applications equally, regardless of priority and workload
characteristics. To address these issues, this work introduces FINER, a novel control system for
granular and adaptable energy management in large-scale computing infrastructures. FINER em-
ploys a hierarchical architecture with a decoupled data and control plane, enabling fine-tuned
energy allocation and optimization strategies. The hierarchical structure includes cluster, rack,
and node controllers, ensuring efficient communication and dynamic adjustment to system and
workload changes. Further, FINER introduces two new energy control algorithms. The fairness
algorithm ensures proportional energy distribution based on resource usage, while the priority
algorithm allocates energy according to node priorities and consumption.

FINER’s thorough evaluation demonstrates its effectiveness in dynamically adapting to system
changes, efficiently distributing leftover energy, and managing consumption at various levels of
granularity, including compute nodes and racks. FINER successfully controls components such as
CPU cores and compute nodes with acceptable control cycle latency.

FINER offers a viable solution for hierarchical energy management in data centers, represent-
ing a significant step towards sustainable and cost-effective management of large-scale infrastruc-
tures. This approach aligns with future trends in high-performance computing, particularly the
shift towards ARM-based supercomputers.
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Resumo

Na era da digitalização e do crescimento exponencial dos dados, a procura por infraestruturas
capazes de suportar aplicações em larga escala com requisitos de elevada escalabilidade, baixa
latência e elevado rendimento aumentou significativamente. Centros de dados de computação em
nuvem e supercomputadores de alto desempenho surgiram para atender a essas necessidades, ofe-
recendo capacidades além das infraestruturas privadas tradicionais. Embora essas infraestruturas
sejam otimizadas para elevado desempenho, a sua composição de milhares de nós resulta num
consumo significativo de energia. Este aumento considerável no consumo de energia tornou-se
uma preocupação importante, levando a investimentos substanciais em hardware mais eficiente e
noutros serviços relacionados como o arrefecimento. Apesar desses esforços, o consumo de ener-
gia dos centros de dados continua substancial, podendo representar de 8% a 13% da eletricidade
global até 2030.

Abordar este desafio requer a otimização das pilhas de hardware e software. Os sistemas de
software atuais são subótimos, focando-se em aplicações ou componentes individuais com visibil-
idade parcial da infraestrutura ou tratando todas as aplicações de format igual, independentemente
da sua prioridade ou características das cargas de trabalho. Para abordar essas questões, este tra-
balho propõe o FINER, um novo sistema de controlo para gerir de forma granular e adaptável a
energia em infraestruturas de computação em larga escala. O FINER emprega uma arquitetura
hierárquica com um plano de dados e controlo desacoplados, permitindo estratégias refinadas de
alocação e otimização de energia. A estrutura hierárquica inclui controladores de cluster, rack e
nó, garantindo a comunicação eficiente e ajuste dinâmico às mudanças do sistema e da carga de
trabalho. Ainda, o FINER introduz dois novos algoritmos de controlo de energia. O algoritmo de
equidade assegura uma distribuição proporcional de energia baseada no uso de recursos, enquanto
o algoritmo de prioridade aloca energia de acordo com as prioridades e o consumo dos nós.

A avaliação compreensiva do FINER mostra a sua eficácia na adaptação dinámica às mudanças
do sistema, na distribuição eficiente da energia sobrante e na gestão do consumo em vários níveis
de granularidade, incluindo nós de computação e racks. O FINER controla com sucesso compo-
nentes como CPU cores e nós de computação com uma latência aceitável no ciclo de controlo.

O FINER oferece uma solução viável para a gestão hierárquica de energia em centros de dados,
representando um passo significativo em direção à gestão sustentável e económica de infraestru-
turas em larga escala. Esta abordagem está alinhada com as tendências futuras da computação de
alto desempenho, particularmente a mudança para supercomputadores baseados em ARM.

Palavras-chave: Consumo de Energia, Controlo Hierárquico, Sistemas de Grande Escala
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Chapter 1

Introduction

In recent years, it has been observed a significant increase in the number of applications and on-

line services deployed in large-scale computing infrastructures, ranging from social media and

streaming platforms to AI-powered tools like virtual assistants (e.g., ChatGPT), and content gen-

erators (e.g., Dall-E, Copilot). Unprecedented volumes of data in a wide variety of forms are being

produced globally, and to provide the best possible service, large-scale computing resources are

essential to process and analyze such data. To accommodate this overwhelming amount of dig-

ital services, existing computing infrastructures, such as cloud computing data centers and high-

performance computing (HPC) supercomputers, have been scaling up in size [25]. For example,

in the last 5 years, the fastest supercomputer listed in the Top 500 list has increased the number

of CPU cores by 3.6× (specifically, in 2019, Summit had 2,414,592 CPU cores, while the current

number 1, Frontier, comprises 8,699,904 cores) [85]. To ensure these infrastructures are scal-

able, reliable, and able to provide high throughput and low latency to applications, researchers and

practitioners have been mainly focused on addressing performance-related issues, by analyzing

existing bottlenecks [39] and designing new techniques and mechanisms to address them, such

as caching [58, 22], scheduling [34, 13], I/O-oriented parallelism [95, 67, 90], tiering [82, 30],

resource disaggregation [71, 32]. Moreover, given the costs of building and maintaining such in-

frastructures, a significant emphasis has been placed on maximizing resource utilization through

virtualization [51, 10, 84, 87, 68], and containerization techniques [84, 68], while providing iso-

lation, fairness, and quality-of-service (QoS) guarantees to ensure a certain level of performance

to applications. Fault tolerance is also a key concern in such infrastructures, to ensure a depend-

able computing infrastructure, thereby reducing the risk of data loss during failures (e.g., power

outages) or service unavailability.

However, with the growth of computational infrastructures, environmental and sustainability

concerns have also increased, particularly in reducing energy consumption. Indeed, large-scale

computing infrastructures emit high volumes of CO2 and entail substantial electricity consump-

tion [14]. Recent reports show that in 2018, data centers contributed to approximately 0.3% of

overall carbon emissions [52], and projections suggest that by 2030, data centers could account

for a substantial portion (8% to 13%) of the world’s total electricity usage [25], highlighting the

1
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urgency to address this challenge.

Over the years, this challenge has been addressed mainly by updating the infrastructure with

more energy-efficient hardware, including different types of processing units (i.e., CPU, GPU), re-

placing storage components by using SATA or NVMe SSD devices instead of HDD devices, and

introducing specialized hardware for specific tasks in the infrastructure, such as the use Smart-

NICs for improving the network performance and programmability [63], FPGAs for specialized

databases [41], and CXL for disaggregated memory [12, 44], as well as related cluster services,

such as cooling [31, 97]. Nevertheless, since data centers continue to grow, their energy consump-

tion remains substantial. For example, the Frontier and Fugaku supercomputers, currently placing

first and fourth in the Top 500 list, respectively, consume approximately 22.8 MW and 29.9 MW

when used at peak performance [85], even though they are equipped with efficient hardware. As

such, solely improving the hardware components is not enough to solve the problem, as energy

consumption in large-scale computing infrastructures is heavily dependent on the applications and

workloads they service. Additionally, compute nodes also consume a significant amount of energy

even in an idle state [33].

In this context, adjusting the software stack1 where applications are deployed is essential, as

it lacks mechanisms for improving their energy efficiency. In particular, solutions focused on

improving the energy consumption of the software stack apply two main techniques: workload

consolidation and dynamic voltage and frequency scaling (DVFS).

Workload consolidation focuses on optimizing and managing applications with disparate work-

load needs by grouping them in the same compute node, maximizing resource utilization, and

reducing the number of hardware resources needed to service such workloads (for example, com-

bining I/O-bound and compute-bound applications or throughput-oriented and latency-oriented

workloads) [76]. As the number of running servers decreases, this practice significantly lowers

the overall energy usage of the data center [48].

Alternatively, infrastructures rely on DVFS, a power management technique that dynamically

adjusts the voltage and frequency at which a given processing unit operates based on the workload

and performance requirements [98, 56]. By adjusting power and speed on a computing device’s

processors, the number of computation cycles decreases, and the energy consumption is reduced.

1.1 Problem Statement

Despite the existence of the aforementioned energy management techniques, their current appli-

cation remains suboptimal. This work focuses on two main interconnected causes: coarse-grained

energy control and partial visibility.

Coarse-grained energy control Existing approaches, mainly using DVFS, operate at a coarse

granularity, treating all applications and services running within a given compute node in the same
1By software stack, all the software components running in a given compute node (or set of compute nodes) which

are used to servicing data centers’ applications, including the operating system, file systems, caches, applications,
libraries, schedulers, device drivers, and more, are considered.
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way, in terms of energy requirements [62, 57, 45, 20]. Specifically, the same frequency is set to

all CPU cores, regardless of the workload or type of task being performed in each. Different ap-

plications vary in importance, resource allocation, performance requirements, and overall impact

on the system. As a result, applying uniform energy optimizations across an entire data center can

degrade performance, failing to address the specific needs and criticalities of individual applica-

tions and services. For instance, a CPU-intensive application and an application with periods of

inactivity would run at the same frequency. Setting the frequency to its minimum would compro-

mise the CPU-intensive application, degrading its performance. Conversely, setting the frequency

to its maximum would lead to energy wastage by the application with inactivity periods. Such

approaches lead to non-optimal energy control and potential performance compromises.

Partial visibility Most approaches are often applied in isolation, targeting specific applications,

compute nodes, or racks without considering the broader demands of other resources in the clus-

ter [42, 81, 61, 20, 21, 53]. This isolated approach leads to suboptimal decisions for the overall

infrastructure, as the lack of coordinated control and global visibility results in inefficiencies.

Consequently, one component’s energy optimizations might negatively impact interconnected ser-

vices’ performance and energy requirements, leading to suboptimal system-wide energy utiliza-

tion. For instance, increasing the power of all compute nodes in a rack individually makes it

difficult to guarantee consistent power levels at the rack level due to the lack of coordination be-

tween the rules applied to each compute node. This lack of holistic visibility prevents efficient

dynamic energy adjustments, leading to wasted energy and reduced overall system performance.

Additionally, without an overarching control mechanism, unutilized energy resources cannot be

dynamically allocated to other tasks, resulting in wasted energy.

Considering the volatile nature of workloads on servers, where workload demands can change

rapidly and unpredictably, the lack of fine-grained and dynamic energy management mechanisms

compromises the performance of specific tasks or results in wasted energy that could be potentially

allocated to other resources. Adaptive energy allocation strategies that can respond to varying

workloads, application priorities, and system conditions at different granularity levels are essen-

tial. The absence of such adaptive strategies restricts the efficient utilization of energy resources,

preventing optimal performance while maintaining energy efficiency.

1.2 Objectives

Considering the challenges in current energy management techniques for large-scale computing

infrastructures, this work focuses on two main objectives.

The first objective is to make energy control in large-scale infrastructures more granular by

enabling system designers and system administrators to control the energy consumption at differ-

ent granularity levels, namely at the infrastructure level, rack level, compute node level, or even
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specific applications. The system can dynamically adjust energy allocation based on different ap-

plications and infrastructure requirements by enabling fine-grained control. This granular control

aims to improve the energy efficiency of applications and minimize the overall energy consump-

tion of the infrastructure.

The second objective is to control energy management decisions holistically. Specifically, the

aim is to balance the overall energy usage while maintaining individual application performance

and quality of service (QoS) requirements, ensuring efficient and effective energy management

across the entire data center.

1.3 Contribution

To achieve the aforementioned objectives, this work proposes three main contributions.

Design and prototyping of FINER As the primary contribution, FINER is introduced as a novel

energy control system for large-scale computing infrastructures. Inspired by the Software-Defined

paradigm [66, 50], FINER follows a decoupled architecture comprising a control plane and a data

plane. The control plane follows a hierarchical distribution consisting of multiple controllers (clus-

ter, rack, and node controllers), comprising system-wide visibility of all resources. It continuously

monitors and manages the energy at which each component operates, hierarchically disseminating

and enforcing energy limits to the infrastructure components. The data plane provides the actual

mechanisms (e.g., DVFS-based mechanisms) that enforce the energy decisions generated by the

control plane, at the compute node level. To ensure the system can adapt to dynamic workloads

and system changes, the control logic follows a feedback loop that continuously monitors the

system state and adjusts it accordingly.

Control algorithms As a second contribution, two control algorithms have been proposed to

enhance FINER’s energy management capabilities, namely, a Priority and a Fairness Algorithm.

The Priority Algorithm assigns energy targets to each node based on predefined priorities for each

component. This means that components such as racks, servers, CPU cores, and applications

with higher priority receive a larger energy share, while those with lower priority receive smaller

portions of energy. Conversely, the Fairness Algorithm allocates energy targets based on the pro-

portional usage of resources. Therefore, components with higher CPU usage percentages, for

instance, are granted a larger share of energy. When a component is in an idle state or reaches

its maximum energy limit, both algorithms distribute the leftover energy among the remaining

components. These algorithms ensure that energy optimization is both fine-grained and holistic,

addressing the specific needs of individual applications while considering the broader impact on

the infrastructure.
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Experimental evaluation The proposed energy control system’s effectiveness, applicability,

and scalability are demonstrated across various testing scenarios. Experiments conducted with dif-

ferent applications show that FINER (i) can effectively control energy resources at different levels

of granularity, from application level to server level, and with global visibility across the system;

(ii) enables the specification of custom control that can be enforced through different levels of the

control hierarchy; and (iii) maintains efficient control decision latency, ensuring prompt response

to energy consumption monitoring and algorithm enforcement, even under scaling conditions.

1.4 Document Structure

This document is structured as follows: Chapter 2 presents the background with the fundamental

knowledge needed to develop this work concerning data centers, their definition, organization, and

energy consumption. Furthermore, it reports a literature review regarding energy control systems

and energy control algorithms. Chapter 3 details the proposed solution, FINER, a novel energy

control system that holistically manages the energy consumption in large-scale infrastructures with

fine-granularity. It begins by outlining the objectives of the proposed solution and its significance

in addressing the identified gaps from the literature review. It comprehensively describes the

system architecture, implementation decisions, and the proposed control algorithms. In Chapter 4

the solution’s effectiveness through a comprehensive experimental evaluation is demonstrated.

Finally, Chapter 5 concludes this work by summarizing the key findings and contributions of the

research. Additionally, it outlines potential directions for future work by identifying limitations of

the current research and proposing areas for further investigation and improvement.



Chapter 2

State Of The Art

This chapter presents the state-of-the-art regarding energy consumption control in large-scale com-

puting infrastructures. It presents the background in Section 2.1 in this context regarding data cen-

ters (Section 2.1.1), their architecture (Section 2.1.1.1), power distribution (Section 2.1.1.2), en-

ergy consumption (Section 2.1.1.3), and power-controlling methodologies (Section 2.1.2). More-

over, this chapter discusses related work in Section 2.2, namely existing energy consumption con-

trol systems (Section 2.2.1) and control algorithms (Section 2.2.2). Accordingly, the following

sections will provide valuable information regarding the problems and needs of current large-scale

computing infrastructures for energy control.

2.1 Background

This section presents the key concepts for understanding this work. It explains what a data center

is, its architecture, and energy expenditure. Furthermore, it explores energy-controlling techniques

and methodologies implemented in state-of-the-art solutions.

2.1.1 Data Centers

For a long time, most services operated locally or on a small set of servers. However, with the

emergence of web-based services, data centers (an extensive collection of machines providing a

service) emerged [18]. As their utilization grew exponentially, the quantity and scale of available

data centers had to expand accordingly [25]. Nowadays, in the era of advanced web services, data

centers are typically structured with thousands of machines. These data centers are sometimes geo-

distributed to cater to clients across different global regions, ensuring minimal latency [18]. Their

ability to efficiently process and disseminate data across vast distances has become fundamental

in meeting the diverse needs of a globally connected world.

Data centers house critical computing resources, such as mainframes, web and application

servers, file servers, messaging servers, application software and the operating systems that run

them, storage subsystems, and the network infrastructure. They generally include backup power

6
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supplies, redundant data communications connections, various security devices, and environmen-

tal controls (e.g., air conditioning and fire suppression). These infrastructures provide a controlled

environment under centralized management and play a crucial role in modern IT (Information

Technology), supporting various services and applications, including websites, cloud computing,

and large-scale data processing [16].

The primary purpose of a data center is to ensure the continuous operation of its hosted com-

puter systems, which may include servers, networking equipment, and storage devices. More

precisely, data centers provide support for business operations around the clock (resiliency), lower

total cost of operation and maintenance needed to sustain the business functions (total cost of

ownership), and rapid deployment of applications and consolidation of computing resources (flex-

ibility) in a secure and controlled environment.

Data centers can be owned and operated by organizations for their internal use (e.g., Netflix,

Uber, Meta) or can be third-party facilities that offer hosting services to multiple clients (e.g.,

AWS, GCP, Azure).

Moreover, data centers can be classified according to their services. Firstly, there is the typical

cloud model, in which services (such as compute, storage, and network resources) are available

over virtualization (virtual machines or containers). Alternatively, data centers can be used as su-
percomputers in which computing and storage nodes are divided. The access to these systems is

bare-metal, and they are typically used to run large-scale applications (e.g., scientific simulations,

deep learning, and large-language model training). Finally, data centers can be used as private
infrastructures (e.g., Meta, Netflix) with services that serve as a basis for distributed applications

(such as messaging, streaming, and gaming).

2.1.1.1 Architecture

The architecture of a data center can vary based on the organization’s or service provider’s spe-

cific needs and requirements. In general, a data center is composed of clusters (typically a single

cluster), which have various racks. Each rack includes multiple servers, which in turn have sev-

eral components such as CPUs, GPUs, disks, and network cards, among others [18]. Figure 2.1

illustrates the typical elements of a data center. In detail:

• Cluster — Clusters are groups or configurations of connected computers or servers that

work together to perform tasks as a single system.

• Rack — A Rack is a standardized framework or enclosure used to house and organize

computing equipment. Racks are designed to hold various hardware components, such as

servers, networking devices, and storage units, in a compact and organized manner. They

are a fundamental part of data center infrastructure and are crucial in optimizing space,

power distribution, and cooling.

• Server — Servers are the computing powerhouses running applications, processing data,

and handling requests. They are composed of multiple processors (CPUs), GPU, disks,
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and network cards, among others. In modern data centers, various types of servers may

be optimized for different tasks, such as storing and managing data, running applications,

hosting websites, or delivering various user services.

• Hardware components — Such as CPU, GPU, disks, network cards, power supply unit,

motherboard, and RAM work together to handle and process data inside a server. In the

context of this work, the focus will be on computing resources (CPU, and GPU). A Central

Processing Unit (CPU) core is an independent processing unit that can handle tasks. Modern

CPUs often consist of multiple cores, each capable of executing a set of instructions concur-

rently, which allows for parallel processing and improved overall performance. A Graphics

Processing Unit (GPU) is a specialized electronic circuit designed to rapidly manipulate and

alter memory to accelerate the creation of images for output to a display. Similar to a CPU,

a GPU contains multiple processing units called cores that work simultaneously to handle

specific tasks related to rendering and processing graphical data. These cores enable parallel

processing, allowing for the efficient handling of complex graphical computations, resulting

in faster image rendering, video playback, and overall enhanced graphical performance in

applications ranging from gaming to scientific simulations and visual content creation.

CPU ...

Server

Rack

...

... ...

...

Cluster

Figure 2.1: Data center architecture abstraction.

This organization constitutes a hierarchy as seen in Figure 2.1. However, it is essential to note

that other components are crucial to having a working data center (e.g., cooling systems, switches,
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routers, disks). Nonetheless, they are orthogonal to this work and, thus, not represented in the

illustration.

Although this representation is an abstraction, it is essential to simplify the dimension and

complexity of real data centers, as they can be composed of thousands of CPUs in thousands of

servers. For example, one can observe the exascale system Frontier at the Oak Ridge National

Lab, which is composed of 8,699,904 CPU cores [85].

Since these infrastructures can provide different services (actuating as clouds, supercomputers,

or application-specific), it is important to understand how they are organized.

Cloud Computing In cloud computing, identical IT resources are grouped and maintained by

a system that automatically ensures they remain synchronized, called resource pools [38]. The

workload (specific set of tasks of various types such as data processing, application execution, re-

quest handling, and other operations that require computing resources like CPU, memory, storage,

and network bandwidth) is evenly distributed among the resources through a load balancer that

provides runtime logic and reduces IT resource over- and under-utilization [38].

These resource pools can be:

• Physical server pool — composed of networked servers installed with the necessary oper-

ating systems and applications and ready for immediate use.

• Virtual server pool — composed of one of several available templates chosen by the cloud

consumer during provisioning.

• Storage pool — composed of file-based or block-based storage structures that contain

empty or filled cloud storage devices.

• Network pool — composed of different preconfigured network connectivity devices.

• CPU pool — composed of CPUs that can be allocated to virtual servers and are typically

broken down into individual processing cores.

• Memory pool — composed of physical RAM, which can be used in newly provisioned

physical servers or to scale physical servers vertically.

Dedicated pools can be created for each type of resource, and individual pools can be grouped

into a larger pool. These pools can also be created for specific cloud consumers or applications and

are isolated from one another so that each cloud consumer is only provided access to its respective

pool [38]. The primary rationale behind organizing IT resources into pools is to avoid resource

fragmentation and maximize utilization. By grouping identical resources together, cloud comput-

ing systems can dynamically allocate resources where they are most needed, ensuring efficient

use.

Since resource pools can become highly complex, with various pools created for specific cloud

consumers or applications, they are usually organized in a hierarchical structure that represents

parent, sibling, and nested pools. Figure 2.2 illustrates a hierarchical representation of three pools.
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In cloud computing, resource pools are utilized by users through a self-service model where

clients access and allocate these computing resources via a web-based interface or API. Users

can provision, configure, and manage these resources according to their specific needs without

direct control over the underlying infrastructure, enhancing scalability and flexibility in deploying

computing resources [38]. Given that the resources are shared among multiple users, allowing

them to run their applications and store data on the same underlying infrastructure, these data

centers are often referred to as multi-tenant.

CPU Pool Memory Pool Network PoolVirtual Server
Pool

CPU Pool Memory PoolVirtual Server
Pool

CPU Pool Memory Pool Network Pool

Pool A

Pool B

Pool C

Figure 2.2: Hierarchical representation of pools B and C, which are sibling pools taken from the
larger pool A. Adapted from [38].

Once resource pools are established, numerous instances of IT resources can be generated

from each pool to form an in-memory collection of active IT resources.

Supercomputing High-performance computing is usually used for computationally intensive

tasks. These systems are designed to handle massive amounts of data and perform calculations at

an extraordinary rate.

As shown in Figure 2.3, the computing system (the core unit of a supercomputer, designed

to achieve ultrahigh computing capability) is composed of computing nodes, which store and

retrieve data to the storage nodes [66].
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Compute nodes consist of many CPUs and GPUs and execute computational tasks by lever-

aging many-core processors that deliver massive parallelism and vectorization. Moreover, storage

nodes include one or two CPUs and many disks, and persist applications’ data in a shared par-

allel file system (e.g., PVFS [23], GPFS [17]) that offers high-performance storage and archival

accessibility across hundreds of storage drives.

The storage nodes can be metadata or data nodes. The metadata nodes are responsible for

managing and organizing metadata information related to the stored data within the storage nodes.

They are crucial in facilitating efficient access, retrieval, and manipulation of data stored across

the high-performance parallel file system.

As supercomputers aggregate and isolate these components, they behave more like a single-

node computer than a distributed system [55].

High-Speed Network

Compute Nodes

S
ys

te
m

 N
et

w
or

k

Login Nodes

Storage Nodes

Data NodesMetadata Nodes

Figure 2.3: Example of an architecture of a supercomputer.

As an example, one can observe the architecture of the TaihuLight supercomputer, which is

composed of 40,960 compute nodes (over ten million CPU cores in total), 288 storage nodes, and

2 metadata nodes [94]. These values reveal the dimension and complexity of these infrastructures.

Application-specific data centers While cloud and supercomputing systems are designed with

a general-purpose approach to serve a wide range of applications and services, application-specific

infrastructures are constructed to provide a single service. These services serve as a basis for

distributed applications and are private for specific enterprises (e.g., Netflix, Meta).

Since these data centers integrate particular contexts, the design and architecture are tailored

to the exact purpose of the data center. Accordingly, these infrastructures have different designs,

and the concept of “compute nodes” does not fit in this context as there is no distinction between

compute and storage nodes. Nodes can be seen as compute and storage nodes at the same time.

The data center’s design is constructed considering the best for the particular service provided.



State Of The Art 12

Although designed to operate on standard hardware, enterprise-level infrastructures can con-

sist of hundreds to thousands of interconnected storage servers utilizing dedicated network links.

Each server is equipped with multiple multicore processors and storage drives organized in a hier-

archical structure.

Even though data centers can be classified as cloud, high-performance computing, or application-

specific according to their services, their architecture follows the same principles and can be ab-

stracted as illustrated in Figure 2.1.

2.1.1.2 Power Distribution

The power system within a data center is complex, with power losses resulting from multistage

voltage conversions.

Data centers usually connect to the electrical grid for their primary power source. This power

is received at high voltages and is transformed down to lower voltages using transfer switches.

Then, the power is channeled through Uninterruptible Power Supply (UPS) systems, which are

typically connected to the utility supply and backup generators, acting as a safeguard against grid

failures and providing continuous power, thereby maintaining the reliability and uptime of the data

center.

Power Distribution Units (PDUs) further streamline the process, delivering power to server

racks, networking equipment, and cooling systems. These PDUs enable the precise allocation of

power to individual hardware components within the data center and adjust the voltage to meet

the specific requirements of individual computing units, allowing for scalability. These units are

distributed across the data center in a wrapped topology [83]. The power is provided to each server

through Power Supply Units (PSUs) located in the racks, as shown in Figure 2.4.
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Figure 2.4: Example of power distribution in a data center. Adapted from [11].
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Table 2.1: Power consumption proportionality in data centers. Based on [11].

Resources Power Consumption (Proportionality)
IT equipment (CPU, storage, and others) 45%

Cooling loads 38%
Power conditioning equipment 8%

Network equipment 5%
Building switchgear and Protection devices 3%

Lighting 1%

To distribute the power through these components, setting the power budget for every server

within the PDU, the power-scheduling method known as power routing is applied. If a server’s

power requirements exceed its allocated limit, the power routing system searches for extra power

from the connected power feeds assigned to that server. Conversely, the power routing controller

lowers power limits for underutilized servers, generating surplus power reserves that can be redis-

tributed to other areas within the power distribution system.

2.1.1.3 Energy Consumption

Nowadays, HPC systems and data centers significantly contribute to global electricity consump-

tion. For instance, the exascale system Frontier at the Oak Ridge National Lab consumes 20MW

of power in continuous operation, while the Aurora system at the Argonne National Lab is esti-

mated to draw 60MW [25]. Projections from general studies indicate that data centers alone are

anticipated to consume between 8% to 13% of the world’s total electricity by 2030 [25].

Furthermore, by comparing the estimated carbon footprint of the different hardware compo-

nents (GPU, CPU, DRAM, and Storage), it was found that GPUs and CPUs have a significantly

higher carbon embodied footprint than the other components [25]. As referred in previous works,

at its peak, the CPU accounts for nearly 50% of the system power, but this percentage decreases

to below 30% during periods of low activity, making it the most energy-proportional of all main

subsystems [18].

As data centers are composed of many resources (servers, networks, storage, and cooling de-

vices), it is important to understand how energy consumption is distributed among these compo-

nents. Generally, 38% of the total data center power is utilized in the cooling system (e.g., cooling

tower, fans, compressor, chiller), 8% in the power system (power consumed in inefficient distri-

bution and site equipment), and 50% in computing devices (e.g., server, storage, network) [83].

More recent studies [11] confirm that these values remain the same. More precisely, as shown

in Table 2.1, within the computing devices, network equipment accounts for 5%, lighting 1%,

building and protection devices 3%, and IT equipment (CPU, storage, and others) 45%.

Given the data center hierarchy abstraction provided in Figure 2.1, one can reason about the

different energy consumption values throughout the hierarchy levels related to CPU usage. The

energy consumption of the entire data center (or cluster) will be the sum of the energy expended

by all its elements. Additionally, the power consumed by a cluster will be the aggregated value
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of the energy consumed by its racks. On each rack, the total energy can be obtained by sum-

ming the power consumed by all the servers, which can get their total energy by aggregating

the power expended by all the CPUs. This energy distribution follows the hierarchy described

in Section 2.1.1.2, in which it is important to consider the maximum physical power limits of

the hardware components. Excessive power can lead to increased heat generation, causing the

hardware components to overheat. This can result in thermal throttling (reduced performance to

prevent damage) or, in severe cases, thermal shutdowns or permanent damage to the hardware.

Besides, supplying too much power can cause electrical components to exceed their voltage or

current ratings, leading to potential short circuits or component failure, and the hardware may

become unstable, leading to system crashes and data corruption.

Although this work focuses on improving the energy consumption of computing devices

within large-scale computing infrastructures, especially regarding the servers’ resources, one must

acknowledge the large amount of energy expended in the rest of the data center’s resources (net-

work, storage, cooling). Improvements in the energy consumed by cooling, storage, communica-

tion, and power systems are orthogonal to this work.

2.1.2 Controlling Energy Consumption

The optimization of energy consumption within large-scale computing infrastructures has re-

mained a primary focus, with respect to cost-saving measures. Over recent years, diverse solu-

tions have emerged, employing various approaches to effectively control the energy consumption

of data centers. These approaches encompass a wide spectrum, varying in their applicability

(namely, hardware-based or software-based control), the level of actuation (global or local), the

policies applied, and the frameworks and methodologies used, among others [77].

Among these strategies, several stand out prominently as key techniques for energy optimiza-

tion: powering off the underutilized resources [83, 64, 29], implementing Dynamic Voltage and

Frequency Scaling (DVFS) [98, 56, 83, 29], applying "race to halt" methods [83, 29], enhancing

hardware for improved energy efficiency [83, 63], and employing workload consolidation prac-

tices [76, 48].

One of the proposed techniques consists of powering off the underutilized resources, which

stands as a dynamic resource sleeping mechanism [83, 64, 29]. This technique is based on the

fact that, in some data centers, the average workload usually remains significantly lower than peak

performance (in some data centers, it averages at 30%) and does not require the functioning of

all computing resources [83]. Turning off or putting into a sleep state the underutilized resources

(e.g., servers, processors, disks, chipsets) makes it possible to achieve energy efficiency while

fulfilling the data center workload demands [64]. However, while such a technique enables saving

considerable amounts of energy, it can comprise the performance of the overall infrastructure

under burstiness or unusual periods of high load.

Moreover, implementing dynamic speed scaling techniques, such as Dynamic Voltage and
Frequency Scaling (DVFS), can effectively limit a server node’s energy consumption by reduc-

ing the processor’s frequency [98, 56, 64, 46, 29]. DVFS involves modifying the power and speed
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of a computing device’s processors by adjusting either the supply voltage or clock frequency [64].

This adjustment leads to decreased computation cycles and subsequently lowers average energy

consumption [19]. DVFS can be employed at the CPU level and extended to assigning distinct fre-

quencies to different CPU cores [46]. Nonetheless, it is important to note that reducing computa-

tion cycles may potentially impact the performance of applications. Reducing the clock frequency

by employing DVFS might not be advisable when optimizing resource utilization. Conversely,

when the objective is to minimize energy consumption, DVFS emerges as a favorable choice.

The Linux kernel provides DVFS-based mechanisms, such as CPUFreq [2]. CPUFreq is a

subsystem that enables system administrators and system designers to change the clock frequency

of CPU cores. It provides the notion of scaling governors, which are predefined algorithms that

set the frequency of each (or all) CPU cores according to a given objective (e.g., power require-

ments, application workload, etc). The Linux kernel supports a variety of CPU frequency scaling

governors, including Performance, Powersave, Userspace, and Ondemand. Performance is the

governor that runs the CPU at the maximum frequency, enhancing application performance but

consuming more energy. Powersave is the opposite, setting the CPU core to the minimum fre-

quency, spending the least amount of energy, but limiting application performance. Ondemand

adjusts the frequency dynamically based on the current load. It initially ramps up to the highest

frequency, then reduces if idle time increases. This is the governor applied by default. Finally,

Userspace enables users to set frequencies as they wish.

Scaling drivers communicate directly with the CPU to implement the frequencies specified by

the current governor [2]. These drivers handle the CPU-specific processes for setting frequencies

as the governor directs. According to the Advanced Configuration and Power Interface (ACPI)

standard, Performance states, or P-states, are the standard supervisory software method for com-

municating DVFS settings [1, 2]. These states represent different combinations of power and

performance levels that a processor can operate within, allowing for efficient power management

by adjusting both voltage and frequency. However, in practical applications, processors often al-

low for the specification of particular frequencies rather than being confined to predefined P-states.

Scaling drivers manage these specific frequency adjustments. On the same note, Intel’s Running

Average Power Limit (RAPL) [7] combines these techniques while also allowing monitoring of

the power consumption of various components within a CPU, including the package, cores, and

DRAM. In detail, RAPL is an advanced power control mechanism that provides real-time power

consumption monitoring and power-limiting capabilities to enforce power limits and optimize

performance-per-watt metrics. DVFS can also be applied to GPU devices. A popular implemen-

tation is provided by the NVML framework from NVidia, which enables users to set custom clock

frequencies at which the GPU operates [5]. However, this scope is orthogonal to this work.

DVFS and powering off the underutilized resources can be combined in “race to halt” tech-

niques [83, 29, 37], which consist of executing a task at the highest operational frequency and

sleep at completion.

Furthermore, the hardware can also be improved to consume less energy. Over time, some

hardware components were replaced with more energy-efficient ones. For example, RISC archi-
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tectures are more energy efficient than their counterpart CISC, as RISC-based processors have

fewer transistors and gates. Besides, when comparing x86 with ARM processors, processors uti-

lizing the ARM architecture demonstrate an energy efficiency that surpasses x86-based processors

by a factor of three to four [83]. Based on ARM-based processors, the System-On-Chip (SoC)

design consumes even less energy (35% less) than RISC architectures [83]. Another example is

using phase-change memory (PCM drives) in storage systems, which has also been proposed as

an energy-efficient main non-volatile memory alternative.

Another important strategy for minimizing energy consumption is applying workload consol-
idation. This technique involves raising server utilization and minimizing the number of servers

needed for a particular set of workloads (e.g., VMs, containers) [76]. By consolidating multiple

workloads onto fewer servers or hardware resources, data centers can optimize the usage of avail-

able computing capacity [48]. This approach involves dynamically reallocating resources based

on workload demands, ensuring that servers operate closer to their maximum capacity, thereby

reducing the overall energy footprint of the data center [48]. Additionally, workload consolidation

facilitates better resource management, improving operational efficiency and cost savings in data

center operations.

In addition to these techniques, one can come across the concept of overprovisioning [43].

Given that even in highly-tuned clusters running a single workload, instances of peak utiliza-

tion are infrequent and consistently remain below the allocated power capacity [74], researchers

proposed oversubscribing power circuits to squeeze maximum value from the infrastructure (an

overprovisioned data center has more nodes than a conventional data center with the same power

budget). To guarantee availability, these proposals utilize power capping, which limits server per-

formance when there are spikes in utilization, ensuring safe power limits. However, this technique

focuses more on maximizing the infrastructure’s efficiency (resource utilization) and not on con-

trolling energy consumption.

2.2 Related Work

This section provides an overview of previous works that are more relevant in the context of this

research. By leveraging the existing energy consumption control systems and control algorithms

for large-scale infrastructures, one can reason about different problems, solutions, and respective

advantages and limitations of current solutions.

2.2.1 Energy Consumption Control Systems

Large-scale infrastructures are actively looking for ways to limit their energy consumption and

CO2 emissions. Researchers have focused on achieving this purpose over the past few years by

concentrating on different problems and using various solutions. These solutions can be catego-

rized based on the granularity level in which they actuate (at the server level, data center level, or

different levels). Nevertheless, it is also important to analyze the applied techniques (e.g., DVFS,
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workload consolidation) and the type of services provided by the target data centers (clouds, su-

percomputers, application-specific).

During the first decade of the 21st century, researchers have proposed several approaches

to control energy consumption in different contexts. Some solutions focused on local resource

management (at the server level) [20, 29, 37, 42, 61, 72, 81], and others on distributed resource

scheduling (at the cluster level) [26, 36, 29, 37, 40, 47, 72, 75, 79]. Additionally, part of the

solutions applied DVFS techniques [20, 21, 29, 35, 37, 40, 42, 53, 61, 72, 79, 81, 91], workload

consolidation [26, 36, 29, 47, 61, 72, 75], powering off the underutilized resources [24, 29, 37, 47,

61, 72, 75], and hardware modifications [24, 79] as one can see in Table 2.2.

Deploying all these power management solutions simultaneously can pose unpredictable chal-

lenges due to their interference (e.g., between systems that apply the same technique but for dif-

ferent metrics). In 2009, Ramya Raghavendra et al. [78] proposed a solution that splits the control

between hardware and software while also imposing a hierarchy control (i.e., at local and global

level) to solve this challenge. It was designed a coordination framework consisting of five indi-

vidual solutions: an efficiency controller (EC), which optimizes average power consumption per

server by adjusting the processor P-state based on past resource utilization and estimated future

demand, a server manager (SM), which enforces thermal power capping at the server level, re-

ducing the P-state if a specified power budget is exceeded, an enclosure manager (EM) and group

manager (GM), which extend this control to blade enclosures and data center levels, dynamically

redistributing power to maintain group power budgets, and a virtual machine controller (VMC),

which consolidates workloads and powers off unused machines to reduce overall power consump-

tion. System designers or data center operators may establish the power budgets at the EM and

GM by considering thermal budget constraints. Alternatively, high-level power managers can de-

termine these budgets. Each blade’s SM controller utilizes the lower value between the power

budget suggested by the EM and its own local power budget as a reference input. The alloca-

tion of the total enclosure power budget to individual blades follows policy guidelines, allowing

for the implementation of various policies (such as fair-share, FIFO, random, priority-based, and

history-based). The work exemplifies the implementation of a proportional-share policy, where

within each interval, the policy redistributes the total power allocation within the enclosure/group

among its components based on their power usage from the previous interval, ensuring a fair

share of the budget that can adapt to changing demands. Additionally, the interaction between

layers primarily occurs through power budget configurations and the measurement of consumed

power. The group manager (GM) enforces power capping at the rack or data center level, utilizing

distinct time constants. It compares the actual power usage of the group to the assigned budget

and distributes these budgets to the next-level servers and blade enclosures. Allocation decisions

within the servers and enclosures prioritize the minimum value between the GM’s recommenda-

tion and local budget values. However, aiming to create a versatile solution supporting all past

solutions, this solution focused on developing a sophisticated architecture and led to the absence

of a consistent prototype applicable in real-world scenarios. Though the approach seems promis-

ing, assessing its effectiveness in real-world scenarios is challenging due to its application in a
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simulated context.

In the same year, Wang et al. [88] addressed the challenge of scalability in power control,

contending that prevailing power control strategies lacked scalability for managing the power con-

sumption of an entire large-scale data center. The limitations stemmed from their initial design for

individual servers or rack enclosures. The significance of regulating energy at three distinct lev-

els - rack enclosure, power distribution unit (PDU), and the entire data center - was emphasized,

acknowledging each tier’s physical and contractual power constraints. The solution is a scalable

hierarchical power control architecture for large-scale data centers called SHIP [89]. For each

mentioned level, there are specific power control solutions. The rack-level power controller adap-

tively manages the power consumption of a rack by manipulating the frequency scaling setting of

the processors of each server in the rack, the PDU-level power controller manages the total power

consumption of a PDU by manipulating the power budget of each rack, and finally the data center-

level controller manages the total power consumption of the entire data center by manipulating

the power budget of each PDU. The rack-level control loop (invoked periodically) is composed of

a power controller (computes the new CPU frequency level for the processors of each server and

then sends the level to the CPU frequency modulator) and a power monitor (measures the average

value of the total power consumption of all the servers and sends the value to the controller). Each

server has a CPU utilization monitor (sends the CPU utilization to the controller) and a CPU fre-

quency modulator (changes the CPU frequency level of the processors accordingly). On the other

hand, the PDU-level and data center-level power control loop also includes a power controller and

a power monitor at the respective levels and the power controllers and utilization monitors of all

the lower-level components. The responsibilities of each component are divided similarly to the

rack-level power control loop. In each interval, the power budgets of the lower-level control loops

for all the entities change. Emphasized is the significance of minimizing the impact on the stability

of a rack-level control loop. This is achieved by choosing a control period for the PDU-level loop

that surpasses the settling time of the rack-level control loop. The same principle applies to the

power control loop at the data center level. In addition, the system assumes three constraints of

the higher-level control loops: the power budget of each rack should be within an allowed range

(based on the maximum and minimum possible power consumption of each server), power dif-

ferentiation can be enforced for two or more racks (racks may have different priorities), and the

total power consumption should not be higher than the desired power constraint. While resem-

bling the proposed system and covering most requirements, SHIP focuses on specific policies and

algorithms for distributing power consumption across the data center hierarchy. However, it may

benefit from exploring a more diverse range of policies. Additionally, SHIP could consider aspects

such as power variation and coordination among multiple controller instances.

With the adoption of overprovisioning power circuits to squeeze maximum value from the

infrastructure, power capping, or peak power management techniques, have been proposed [92].

Although these techniques continually monitor server power consumption and use DVFS to sup-

press it if it approaches its power or thermal limit, they are applied to server-level power manage-

ment, with control actions decided locally in isolation. To solve the problem of data center-wide
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power management Qiang Wu et al. implemented Dynamo [92]. Dynamo is a power management

system that monitors the entire power hierarchy and ensures safe and optimized utilization of allo-

cated power within Facebook’s data centers. It focuses on the fact that in real-world data centers,

different power and performance constraints at different levels in the power hierarchy require co-

ordinated, data center-wide power management. To address this challenge, Dynamo has two major

components: agents (programs deployed to every server in the data center that read power, execute

power capping/uncapping commands, and communicate with the controllers) and controllers (that

run on a group of dedicated servers, monitor data from the agents under their control, and are

responsible for protecting data center power devices). In Dynamo’s design, each physical power

device within the hierarchy requiring protection corresponds to a dedicated controller instance

overseeing and managing the set of downstream servers associated with that device. This estab-

lishes a hierarchy of controllers mirroring the topology of the data center’s power hierarchy. Each

power device at the lowest level is assigned a leaf power controller. This controller establishes

direct communication with agents across all downstream servers associated with the respective

power device. Multiple tiers of controllers collaborate to safeguard the overall integrity of the

power hierarchy.

During each sampling interval, a dedicated leaf controller is responsible for reading and con-

solidating power data from all downstream servers. Subsequently, this controller compares the ag-

gregated power consumption with the predefined power limit of the device. The decision-making

process (implemented as the algorithm described in Section 2.2.2) determines whether to im-

plement power capping or uncapping measures (done through RAPL). RAPL (essentially based

on DVFS [92]) is a power control mechanism at the individual server level, designed to enforce

the overall system power budget. When power capping is deemed necessary, the leaf controller

chooses the optimal set of servers to cap in order to minimize performance impact. This optimiza-

tion aims to minimize the overall performance impact induced by the power capping, ensuring

an efficient balance between power constraints and system functionality. Likewise, every power

device situated at a non-leaf level is designated an upper-level power controller. This upper-level

controller indirectly oversees and manages its downstream servers through communication with

leaf controllers or other upper-level controllers situated downstream and shares the same func-

tions as the leaf controller regarding power reading and aggregation and capping and uncapping

decisions. The communion between controllers guarantees the convergence of decisions and safe-

guards the well-being of upper-level power devices (as described in Section 2.2.2). Although Dy-

namo has proven effective, it was designed to be applied to application-specific (owner-operated)

data centers. Thus, the system can not be used as effectively in a cloud (multi-tenant) data center

as the leaf controllers do not possess the meta-data information regarding the servers’ priorities to

choose the optimal set of servers to cap to minimize performance impact. Furthermore, the finest

granularity level at which the system actuates is at the server level. Dynamo currently does not

offer the capability to control the energy consumption of individual applications.
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Table 2.2: Related energy consumption control systems classification.

Work Technique Granularity Level Key Insight
[20] DVFS Server Quantify the potential benefits of

DVFS

[21] DVFS CPU Dynamic thermal management for

high-performance microprocessors

[24] Hardware modifications Disk Conserve disk energy in high-

Power resources off -performance network servers

[26] Workload consolidation Cluster Manage energy and server

resources (server allocation

and routing of requests)

in hosting centers

[36] Workload consolidation Cluster Energy-conscious server

switching and deactivation

[29] DVFS Server Server provisioning, DVS

Power resources off Cluster control and the costs of

Workload consolidation server shutdowns

[35] DVFS CPU DFVS for multicore

thermal management

[37] DVFS Server Combinations of DVS and

Power resources off Cluster node vary-on/vary-off

[40] DVFS Cluster Estimate potential power

and energy savings of power

capping and DVFS in very

large scale systems

[42] Throttling mechanisms Server Power estimation, dynamic

(similar to DVFS) power allocation among

server components, and throttling

mechanisms to regulate

component-level activity

[47] Power resources off Cluster Adjust heterogeneous server cluster

Workload consolidation configuration and request distribution

to optimize power

[53] DVFS CPU Coordinated DVFS scheme

for chip multiprocessors

[61] DVFS Server Energy management and conservation

Power resources off for commercial servers using their

Workload consolidation architecture and workload characteristics

Continued on next page
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Table 2.2 – continued from previous page
Work Technique Granularity Level Key Insight
[72] DVFS Server Coordinate power management

Power resources off Cluster in virtualized enterprise systems

Workload consolidation

[75] Power resources off Cluster Load balancing and unbalancing

Workload consolidation to dynamically turn cluster nodes

on and off

[79] Hardware modifications Cluster Ensemble-level power management

DVFS by using statistical properties of

current resource usage

[81] DVFS Server Adaptative algorithms for DVFS in

QoS-enabled web servers

[91] DVFS CPU Formal control techniques for

power-performance management

[78] DVFS Server Coordination framework for unifying

Power resources off Cluster power delivery and energy consumption

Workload consolidation control past solutions

[92] DVFS Server Data center-wide power management

Cluster system that monitors the entire

power hierarchy and makes

coordinated control decisions

[89] DVFS Cluster Scalable hierarchical power control at

rack enclosure, PDU, and data center levels

2.2.2 Energy Consumption Control Algorithms

Energy consumption control algorithms are computational techniques and strategies designed to

optimize and regulate energy usage in various systems and devices. These algorithms are cru-

cial in managing energy consumption efficiently, reducing costs, and minimizing environmental

impact. Within large-scale computing infrastructures, energy consumption control algorithms are

responsible for deciding the amount of energy (or, at least, the threshold) to be spent by the dif-

ferent resources. In the past few years, several algorithms and policies have been proposed that

guarantee different ways of controlling energy consumption in data centers.

The Tracking-only policy [27] regulates data center power through job scheduling and power-

capping to match the actual power consumption with the target power. However, it does not

include job QoS in its control decisions and views the target power as a hard limit that will never

be surpassed.
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On the other hand, the EnergyQARE policy [28] is similar to Tracking-only but also considers

QoS degradation (i.e., workload QoS constraints determined by users or Service Level Agreements

- SLAs). The power consumption limit is imposed as an upper bound. Still, if the average QoS

degradation is too high, more servers are activated to run more jobs regardless of the target power.

In 2021, Zhang et al. [96] proposed a power management policy that enables data centers to

schedule computing jobs and applies server power-capping, ensuring power and QoS constraints.

The policies above are considered insufficient, as HPC systems run multi-node jobs with long

execution times, and they do not explicitly target these jobs, relying mostly on job scheduling

to control power. Job scheduling does not provide sufficient control points for long-duration,

uninterruptible jobs. Consequently, the QoS-aware-Capping policy was proposed to adjust server

power caps considering the estimated QoS of jobs at run time. The policy calculates, for every job,

an estimated QoS degradation (based on the job’s minimum execution, waiting-in-queue, elapsed,

and remaining times) that enables the system to predict which job’s QoS degradation will exceed

the threshold. Based on the QoS degradation metric, the policy prioritizes tasks with QoS nearing

violation, and for others, it favors those with higher average QoS degradation. When power is

limited, it lowers power caps only for tasks meeting their QoS requirements, i.e., tasks waiting

in the queue or running with low power caps will likely experience worse QoS degradation and

receive higher priority.

All of these policies are based on the premise of running additional jobs and raising CPU

power limits when the current energy consumption falls below the target limit. Conversely, when

the current power exceeds the target, these policies often hold off on starting new jobs and re-

duce the CPU power caps. Furthermore, the average and the variation of the target power limit

are obtained through another policy. The Adaptive Bidding policy configures these parameters by

making power decisions based on the current workload and pending jobs instead of depending on

a data center’s long-term average usage (as in previous works [27, 28]). This holds significance

as data centers running frequent, extensive, and large-scale multi-node jobs often experience sig-

nificant fluctuations in power demands during specific periods compared to the general long-term

average. Even though the presented work offers valuable insights into a robust energy-controlling

policy, it was designed to actuate at the server level, not exploring how to apply these policies

across the data center hierarchy. Given that a data center is composed of clusters of servers, it

would be interesting to explore how the energy consumption should be distributed across all these

nodes. Actuating only at the server level and neglecting the overall demands, this solution can

compromise the performance of jobs running in different nodes. Moreover, since the mentioned

policies are job-oriented, they do not ponder, for example, the energy consumption of idle servers,

which is an important consideration [69]. Besides, the presented policy was evaluated by simula-

tion, making the assessment of its effectiveness in real-world scenarios challenging.

Dynamo [92] also applies an energy consumption control algorithm at the leaf power con-

trollers. After aggregating server power readings, the leaf power controller computes the overall

power consumption of a power device and then compares it to the limit of the power breaker.

The decision is made by employing a three-band algorithm. The algorithm establishes a capping
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threshold typically set at 99% of the breaker limit. When the combined power surpasses this

threshold, the power capping logic reduces consumption to the capping target. The capping target

is deliberately set 5% below the breaker limit for safety. An uncapping threshold is implemented to

prevent oscillations, ensuring that power uncapping only occurs when the aggregated power falls

below this level. The algorithm demonstrates flexibility by allowing the configuration of capping

and uncapping thresholds on a per-controller basis, facilitating tailored trade-offs between power

efficiency and performance across various levels of the power delivery hierarchy.

The system also focuses on ensuring performance-aware power capping, i.e., minimizing its

impact on application performance. The leaf power controller is crucial in selecting the appropriate

servers to cap and determining their capping targets, considering metadata and power consumption

history. Facebook services are categorized into priority groups, each with its own service-level

agreement (SLA) regarding the lowest allowable power cap. Higher priority (e.g., cache servers)

corresponds to potentially higher performance impact due to power capping. When power capping

is necessary, the controller calculates the total power cut and systematically distributes it across

servers in ascending priority groups. Within each priority group, a high-bucket-first algorithm is

employed to allocate the power cut based on current power consumption. This approach punishes

servers with higher power consumption, addressing potential issues such as application regressions

or unexpected software behavior. The leaf power controller adheres to predefined bucket sizes (set

at 20 W) to evenly distribute power cuts among servers within a bucket. After calculating the

allocated power cut for each server, the controller determines the power cap by subtracting the

power cut from the server’s current power value. Ultimately, the leaf power controller issues

capping requests, including the designated capping targets, to all affected servers.

Since the upper-level power controllers share the same functions as the leaf controllers and

each possesses their own autonomous capping/uncapping logic, it is imperative for them to coor-

dinate effectively, ensuring that their respective capping actions do not conflict or result in neg-

ative interactions. To address this challenge, Dynamo employs a punish-offender-first algorithm.

When the upper-level power controller surpasses its power limit, initiating the capping process, it

evaluates its subordinate controllers and prioritizes addressing the offenders. In this context, an

offender is identified based on the power quota (the child consuming more power). When choos-

ing between multiple offenders, the upper-level controller would distribute the power cut among

all downstream offenders using a high-bucket-first algorithm. Ultimately, each controller selects

the minimum value between its individual capping decision and the decision propagated from its

parent controller.

As the algorithm focuses on ensuring safe power distribution and increasing power capacity

optimization, centering its design on physical power devices (and their limits), it does not solve

the problem of limiting energy consumption. With Dynamo, the capping actions are only trig-

gered when the energy consumption surpasses the breaker limit. Envisioning, for instance, a data

center powered by diverse energy sources, including both renewable and non-renewable options,

limitations arise within Dynamo. For instance, if an administrator aims to curtail the energy con-

sumption of the data center on a day when renewable energy is not available, Dynamo lacks the
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capability to facilitate this restriction. Similarly, if the intention is to constrain the consumption of

a specific rack hosting less critical services, Dynamo does not provide the functionality for such

fine-grained control.

On the other hand, Patel and Tiwari [73] focused on fairness and efficiency of power manage-

ment of large-scale computing systems by implementing PERQ. PERQ was designed to solve the

problem of unfairness among multiple concurrent applications that run on current state-of-the-art

data center power management systems and targets two objectives: remain fair to all concurrently

running jobs and achieve higher system throughput to make up for the cost of over-provisioning

(large-scale computing systems employ hardware over-provisioning because enables the system

to concurrently execute a higher number of jobs). To achieve the desired results, PERQ applies

a feedback-based approach and allocates additional power resources to jobs with a substantial in-

fluence on system throughput without affecting the performance of other jobs. This is possible

as applications exhibit varying levels of sensitivity to power-capping. Some jobs perform equally

well at lower power caps, allowing for a decrease, while others do not. In the latter case, PERQ

increases the power allocation to maximize the system throughput [73].

As Zhang et al., this approach is job-oriented, not considering the energy expenditure of idle

CPUs, and actuates at the server level, not considering the division of power across the entire

data center hierarchy. Moreover, it is important to notice that since PERQ focuses on improving

system throughput, sometimes increases the power allocation, instead of focusing on achieving a

more sustainable data center.

Guliani and Swift [46] report that current power-limiting mechanisms do not address the differ-

ence in power usage and frequency limits across cores. Attempting to solve this problem involved

focusing on how a system should allocate different amounts of power to different applications to

effect prioritization and isolation. This problem is essential, especially for servers running het-

erogeneous jobs, since a job may be throttled by another job hitting a power limit. Interference

may arise from the shared power constraints among multiple jobs or applications running concur-

rently on the same server or core within the data center. This interference occurs because when

one job consumes more power than allocated or hits its power limit, the system initiates throttling

mechanisms, reducing voltage and frequency levels to stay within the power constraints. As a

result, this throttling negatively impacts the performance of the throttled job and, in turn, affects

the performance of other jobs running on the same server or core due to shared power limitations.

Differentiating the power provided to different jobs prevents interference.

The aim was to deliver differential power to applications running on a single server socket

by proposing and evaluating both priority-based and share-based policies. While priority policies

ensure maximum priority applications run at maximum performance and use residual energy for

lower priority applications, which can lead to starvation, proportional-share policies divide power

between applications according to configured shares (in a more flexible manner). Within the pro-

portional share policies, the work includes three resources for distribution: Power, Frequency (the

frequency at which applications run should be proportional to the shares they hold), and Perfor-

mance loss (applications with more shares should suffer less performance loss). This work is
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essential since it proposes power shares, frequency shares, and performance shares as three alter-

natives to the current policy of restricting power consumption via an upper-frequency limit. An

important conclusion is that although all the alternatives can deliver per-application power, fre-

quency shares were the most stable and provided the best performance isolation. Although the

solution actuates at a very sharp granularity level (per core), it is noted that the implementation

of the policy should be in hardware, providing a low sampling overhead and a fast response to

changing workloads and workload characteristics. Furthermore, Guliani and Swift note that the

proposed policies do not account for applications with performance or power saturation, situations

where there is insufficient power to run all applications, and the issue of starvation under space

sharing, even when a subset of applications could still run.

2.2.3 Summary

Existing energy control systems typically manage energy expenditure at either a high granularity

level, focusing on the entire data center or individual servers without considering the applications

running on them, or at a fine granularity level, specifically at the CPU level, controlling individual

applications but lacking scalability for the entire data center. Several solutions face challenges in

providing a comprehensive abstraction for controlling energy consumption across different large-

scale infrastructures and granularity levels. Specifically, few solutions can effectively guarantee a

power threshold for the entire data center, specific clusters, racks, servers, or CPUs, or for a par-

ticular application simultaneously. Therefore, there is a need for a novel approach that addresses

these limitations, enabling the application of diverse control algorithms across all these granularity

levels.

Additionally, the monolithic nature of many existing systems, which operate primarily at the

infrastructure level, often limits their flexibility in implementing QoS rules for controlling en-

ergy consumption in specific case studies. Examples include minimizing energy consumption in

disaggregated storage or optimizing energy usage in deep learning training.

In summary, the existing solutions face the following challenges:

• Focus on increasing the efficiency of using data center power, which considers the lim-

itations of the physical power devices. The existing solutions do not address the problem

of limiting energy consumption but focus on optimizing it to increase the number of tasks,

applications, or workloads running in a data center. This focus is important and beneficial

for maximizing resource utilization and improving overall performance. However, these

solutions do not tolerate scenarios where controlling and limiting energy usage is crucial.

Considering a scenario where a data center draws energy from diverse sources, including

both renewable and non-renewable, it would be interesting to allow administrators to proac-

tively regulate energy usage, mainly when sourced from non-renewable outlets. In such

cases, the problem consists of limiting energy consumption instead of using the energy effi-

ciently.



State Of The Art 26

• Actuate at very specific granularity levels and do not have the granularity needed to con-

trol the energy consumption of specific applications and, simultaneously, the entire data

center. Most solutions actuate (at most) at the server level or at the data center level and

are not generic enough to comprise both cases, lacking the flexibility and adaptability re-

quired to holistically manage the diverse energy needs and priorities inherent in large-scale

computing infrastructures.

• Apply a specific energy control algorithm that is predefined. Considering the same sce-

nario referred to in the first problem, there should be the possibility to apply various algo-

rithms for different circumstances and types of services data centers provide. The energy

control algorithm applied in an application-specific data center, where all the servers could

be limited to the same energy threshold, should not be the same as in a cloud, where some

resource pools may have a higher priority.



Chapter 3

FINER: A fine-grained, holistic energy
controller

As data centers continue to expand in response to the growing demand for digital services, effective

energy management is critical to reduce operational costs and environmental footprint. Controlling

and limiting the energy consumption of large-scale computing infrastructures is paramount, and

there is a need to tackle challenges not mitigated by existing solutions. These challenges include

coarse-grained energy control and partial visibility, which hinder efficient energy optimization.

In response, this work introduces FINER, a novel system designed to dynamically manage energy

usage across different levels of granularity within the infrastructure. FINER enables precise control

over energy allocation, ensuring QoS by adapting to server workloads effectively. For instance,

administrators can set energy consumption limits for specific racks and dynamically redistribute

unused energy to optimize performance without exceeding hardware constraints. This chapter

presents the design and implementation of FINER with a thorough depiction of its architecture and

control algorithms.

3.1 Design Principles

FINER ’s design is built under four core design principles: decoupled design, fine-grained energy

control, coordinated control, and adaptable energy tuning.

• Decoupled design — FINER follows a decoupled design which draws inspiration from

Software-Defined Networking (SDN) [93, 54] and Software-Defined Storage (SDS) [86, 66]

paradigms. This approach separates the control logic (control plane) from the mechanisms

that implement it (data plane). The control plane centralizes decision-making processes such

as energy consumption policies, resource allocation strategies, and QoS enforcement, while

the data plane focuses on executing these policies independently of specific hardware or

infrastructure details. This architecture simplifies maintenance, testing, and development by

decoupling control from data, allowing for modular updates and enhancements to the control

logic without affecting underlying infrastructure components. This design enhances system

27
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flexibility, scalability, and adaptability to evolving workload demands and technological

advancements in large-scale computing infrastructures.

• Fine-grained energy control — By following a fine-grained energy control, FINER enables

the management of energy consumption at multiple levels of granularity within large-scale

computing infrastructures. This control includes regulating energy usage at various lev-

els, such as data centers, specific clusters, racks, servers, CPUs, or individual applications.

FINER promotes fine-grained energy allocation strategies to match specific requirements and

priorities from both applications and hardware. For instance, administrators can enforce en-

ergy consumption limits on particular servers or allocate excess energy from underutilized

resources to more demanding tasks within the same rack or cluster. This granularity opti-

mizes energy efficiency and enhances performance by ensuring critical applications receive

sufficient resources while minimizing waste. Fine-grained energy control thus facilitates ef-

ficient resource utilization across diverse workload scenarios, contributing to overall system

reliability and sustainability.

• Coordinated control — The third principle of FINER is global and coordinated control,

emphasizing synchronized management of energy consumption across the entire infrastruc-

ture. This approach ensures that energy policies and allocation strategies are globally coor-

dinated, considering diverse applications and services’ holistic energy demands and priori-

ties. By maintaining global visibility and control, the system can dynamically adjust energy

allocations in real time based on workload fluctuations and current system conditions. This

coordinated approach optimizes energy efficiency and enhances overall system performance

by preventing resource contention and balancing energy usage effectively. Additionally, co-

ordinated control facilitates proactive decision-making at the cluster or rack level, allowing

administrators to implement cohesive energy management strategies that align with organi-

zational goals and sustainability objectives.

• Adaptable energy tuning — FINER is built to be adaptable, ensuring a prompt and dy-

namic response to fluctuations of the workloads or operational scenarios. The system is

designed to dynamically adjust energy allocations across various components and levels of

the infrastructure, continuously optimizing resource utilization while adhering to predefined

energy constraints. By incorporating adaptive algorithms and real-time monitoring mech-

anisms, the system can promptly respond to changes in workload demands, environmental

conditions, or user priorities. This adaptability enhances energy efficiency and maintains

overall system performance by allocating resources efficiently where and when they are

most needed.

3.2 Architecture

The FINER’s architecture is composed of two main functional components: the control plane and

the data plane. The control plane is responsible for all energy control logic, including monitoring,
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decision-making, and enforcement of energy policies (identified as P1, P2, and Py in Figure 3.1).

It collects real-time metrics, computes energy allocation strategies, and enforces these strategies to

ensure efficient energy usage across the infrastructure. Within the control plane, there are several

distributed subcomponents that operate throughout the infrastructure. These include node con-

trollers at the server level, rack-level controllers, and a global orchestrator that oversees the entire

system. Each controller plays a specific role in the energy management process, ensuring that

energy policies are applied at the appropriate granularity. On the other hand, the data plane com-

prises the mechanisms responsible for energy management, such as DVFS. It receives the energy

rules from the control plane and applies the necessary changes to alter the energy consumption of

the hardware components.
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Figure 3.1: FINER high-level architecture.

The system’s overall functionality can be visualized through a high-level diagram (Figure 3.1),

which illustrates the interplay between the control plane and data plane, along with their respective

subcomponents. This figure shows the described architecture with the cluster controller managing

multiple rack controllers, each overseeing several compute nodes within their respective racks.

Each compute node contains several CPU cores in which multiple applications are running. These

applications are managed by a node controller, highlighting the hierarchical control structure from

the global to the local level. Along with a node controller, each compute node comprises a data

plane stage, responsible for enforcing the controller’s rules to the applications.

The control logic is provisioned through control algorithms that follow a feedback control

loop scheme composed of three phases: collect, compute, and enforce. During the collect phase

(identified by the numbers 1, 2, and 3 in Figure 3.1), metrics are gathered by the controllers from
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various infrastructure components. In the compute phase (identified by the numbers 4, 6, and 8

in Figure 3.1), these metrics are analyzed, and optimal energy allocation decisions are made at

the control plane level. Finally, in the enforce phase (identified by the numbers 5, 7, and 9 in

Figure 3.1), these decisions are implemented, adjusting the energy consumption of different com-

ponents to achieve the desired balance between performance and efficiency. This phase involves

the control plane and the data plane. Although the control logic adheres to the flow shown in

Figure3.1, each controller’s collect, compute, and enforce phases operate independently. Conse-

quently, only one cycle occurs at the node-level controller, identified by numbers 1, 8, and 9. At

the rack-level controller, the cycle identified by 2, 6, and 7 takes place, and at the cluster-level

controller, the cycle identified by 3, 4, and 5 occurs.

3.2.1 Data Plane

The data plane is a critical system component responsible for managing various hardware com-

ponents’ energy consumption. Its primary functions include enforcing energy policies and inter-

acting with the control plane to receive and execute control commands. The data plane operates

directly on hardware components, such as CPUs and GPUs, implementing specific energy man-

agement mechanisms such as DVFS. The data plane stages manage hardware components based

on predefined rules and real-time inputs from the control plane. Each stage is tailored to a specific

type of hardware (e.g., CPU or GPU) and can enforce energy policies by adjusting parameters like

frequency and voltage.

Upon initialization, the data plane connects with the control plane to receive control operations

and enforcement rules. These operations are processed and executed to ensure that the system

adheres to the defined energy efficiency goals. Such interactions involve:

1. Handshake and Initialization: The data plane stage initiates a handshake with the control

plane, sharing essential information about its environment and capabilities.

2. Control Operations Reception: It continuously receives control operations, which include

metadata information on the operations to be performed, such as the number of enforcement

rules to be received.

3. Rule Enforcement: The data plane enforces these rules on the hardware components, adjust-

ing parameters to match the control plane’s requirements.

4. Acknowledgment and Feedback: After executing a command, the data plane sends acknowl-

edgment messages back to the control plane, indicating the success or failure of the opera-

tions.

The data plane exposes an interface to the control plane for effective communication and

control. Table 3.1 outlines this interface.

A stage_info() call (Table 3.1) provides the information about the data plane stage, in-

cluding the stage identifier, its type (the hardware components it will control), PID, hostname, and
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Table 3.1: Data plane interface.

Interface Description
stage_info() Provides information about the data plane stage.
enf_rule(hardware_id, freq) Details rules to be enforced on hardware components.

username. It is used at the initialization of the data plane. Such information is essential for the

functionality of the control plane. On the other hand, a enf_rule() call is used to enforce a

specific frequency (freq) in a particular hardware component (identified by the hardware_id).

This call allows the data plane to receive the enforcement rules defined by the control plane.

3.2.2 Control Plane

The control plane is a critical component of the FINER architecture, responsible for all energy

control logic, including monitoring, decision-making, and enforcement of energy policies. The

control plane operates hierarchically to provide global and local infrastructure control. This hier-

archical structure ensures a comprehensive and scalable energy management approach, providing

global oversight and local control. Such hierarchy follows the same logic as the data centers’ or-

ganization described in Section 2.1.1.1. The control plane consists of three levels of controllers

(as illustrated in Figure 3.2).
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Figure 3.2: FINER control hierarchy.

• Node Controllers — At the lowest level, the node controller manages individual compute

nodes (servers). It collects real-time metrics from the CPUs and other components using

a monitoring module, applies local energy policies, and enforces power limits to optimize

energy usage at the node level.

• Rack Controllers — The intermediate level, the rack rontroller, oversees multiple node

controllers within a single rack. It aggregates metrics from all nodes in the rack and ensures

the combined power consumption stays within the rack’s power target. This level of control
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allows for balancing energy usage across nodes and optimizing the overall energy efficiency

of the rack.

• Cluster Controller — At the top level, the cluster controller provides a global view of

the entire data center, managing multiple rack controllers. It aggregates metrics from all

racks, formulates energy policies for the whole cluster, and ensures that the total power

consumption of the data center does not exceed predefined thresholds. This controller allows

for strategic decisions that optimize energy usage across the entire infrastructure, ensuring

a balance between performance and energy efficiency.

This three-level hierarchy is justified by the need for scalable and efficient energy manage-

ment in large data centers. The infrastructure’s architecture, abstracted as shown in Figure 2.1,

aligns with FINER’s hierarchical distribution. By distributing the control tasks across these levels,

the system can handle the complexity of modern data center operations, providing both detailed

control at the node level and broad oversight at the cluster level. Throughout this hierarchical

distribution, each level of the controller hierarchy only communicates with the level exactly above

and the level exactly below, abstracting from the remaining components of the system as shown in

Figure 3.2. Each level of the hierarchy comprises its corresponding physical power limit, which

is the maximum allowable power consumption that can be allocated to the components under its

control.
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Figure 3.3: Controller Abstraction.

The control plane logic can be abstracted as represented in Figure 3.3, with the applicability of

different control algorithms composed of 4 phases. Each algorithm consists of collect, compute,

enforce, and sleep phases, which operate in a constant feedback control loop. Such abstraction

enables the definition of multiple control algorithms while ensuring the holistic logic of the core
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tasks. The collect phase of the feedback control loop is used for gathering metrics (such as CPU

usage and energy consumption) exploited in the compute phase. Consequently, this phase involves

communicating with the descendant nodes, retrieving the CPU usage percentage of each core, re-

trieving the energy consumption data using RAPL, interpolating the energy consumed by each

CPU core, and mapping the energy consumption to the corresponding applications. On the other

hand, the compute phase defines how the energy target should be distributed among the descen-

dent components. Such distribution can be static (i.e., enable defining for each component fixed

energy consumption targets) or dynamic (i.e., enable assigning, for each component, energy con-

sumption targets that change over time, being adaptable to workload or system variations). The

dynamic energy distribution is accomplished through two different algorithms, Priority Algorithm

and Fairness Algorithm, described in detail Section 3.4. The Priority Algorithm assigns each

node energy target considering previously defined priorities for each component. This means that

components (racks, servers, CPU cores, applications) with higher priority have access to a larger

energy share. Conversely, components with medium or low priority get smaller portions of energy.

The Fairness Algorithm assigns each node energy target considering their proportional usage of

CPU. Therefore, components with higher CPU usage percentages can access a larger energy share.

The enforcement phase of the loop involves communicating with the descendent nodes to transmit

the enforcement rules obtained in the compute phase. At the end of the enforcement phase, the

system waits for acknowledgment (ACK) messages from the descendent nodes to confirm that

the enforcement rules have been successfully received and implemented. The sleep phase defines

the periodicity of these control cycles (e.g., perform the aforementioned control tasks at 1-second

intervals).
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3.2.2.1 Node Controller

Each node controller can be seen as an independent component that (even without communicating

with rack controllers throughout the hierarchy) can control the energy consumption of a server

by applying energy control algorithms. This controller periodically collects metrics (such as the

CPU usage, or the actual energy consumption of the server regarding the CPU cores, GPU, or a

specific application), computes the energy control algorithm (verifies if all policies are being met

by correlating the energy targets defined by the system administrator and the collected values),

and enforces the generated rules (frequencies to apply) by submitting them to the data plane.
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To perform the mentioned activities, the node controller internal design (Figure 3.4) comprises

three essential subcomponents. The energy mapping subcomponent maps the collected metrics to

the corresponding hardware components. It translates the raw data into actionable insights, deter-

mining which energy-saving measures to apply based on current conditions. The core of the node

controller, the control algorithm, processes the mapped metrics and decides the optimal energy

policies to enforce. It continuously adjusts the server’s operational parameters to balance perfor-

mance and energy efficiency. Finally, the monitoring subcomponent oversees the node’s status

in real-time, ensuring that all changes and adjustments made by the control algorithm are effec-

tive. It provides feedback to the energy mapping and control algorithm subcomponents, enabling

a closed-loop control system.

Furthermore, as seen in Figure 3.4, the node controller comprises two interfaces: one to estab-

lish the communication with rack controller and another to establish the communication with data

plane stages. The node-rack interface facilitates communication between the node controller and

the rack controller, allowing the node controller to send aggregated metrics and receive higher-

level energy policies from the rack controller. This interface ensures that the node’s energy man-

agement aligns with the overall rack-level strategy. Table 3.2 outlines the interface exposed by the

node controller to the rack controller. On the other hand, the data plane interface (Table 3.1) con-

nects the node controller with the server’s hardware components, such as CPU or GPU. It enables

interaction with the data plane, ensuring the implementation of control actions.

Table 3.2: Node-Rack interface.

Interface Description
collect_usage() Collects resource usage statistics from the

node controller.
collect_energy() Collects energy consumption statistics from the

node controller.
enf_rule(node_id, energy) Details rules to be enforced on the node controller.

A collect_usage() call (Table 3.2) gathers the resource usage metrics (such as CPU us-

age) about the node controller. This information is essential for the computing phase of the rack

controller. Furthermore, a collect_energy() call collects the node controller’s aggregated

energy consumption. It monitors the energy over time and is used to adjust the rack controller con-

trol algorithms. Finally, a enf_rule() call is used to enforce a specific energy target (energy)

in a particular node controller (identified by the node_id). This call allows the node controller

to receive the enforcement rules dictated by the rack controller and adjust its energy target.

3.2.2.2 Rack Controller

Establishing a hierarchy of controllers, even by adding a single rack controller, enables the ap-

plication of more complex energy control algorithms. Each rack controller is responsible for

periodically collecting the aggregated energy consumption of each compute node in the lower
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level of the hierarchy, computing the energy control algorithm (verify if all policies are being met

by correlating the energy targets defined by the system administrator and the collected values),

and enforcing the generated rules (energy targets) by submitting them to the node controllers in

the lower level of the hierarchy. This interaction is illustrated in Figure 3.2.

To perform these activities, the rack controller internal design (Figure 3.4) comprises the same

subcomponents as the node controller. The energy mapping subcomponent, with the same func-

tionality as in the node controller, maps the aggregated collected metrics to the corresponding

computing node. The control algorithm processes the mapped metrics and decides the optimal en-

ergy policies to enforce in each node controller. Finally, the monitoring subcomponent oversees

the aggregated computing node’s status in real-time, ensuring that all changes and adjustments

made by the control algorithm are effective and providing feedback to the energy mapping and

control algorithm subcomponents.

The rack controller also comprises two interfaces: one to establish the communication with

cluster controllers and another to establish the communication with node controllers. The rack-

rluster interface establishes communication between the rack controller and the cluster controller,

allowing the rack controller to send aggregated metrics and receive higher-level energy policies

from the cluster controller. This interface ensures that the racks’ energy management aligns with

the overall cluster-level strategy. Unlike the interface exposed by the node controller to the rack

controller (shown in Table 3.2), in this case, metrics are collected from the rack controller, and

rules are enforced in the rack controller. Apart from these differences, the interfaces are otherwise

identical. On the other hand, the node-rack interface connects the rack controller with the node

controller, ensuring the implementation of control actions throughout the hierarchy.

3.2.2.3 Cluster Controller

The responsibilities and functionalities of the cluster controller are very similar to the rack con-

troller’s, with the difference being that, instead of collecting and enforcing in node controllers, the

cluster controller interacts with rack controllers (Figure 3.2).

The cluster controller subcomponents are also very similar to the rack controller’s subcom-

ponents. The energy mapping subcomponent maps the aggregated collected metrics to the cor-

responding rack. The control algorithm processes the mapped metrics and decides the optimal

energy policies to enforce in each rack controller, and the monitoring subcomponent aggregates

each rack’s status in real-time to allow adjustments made by the control algorithm.

Unlike the node and rack controllers, the cluster controller comprises one interface to establish

communication with rack controllers. The rack-cluster interface connects the cluster controller

with the rack, ensuring the implementation of control actions throughout the hierarchy.

At this hierarchy level, the administrator can apply holistic energy control rules which will be

routed throughout the hierarchy. Such rules can be static by defining fixed energy consumption

targets for each descendent node or dynamic by employing energy control algorithms. The control

algorithms assign energy consumption targets that change over time for each descendent node.

Although the administrator can apply energy control rules at each level of the hierarchy (node
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controller, rack controller, or cluster controller), it is the cluster controller that ensures the global

optimization of energy consumption across the entire data center.

3.3 Implementation

The implementation of FINER consisted of developing the two components that make up the sys-

tem architecture: the data plane and the control plane. Each component actuates independently,

following the decoupled design principle. This section explains and describes the implementation

of each component.

3.3.1 Data Plane

The data plane was implemented with approximately 520 lines of C++ code. To complement the

logic described in the architecture (Section 3.2.1), this section particularly describes how the data

plane applies the different frequencies and how it communicates with the control plane.

DVFS For the purposes of this work, the data plane stages enforced the energy limits by ap-

plying CPU frequency scaling (DVFS). Such a technique consisted of applying the userspace

governor in all the CPU cores to ensure that specific frequencies could be enforced. Throughout

the execution of the system, as the data plane stages receive the enforcement rules, they change

the CPU frequency by overwriting the

/sys/devices/system/cpu/cpuX/cpufreq/scaling_setspeed

file (i.e., replacing the X with the corresponding CPU core number) with the received frequency.

Communication Communication with the node controller is established through UNIX Domain

Sockets. This approach allows for high-performance, low-latency communication within the same

host.

3.3.2 Control Plane

As mentioned in Section 3.1, the FINER implementation draws inspiration from SDN/SDS para-

digms. The proposed requirements and architecture align with some systems that apply the

software-defined paradigm, which ensures quality of service, maintainability, resource fairness,

performance, and scalability [66], and align with the design principles of this work’s solution.

This paradigm has been applied in different contexts and domains [50, 65, 70], which proves its

efficacy and robustness. One can find a system that follows this paradigm by analyzing the work

produced by Macedo et al. [65]. The authors implemented an application- and file system-agnostic

storage middleware 1 that enables QoS control of data and metadata workflows in HPC storage

1https://github.com/dsrhaslab/cheferd

https://github.com/dsrhaslab/cheferd
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systems. Although this work applies the software-defined paradigm in the context of storage sys-

tems, the implementation was leveraged and adapted to control energy consumption.

The control plane’s current implementation consists of approximately 5500 lines of C++ code

and includes the rack controller and node controller. The cluster controller was not developed due

to the exploratory nature of this work, the difficulty of validation, and the limited time available.

3.3.2.1 Node Controller

This section describes the node controller implementation by specifying how the monitor subcom-

ponent was developed using a CPU usage monitoring module and an energy monitoring module

and how the energy mapping occurred by translating energy to frequency and calibrating the fre-

quency. The energy control algorithms were described in Section 3.4.

CPU usage monitoring module In the node controller, the collect phase includes obtaining the

CPU usage percentage of each CPU core by accessing the file:

/proc/stat

and retrieving the information related to the number of CPU busy cycles and total cycles of each

CPU core. To determine the number of CPU busy cycles for a core, the values from user (normal

processes in user mode), nice (niced processes in user mode), and system (processes in kernel

mode) are combined. The total cycles for a CPU core are obtained by adding the idle (twiddling

thumbs) values to the busy cycles. Using the busy and total cycles of each CPU core, the core’s

CPU usage percentage is computed by dividing its busy cycles by the sum of the total cycles across

all cores.

Energy monitoring module The energy monitor phase in FINER is done through an indepen-

dent module. This is designed to measure and monitor energy consumption across various levels of

granularity in different software and hardware components. It achieves this by leveraging Intel’s

Running Average Power Limit (RAPL) interface, which provides detailed energy consumption

data. To enhance the accuracy of its measurements, FINER monitoring module employs inter-

polation techniques, allowing it to estimate the energy usage of components even when direct

measurements are not possible. The node controller collect phase includes communicating with

the energy monitor module to retrieve the energy consumption of each component.

Energy to frequency The compute phase of the feedback control loop generates the energy

targets for each descendent node, while the enforcement phase imposes the energy targets (if the

node is a rack controller) or the CPU frequencies to apply (if the node is a node controller). In the

node controller, an additional step between these phases converts the energy into frequency. This

conversion process begins with data gathered at the program’s start, specifically using a table read

from a file defined in the configuration settings. This table (which will be called the frequency-

energy table for the rest of the document) contains the available frequencies for the machine and
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the energy obtained for each CPU core running in all the frequencies. Such a table must be

obtained through profiling done as explained in Section 4.2.2.

This table enables the program to access the available frequencies and the maximum and

minimum energy consumption values corresponding to the number of active components in the

machine. Using this information, after the compute phase, an interpolation is performed. This in-

terpolation utilizes the lowest and highest available frequencies and the minimum and maximum

energy consumption values for the specific number of active components as well as the target en-

ergy to determine the ideal frequency. Then, the ideal frequency is mapped to the closest available

frequency. This conversion is done for all the components.

Calibrating frequency When some iterations of the feedback control loop pass, and the col-

lected energy consumed is too low or too high compared to the target, the energy value to distribute

is adjusted in the node controller. For the purpose of this work, the program waits until 5 itera-

tions have elapsed. After 5 iterations, if the consumed energy is lower or higher than the target, the

energy allocated for each component is adjusted by increasing or decreasing 1 W, respectively, to

fine-tune energy mapping to frequency. This adjustment only happens until the energy allocated

for each component does not surpass the maximum or falls below the minimum described in the

frequency-energy table.

Communication Communication between node and rack controllers is facilitated through Re-

mote Procedure Calls (RPC), utilizing the gRPC framework [4]. This method ensures efficient

and reliable interactions across different controllers. On the other hand, communication between

the node controller and the energy monitor module is established through UNIX Domain Sockets,

similar to the communication with data plane stages.

Energy control rules and configurations The energy control rules defined by the administrator

are specified in the configuration files that the FINER receives as input. Depending on the selected

rules, 5 different configuration files can be used: the main configuration file, the frequency-energy

table, the static rules file, the components to control file for the fairness algorithm, and the com-

ponents to control file for the priority algorithm. The main configuration file is composed of the

following parameters:

• controller — Defines the type of controller of the current node (can be - local - for the node

controller, or - global - for the rack controller).

• core_address — Specifies the IP address of the rack controller (to establish the communi-

cation).

• local_address — Configures the IP address of the node controller.

• control_type — Defines the control type (energy control rules) to be applied (can be - 0 -

for static rules, - 1 - for the fairness algorithm -, and - 2 - for the priority algorithm).
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• max_limit — Sets the energy target for the current node.

• components_to_control_file — Specifies the path to another configuration file that de-

scribes the hardware components to monitor and control.

• table_file — Configures the path to another configuration file that constitutes the frequency-

energy table.

• rules_file — Sets the path to another configuration file describing the static energy rules for

each hardware component.

These parameters are not all mandatory and can be arranged depending on the control type.

For instance, when trying to execute the node controller independently, there is no need to specify

the core_address. When using the fairness algorithm, the user needs to define the controller,

local_address, control_type, max_limit, components_to_control_file, and table_file parameters.

The components_to_control_file for the fairness algorithm describes each hardware component

(through its identifier) and its respective maximum energy limit. For instance, a line of such a file

could be:

cpu 1 3 85

defining that the system should control the CPU core 3 of package 1 and that this component has

a maximum physical power limit of 85 W. The table_file is obtained as described in Section 4.2.2,

and each line represents a CPU frequency and the energy obtained by a set of active CPU cores

running a CPU-intensive application. For instance, a line of such a file could be:

800000 14 0 0 0

describing that, in a computing node with 4 CPU cores, when applying the frequency of 800000

KHz to all the CPU cores and running a CPU-intensive application in core 0, it obtains a maximum

energy of 14 W.

When using the priority algorithm, the user needs to define exactly the same parameters. How-

ever, the components_to_control_file should be different. In this case, besides describing each

hardware component (through its identifier) and its maximum energy limit, the file needs to de-

tail each component’s priority. Each priority is defined with a number: 0 for low priority, 1 for

medium priority, and 2 for high priority components. For the provided example, a line of such a

file could be:

cpu 1 3 85 0

meaning that CPU core 3 of package 0 should have low priority.

Lastly, when setting static energy control rules, the administrator should include in the main

configuration file the parameters: controller, local_address, control_type, rules_file, and table_file.

All the parameters are the same as in the previous control types, except the rules_file. The

rules_file specifies static energy control rules by describing, in each line, the rule’s identifier,
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the hardware component identifier, and the energy target for that component. The energy target is

assumed to not surpass the hardware component’s physical maximum limit. A line of such a file

could be:

1 cpu 1 3 10

specifying that rule 1 defined an energy target of 10 W for the CPU core 3 of package 1.

3.3.2.2 Rack Controller

The rack controller constitutes an abstraction from the node controller, making its implementation

more straightforward. By following the logic described in 3.2.2.2 and using the node controller

implementation as a baseline, the rack controller implementation consisted of altering some func-

tionalities. Thus, this section details specifically the monitoring and energy mapping subcom-

ponents and how the administrator configures the system to apply different energy control rules.

The energy control algorithms, which are the same as in the node controller are described in

Section 3.4.

Monitoring and energy mapping In the rack controller, the collect phase includes retrieving

the aggregated metrics of the descendent nodes. Accordingly, the rack controller communicates

with node controllers to obtain the total CPU usage and the total energy consumption of each

computing node.

Unlike the node controller, in the rack controller enforcement phase the messages to transmit

embody the energy target for the descendent nodes (node controllers). Upon receiving the new

energy target, the node controller updates its energy limit variable, and the control algorithms are

executed with the latest information.

Energy control rules and configurations Given the rack controller abstraction, its configura-

tion is also simpler. Depending on the selected rules, 3 different configuration files can be used:

the main configuration file, the static rules file, and the components to control file for the priority

algorithm. This controller does not need the frequency-energy table, given that the translation of

energy to frequency is a node controller functionality, nor does the components to control file for

the fairness algorithm, since it relies on the establishment of communication from the node con-

trollers to know which nodes to control. The main configuration file is composed of a smaller set

of the same parameters as in the node controller.

When using the fairness algorithm, the user needs to define the controller, core_address, con-

trol_type, and max_limit parameters. These parameters have the same functionalities as in the

node controller, except the core_adress which configures the IP address of the rack controller.

If the administrator wants to apply the priority algorithm, the same parameters are used, adding

the components_to_control_file. This file follows the same structure as in the node controller. A

line of such a file could be:
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server 38 195 2

meaning that server 38 has a maximum physical power limit of 195 W and has high priority.

When applying static energy rules, the administrator needs to set the controller, core_address,

control_type, and rules_file parameters. The rules_file also follows the same structure as in the

node controller. A line of this file could be:

2 server 38 86

defining that rule 2 sets the server 38 with the target energy of 86 W. Also, in this case, it is

assumed that the energy target does not surpass the hardware component’s physical maximum

limit.

3.4 Control Algorithms

Existing energy control algorithms (Section 2.2.2) may encounter challenges in adapting to dy-

namic environments and optimizing energy consumption effectively in large-scale computing in-

frastructures. One significant concern involves the need for more comprehensive hierarchical con-

trol frameworks. Many current approaches primarily focus on optimizing power usage at the server

level, which may not fully address the broader management requirements of the entire data center.

This approach can potentially result in inefficiencies and performance challenges across differ-

ent areas of the data center, reducing overall effectiveness and energy efficiency. Furthermore,

existing policies sometimes struggle to prioritize tasks adequately and ensure equitable resource

allocation. This limitation might lead to performance bottlenecks and unequal treatment among

applications competing for resources. Moreover, current algorithms face challenges in adapting

to dynamic environments where workloads and energy sources vary, such as those incorporating

renewable energy sources. Their rigid nature can limit their ability to effectively optimize energy

consumption and maintain stable operations. Two energy control algorithms were proposed to

address these challenges: the Fairness and the Priority Algorithm.

3.4.1 Fairness Algorithm

The fairness algorithm 1 is designed to distribute energy fairly among various system components

based on their resource usage. This algorithm aims to ensure that each component receives a

fair share of the available energy while considering each component’s maximum energy limit and

current energy consumption. For the purpose of this work, the resource usage consists of the CPU

usage percentage.

The algorithm utilizes predefined variables for its computations, namely the target energy

(variable Targetenergy) to be distributed through the hardware components (which can be CPU

cores in the node controller or servers in the rack controller), the number of active hardware com-

ponents (variable Ncomp), an energy threshold (variable ε) and each component physical maximum

power limitation (variable physical_limi). While the target energy and each component’s physical
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Algorithm 1 Fairness Algorithm.

Initialize: 0 < Targetenergy < ∑
Ncomp
i=0 physical_limi ; Ncomp > 0 ; 0 ≤ ε ≤ Targetenergy ;

physical_limi > 0
1: {m_energy0, ...,m_energyNcomp−1}← collect_energy()
2: {m_usage0, ...,m_usageNcomp−1}← collect_usage()
3: le f t← Targetenergy

4: f air_share← Targetenergy/Ncomp

5: for i = 0 in [0,Ncomp−1] do
6: to_en f orcei← m_energyi

7: if m_energyi < f air_share then
8: if m_energyi + ε < f air_share then
9: if m_energyi + ε ≤ physical_limi then

10: to_en f orcei← m_energyi + ε

11: else
12: if f air_share≤ physical_limi then
13: to_en f orcei← f air_share
14: else
15: to_en f orcei← f air_share
16: le f t← le f t− to_en f orcei

17: visited_comp← []
18: while le f t > 0 & length(visited_comp)< Ncomp do
19: copy_le f t← le f t
20: for i = 0 in [0,Ncomp−1] do
21: if not visited_comp.contains(i) then
22: to_en f orce_le f t← m_usagei× copy_le f t
23: if to_en f orcei + to_en f orce_le f t ≤ physical_limi then
24: to_en f orcei← to_en f orcei + to_en f orce_le f t
25: le f t← le f t− to_en f orce_le f t
26: if to_en f orce_le f t = 0 then
27: visited_comp.add(i)
28: else
29: le f t← le f t− physical_limi− to_en f orcei

30: to_en f orcei← physical_limi

31: visited_comp.add(i)
32: en f orce({to_en f orce0, ..., to_en f orceNcomp−1})
33: sleep(loop_interval)

power limitation are obtained through the configurations of the system, the number of active com-

ponents is calculated based on the collected metrics, and the energy threshold is defined as 1 for

the purpose of this work.

After collecting the metrics (energy consumption values through variables m_energyi, and

resource usage proportion through variables m_usagei), the algorithm starts by calculating a fair

share of energy for each hardware component (variable f air_share). This is done by dividing the

total energy to be distributed by the number of active components. Also, the remaining energy
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(variable le f t) is initialized. After this, the algorithm is divided into two phases. Phase one (lines

5 to 16) distributes energy equitably among system components, and phase two (lines 17 to 31)

distributes the leftover energy.

As phase one iterates through each component (line 5), it initializes the energy allocation of

the current hardware component (variable to_en f orcei) with the current energy consumption of

the component (variable m_energyi). Then, it evaluates whether the current energy consumption

is less than the calculated fair share (line 7). The algorithm allocates the corresponding fair share

if the current energy consumption exceeds the calculated fair share (line 15). However, if the

current energy consumption of the hardware component is less than the calculated fair share, the

energy allocation is adjusted considering the energy threshold, the fair share, and the component’s

physical limitations (lines 8 to 13).

If adding a threshold to the current consumption surpasses the component’s fair share, the

energy target to enforce in the hardware component is its fair share (line 13), as long as it does not

surpass the component’s physical maximum limitation. Conversely, if adding a threshold to the

current consumption remains below the component’s fair share (line 8), that is the energy target

to enforce as long as it does not surpass the component’s physical maximum limitation (line 10).

Throughout this phase, the algorithm updates the variable to track the remaining energy (left, line

16).

The second phase of the algorithm (lines 17 to 31) begins by initializing a variable (visited-

_comp) for storing the hardware components that should not increase their energy allocation (be-

cause they are in an idle state or at their physical power maximum limit). Thus, this variable stores

the "visited components". Then, the algorithm continues distributing energy as long as there is

leftover energy and not all components have been visited (line 18). In each iteration, for each

unvisited component, the algorithm calculates the additional energy portion to allocate (variable

to_en f orce_le f t) based on the component’s resource usage proportion (variable m_usagei) and

the leftover energy (variable copy_le f t, line 22). If adding the additional energy portion (variable

to_en f orce_le f t) to the already allocated energy target (variable to_en f orcei) does not surpass

the hardware component’s physical power maximum limit, the energy target of the component is

updated with that total energy, and the leftover energy is updated by subtracting the additional

portion of energy that was allocated (lines 24 and 25).

However, if adding the additional energy portion surpasses the component’s physical maxi-

mum limit, the energy target to enforce is updated with the physical maximum energy limit (line

30), and the leftover energy is adjusted by subtracting the difference between the physical maxi-

mum energy limit and the energy target allocated in the first phase (this difference corresponds to

the additional portion that is being added to the to_en f orcei variable, line 29). Additionally, in

this case, the component is added to the visited components variable. In the case where the addi-

tional energy portion (variable to_en f orce_le f t) gets the zero value (due to resource unutilization,

where the hardware component is, for instance, in an idle state), the component is also added to

the visited components variable (line 27). After the two phases, the generated rules are enforced

in the descendent nodes (line 32), and the algorithm finishes by sleeping for loop_interval before
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beginning a new control cycle (line 33).

The fairness algorithm ensures that energy is distributed across system components in a fair

and balanced manner. By initially allocating a fair share and then proportionally distributing any

leftover energy based on CPU usage, the algorithm ensures efficient and fair energy management

while respecting each component’s maximum limits.

3.4.2 Priority Algorithm

The priority algorithm 2 distributes energy among various system components based on their pri-

ority levels and energy consumption. This algorithm ensures that higher priority components

receive a proportionally larger share of the available energy while considering each component’s

maximum energy limit and current energy consumption. For the purpose of this work, three pri-

ority levels were defined: high, medium, and low priority. However, the priority levels can be

modified and even expanded. Currently, the priorities do not change over time, and each hardware

component is given a defined priority in the configuration files, as explained in Section 3.3.2.1.

The priority algorithm relies on the auxiliary function get_priorities_percentage for deter-

mining the energy proportion allocated to each priority level. This function takes as parameters

the numbers of hardware components in each priority level (variables Nhigh_priority, Nmid_priority,

and Nlow_priority) and returns a vector that stores the calculated energy proportions for each priority

level. The get_priorities_percentage function utilizes the Analytic Hierarchy Process (AHP) [80]

to define these proportions based on the relative importance of high, medium, and low priority

components. The Analytical Hierarchy Process (AHP) is a structured technique used for organiz-

ing and analyzing complex decisions based on mathematics and psychology. AHP helps decision-

makers break down a problem into a hierarchy of more easily comprehensible sub-problems, each

of which can be analyzed independently. The process involves defining the problem and struc-

turing the hierarchy from the top (the goal of the decision) through intermediate levels (criteria

on which alternatives are evaluated) to the bottom level (the list of alternatives). Decision makers

then perform pairwise comparisons of the elements at each level, rating their relative importance

on a numerical scale (from 1 to 9). This scale follows the standard codes:

• 1 - Equal importance.

• 3 - Moderate importance.

• 5 - Strong importance.

• 7 - Very strong importance.

• 9 - Extreme importance.

• 2, 4, 6, 8 - Intermediate values.

• 1/3, 1/5, 1/7, 1/9 - Inverse comparison.
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These comparisons are used to generate a set of priorities for each element. Finally, the numer-

ical priorities derived for each level are synthesized to determine which decision option has the

highest overall priority and should be selected. AHP is widely used in various fields such as busi-

ness, healthcare, and government for decision-making processes where multiple criteria need to

be considered.

In the context of this work, an adaptation of the AHP algorithm was implemented. Instead of

following through the entire algorithm, the AHP was applied to reach the criteria relative weights,

which, in this context, correspond to the relative importance of each priority level. The algorithm

was implemented by attributing the following relative importance for each priority level (taken as

the criteria):

• Value 9 to high priority components compared to low priority ones. High priority is ex-

tremely important compared to low priority.

• Value 5 to medium priority components compared to low priority ones. Medium priority is

strongly important compared to low priority.

• Value 4 to high priority components, compared to medium priority ones. High priority is

moderate to strongly important compared to medium priority.

These values were attributed in a way that the consistency ratio obtained was 0.062296, smaller

than the standard value of 0.10. Meaning that the metrics are reasonably consistent. These relative

importances configured the following pairwise comparison matrix:

1 1
5

1
9

5 1 1
4

9 4 1

 which after nor-

malization and applying the criteria weights calculations resulted in the following priority level

percentages:

• High Priority Percentage = 0.701308;

• Medium Priority Percentage = 0.236438;

• Low Priority Percentage = 0.062254;

Given that the number of hardware components in each priority level can differ from one, it would

not be correct to simply use these percentages to calculate the energy portion for each component

(as the sum of the proportions would result in a value higher than 100%). To ensure the correctness

of the function, the proportions are normalized considering the number of components in each

priority level. Finally, the adjusted percentages are assigned to the returned vector. The order of

insertion is low, medium, and high, respectively. It is important to note that these values can be

modified taking into account the system administrator preferences.
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Algorithm 2 Priority Algorithm.

Initialize: 0 < Targetenergy < ∑
Ncomp
i=0 physical_limi ; Ncomp > 0 ; 0 ≤ ε ≤ Targetenergy ;

physical_limi > 0 ; priorityi ∈ {high,mid, low} ; 0 ≤ Nhigh_priority ≤ Ncomp−Nmid_priority−
Nlow_priority ; 0≤Nmid_priority≤Ncomp−Nhigh_priority−Nlow_priority ; 0≤Nlow_priority≤Ncomp−
Nhigh_priority−Nmid_priority

1: {m_energy0, ...,m_energyNcomp−1}← collect_energy()

2: le f t← Targetenergy

3: priorities_percentage[]← get_priorities_percentage(Nhigh_priority,Nmid_priority,Nlow_priority)

4: hp_energy_budget← priorities_percentage[2]×Targetenergy

5: mp_energy_budget← priorities_percentage[1]×Targetenergy

6: l p_energy_budget← priorities_percentage[0]×Targetenergy

7: visited_comp← []

8: for i = 0 in [0,Ncomp−1] do
9: comp_budget← 0

10: if m_energyi = 0 then
11: comp_budget← ε

12: visited_comp.add(i)

13: else if priorityi = high then
14: comp_budget← hp_energy_budget/Nhigh_priority

15: else if priorityi = mid then
16: comp_budget← mp_energy_budget/Nmid_priority

17: else
18: comp_budget← l p_energy_budget/Nlow_priority

19: if comp_budget ≤ physical_limi then
20: to_en f orcei← comp_budget

21: else
22: to_en f orcei← physical_limi

23: le f t← le f t− to_en f orcei

24: while le f t > 0 & length(visited_comp)< Ncomp do
25: consumption_proportion← 0

26: copy_le f t← le f t

27: Nhigh_priority,Nmid_priority,Nlow_priority← 0

28: total_energy_hp, total_energy_mp, total_energy_l p← 0

29: for i = 0 in [0,Ncomp−1] do
30: if not visited_comp.contains(i) then
31: if priorityi = high then
32: total_energy_hp← total_energy_hp+m_energyi

33: Nhigh_priority← Nhigh_priority +1

34: else if priorityi = mid then
35: total_energy_mp← total_energy_mp+m_energyi

36: Nmid_priority← Nmid_priority +1

37: else
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38: total_energy_l p← total_energy_l p+m_energyi

39: Nlow_priority← Nlow_priority +1

40: priorities_percentage[]← get_priorities_percentage(Nhigh_priority,Nmid_priority,Nlow_priority)

41: hp_share← priorities_percentage[2]× copy_le f t

42: mp_share← priorities_percentage[1]× copy_le f t

43: l p_share← priorities_percentage[0]× copy_le f t

44: for i = 0 in [0,Ncomp−1] do
45: if not visited_comp.contains(i) then
46: if priorityi = high then
47: consumption_proportion← m_energyi/total_energy_hp

48: to_en f orce_le f t← consumption_proportion×hp_share

49: else if priorityi = mid then
50: consumption_proportion← m_energyi/total_energy_mp

51: to_en f orce_le f t← consumption_proportion×mp_share

52: else
53: consumption_proportion← m_energyi/total_energy_l p

54: to_en f orce_le f t← consumption_proportion× l p_share

55: if to_en f orcei + to_en f orce_le f t ≤ physical_limi then
56: to_en f orcei← to_en f orcei + to_en f orce_le f t

57: le f t← le f t− to_en f orce_le f t

58: if to_en f orce_le f t = 0 then
59: visited_comp.add(i)

60: else
61: le f t← le f t− physical_limi− to_en f orcei

62: to_en f orcei← physical_limi

63: visited_comp.add(i)

64: en f orce({to_en f orce0, ..., to_en f orceNcomp−1})
65: sleep(loop_interval)

The priority algorithm utilizes predefined variables for its computations, namely the target

energy (variable Targetenergy) to be distributed through the hardware components (which can be

CPU cores in the node controller or servers in the rack controller), the number of active hardware

components (variable Ncomp), an energy threshold (variable ε), and each component’s physical

maximum power limitation (variable physical_limi). Additionally, it uses priority levels for each

component (variable priorityi) and the number of components in each priority level (variables

Nhigh_priority, Nmid_priority, and Nlow_priority). The target energy, each component’s physical power

limitation, each component’s priority, and the number of components in each priority level are

obtained through the configurations of the system. The number of active components is calculated

based on the collected metrics, and the energy threshold is defined as 1 for the purpose of this
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work.

After collecting the metrics (energy consumption values through variables m_energyi), the al-

gorithm starts by obtaining each priority level energy proportion by retrieving the vector

priorities_percentages from the get_priorities_percentage function (line 3). After that, it is cal-

culated the energy budget for each priority level based on their proportions (variables hp_energy-

_budget, mp_energy_budget, and l p_energy_budget, lines 4 to 6). This is done by multiplying the

target energy by the proportion of each priority level. Additionally, the remaining energy (variable

le f t) and the visited components (variable visited_comp) are initialized. The algorithm is divided

into two phases. Phase one (lines 8 to 23) distributes energy based on priority among system com-

ponents, and phase two (lines 24 to 63) distributes the leftover energy based on each component’s

priority and energy consumption.

As phase one iterates through each component, it initializes the energy budget of the current

hardware component (variable comp_budget, line 9) based on its priority level. High priority

components get a budget obtained by dividing the total high priority budget (variable hp_energy-

_budget) by the number of high priority components (variable Nhighpriority, line 14). The medium

and low priority hardware components’ budgets are calculated the same way, with the respective

variables (lines 16 and 18, respectively). If the component’s current energy consumption is zero,

it is added to the list of visited components (variable visitedcomp), and its budget is updated with

the energy threshold (lines 11 and 12). The algorithm then allocates energy (variable to_en f orcei)

based on the component’s energy budget and physical limitations. If the component’s energy

budget is within its physical limit, it is allocated that budget (line 20). Otherwise, it is allocated up

to the physical limit (line 22), and the remaining energy (variable le f t) is adjusted accordingly.

The second phase of the algorithm (lines 24 to 63) continues distributing energy as long as

there is leftover energy and not all components have been visited. This phase is also divided

into two subphases. Subphase one (lines 25 to 43) is used to update the total energy consumed

by each priority level (variables total_energy_hp, total_energy_mp, and total_energy_l p, lines

32, 35, and 38), as well as the number of components in each priority level (variables Nhigh_priority,

Nmid_priority, and Nlow_priority, lines 33, 36, and 39) to which portions of energy can still be allocated

(hardware components which are not in an idle state, nor at the physical maximum power limit),

and each level’s energy budget (variables hp_share, mp_share, and l p_share) using again the

auxiliary function get_priorities_percentage (lines 40 to 43).

The second subphase (lines 44 to 63) distributes the leftover energy of each priority level

according to current energy consumption. In each iteration, for each unvisited component, the

algorithm calculates its consumption proportion (variable consumption_proportion) based on its

priority level and current energy consumption (lines 47, 50, and 53). This proportion is obtained by

dividing the energy consumed by the component by the total energy consumed by the components

in the same priority level. The additional energy portion to allocate (variable to_en f orce_le f t)

is then determined by multiplying this consumption proportion by the remaining energy budget

for the corresponding priority level (lines 48, 51, and 54). If adding the additional energy por-

tion (variable to_en f orce_le f t) to the already allocated energy target (variable to_en f orcei) does
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not surpass the hardware component’s physical power maximum limit, the energy target of the

component is updated with that total energy, and the leftover energy is updated by subtracting

the additional portion of energy that was allocated (lines 56 and 57). However, if adding the ad-

ditional energy portion surpasses the component’s physical maximum limit, the energy target to

enforce is updated with the physical maximum energy limit, and the leftover energy is adjusted

by subtracting the difference between the physical maximum energy limit and the energy target

allocated in the first phase (lines 61 and 62). Additionally, in this case, the component is added to

the visited components variable. If the additional energy portion (variable to_en f orce_le f t) gets

the zero value, the component is also added to the visited components variable (line 59). After the

two phases, the generated rules are enforced in the descendant nodes, and the algorithm finishes

by sleeping for loop_interval before beginning a new control cycle (lines 64 and 65).

The priority algorithm ensures that energy is distributed across system components in a pri-

oritized and balanced manner. The algorithm ensures efficient and fair energy management while

respecting each component’s maximum limits by initially allocating energy budgets according to

priority and then proportionally distributing any leftover energy based on energy consumption.

3.5 Summary

The FINER proposed solution for energy management in data centers aims to advance state of the

art by introducing a hierarchical, fine-grained, and adaptive control system. This system provides

efficient and scalable energy management through real-time monitoring, dynamic adjustment, and

granular control across different infrastructure levels. The solution introduces key principles such

as a decoupled design, fine-grained energy control, coordinated control, and adaptable energy

tunning and provides a structured approach to monitor, compute, and enforce different energy

policies. The architecture comprises a three-level hierarchical control plane, consisting of node

controllers, rack controllers, and a cluster controller. This structure ensures a global view and

control over the entire data center while enabling localized, fine-grained management. Node con-

trollers manage individual compute nodes, rack controllers oversee nodes within a rack, and the

cluster controller coordinates the overall energy strategy across the data center.

The proposed control algorithms are designed to dynamically adjust energy usage based on

real-time metrics. These algorithms operate in three phases: collect (gathering metrics from the

descendent nodes of the hierarchy), compute (analyzing metrics to determine optimal energy al-

location), and enforce (implementing strategies to balance performance and energy efficiency).

The fairness algorithm was designed to distribute energy fairly among various system compo-

nents based on their resource usage, while the priority algorithm distributes the energy among the

descendent nodes based on their priority levels and energy consumption.

FINER is particularly useful in large-scale data center infrastructures where energy efficiency

is paramount. It is ideal for environments with high computational demands, such as high-

performance computing clusters, and supercomputers. The current focus of the solution is on CPU

energy management. This decision is crucial because many clusters exclusively use CPUs. This
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trend is also relevant given the emergence of supercomputers with ARM chips, such as RIKEN’s

Fugaku [3] and TACC’s VISTA (Grace/GraceHopper) [9]. The solution aligns with the ongoing

shift towards ARM-based supercomputing by targeting CPUs, ensuring its applicability to future

high-performance computing systems.

In summary, the proposed solution offers a fine-grained, holistic, hierarchical energy controller

for managing the energy consumption in data centers, advancing the state of the art with real-time

adaptive control and granular management. It is particularly suited for large-scale, CPU-centric

infrastructures, addressing the growing trend of ARM-based supercomputing.



Chapter 4

Experimental Evaluation

The evaluation of the proposed solution sets out to answer the following questions:

1. Can FINER employ different energy control algorithms over the infrastructure?

2. Can FINER dynamically adapt to system changes?

3. Can FINER control the infrastructure’s energy consumption at different granularity levels?

4. What is the performance impact in FINER when the number of components to manage

increases?

4.1 Experimental Setup

The experiments were performed with the following experimental setup.

Hardware and OS configurations The experiments were conducted under three different hard-

ware configurations. Compute Node 1 (CN1) respects to a server with two 24-core Intel Xeon

Gold 6342 2.8GHz processors, 192 GiB of memory, a 480 GiB SATA SSD, and connected with a

10 Gbps network card. Compute Node 2 (CN2) respects to a commodity server, configured with

an Intel Core i3 4170 3.7GHz CPU, 16 GiB of memory, a 120GB SATA SSD, and a 1 Gbps net-

work card. Compute Node 3 (CN3) respects to a server with two 18-core Intel Xeon Gold 6240

2.6 GHz CPU, 192 GiB of memory, a 480 GiB SATA SSD, connected with a 10 Gbps network

card. Software-wise, all servers were configured with Ubuntu Server 20.04 LTS with Linux kernel

5.4.0 and an ext4 file system.

Applications and workloads To demonstrate the applicability and effectiveness of FINER in a

realistic testing environment, three different applications that provide representative workloads of

those executed in large-scale infrastructures were selected.

The first application is PyTorch [60], a popular machine learning framework commonly used

for training deep learning and large language models. The SqueezeNet neural network [49, 8]

51
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with the CIFAR-100 dataset [59] was used for all testing scenarios. PyTorch was configured with

4 workers with dataset shuffling enabled. Each training iteration handled a batch size of 1024

samples. PyTorch was selected because it exhibits a compute-intensive workload, with periodic

phases for model validation and checkpointing. Although training is primarily conducted over

GPU devices in a production environment, this configuration is used to demonstrate the feasibility

of using FINER. Support for GPU frequency tuning is planned for future work.

The second application is RocksDB [6], a popular log-structured merge-tree key-value store

from Meta, used as a storage engine for databases, machine learning engines, and file systems. For

all testing scenarios, the YCSB benchmark was executed over RocksDB with a read-write mixture

workload (namely, workload A, with 50% reads and 50% writes). Experiments were conducted

with 100M key-value pairs in a uniform distribution over a preloaded dataset of 50M key-value

pairs, with 16B-sized keys and 100B-sized values. RocksDB was set with a single client generat-

ing the main load and configured with 4 background threads for handling internal operations of the

key-value store, specifically 3 compaction threads and 1 flushing thread. RocksDB was selected

because it exhibits an I/O-intensive workload, with periodic phases of medium compute load due

to compactions being triggered.

The third application is the High-Performance Linpack (HPL) benchmark [15], a software

package used for solving random dense linear systems with double-precision arithmetic on distribu-

ted-memory computers. HPL is widely used to assess compute node performance in HPC super-

computers. For all experiments, the number of problem sizes (N) was set to 8, with the following

sizes: 900, 8000, 10000, 8000, 900, 3000, 6000, and 10000. These sizes represent the dimen-

sions of the processed matrices, which impact the computational load and memory usage. HPL

was selected because it exhibits a compute-bound workload, making it suitable for evaluating the

computational performance and efficiency of the system.

All the applications evaluated in this study were running locally. Although analyzing the

performance and impact of energy control on distributed applications would be interesting, this is

left for future work.

Methodology For most tests, all applications were run simultaneously on the same server to

ensure that FINER’s energy management capabilities were evaluated under high-load conditions.

The node controller, responsible for managing the energy consumption of individual compute

nodes, was executed directly on the server hosting the applications, specifically in CN1.

Core affinity was defined for each application to ensure proper control of the applications and

prevent their processes from being scheduled across different CPU cores. This setup simulated

cloud environments where containers or virtual machines are used, as well as HPC environments

that employ operating system primitives like cgroups for isolation. Additionally, applications

were run on the same NUMA (Non-Uniform Memory Access) node, while the FINER processes,

primarily the node controller, were run on a different NUMA node. This separation aimed to

minimize the energy impact associated with managing and monitoring tasks, ensuring that the
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evaluation focused on the energy consumption of the applications themselves rather than the over-

head introduced by FINER.

4.2 Profiling

A workload characterization of each application was conducted to gain a deeper understanding

of application functionality and draw conclusions about their energy consumption, analyzing the

CPU, memory, and disk utilization.

Furthermore, comprehensive profiling over CN1 CPU cores was conducted to understand (i)

the energy consumption range (i.e., minimum and maximum) of the server and (ii) the impact on

the energy consumption of CPU cores when set at different operation frequencies. The profiling

utilized a CPU-intensive application, which continuously calculates prime numbers. This profiling

was crucial for understanding how different operating frequencies impact the energy consumption

of the CPU cores, which was used for implementing an effective energy-to-frequency mapping

strategy.

4.2.1 Workload characterization

To understand how the three applications behave in terms of resource occupation, a set of ex-

periments was conducted to retrieve the CPU, memory, and disk usage. All reported resource

utilization metrics were collected using the dstat1 monitoring tool.
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Figure 4.1: HPL profiling with CPU, memory and disk usage.

1https://linux.die.net/man/1/dstat

https://linux.die.net/man/1/dstat
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HPL The HPL profiling is depicted in Figure 4.1. While HPL is considered a CPU-intensive

application, it presents a total CPU usage of 2% due to using only one CPU core (out of 48).

Nevertheless, upon further inspection, it was found that the utilization of the CPU core respon-

sible for executing HPL was actually at 100% at all times. HPL presents minimal disk activity,

with occasional spikes in write activity up to 0.2 MB/s and a bigger spike of 6 MB/s at 95 s (as

HPL transitions from one matrix size to another, it involves temporary storage or checkpointing

by writing intermediate results to disk, particularly in this case where the problem sizes vary sig-

nificantly, with the largest matrix being more than 10 times larger than the smallest one). The

buffer and cache memories are both stable at 0.07 GB and 4.4 GB, respectively, showing consis-

tent caching behavior. Nevertheless, the used memory varies between 1.1 GB and 1.8 GB, with

periods of constant values.
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Figure 4.2: RocksDB profiling with CPU, memory and disk usage.

RocksDB Contrarely to HPL (which shows a constant usage of CPU), RocksDB’s CPU usage

oscilates between 2 and 5% (Figure 4.2). The periodic peaks are caused by the background threads

of RocksDB, specifically flushes and compactions. Such peaks can also be observed in disk utiliza-

tion (writes). This application uses much more disk, with write operations going from 12 KB/s up

to 130 MB/s. While the write activity managed by RocksDB initially interacts with the operating

system’s page cache before potentially persisting data to long-term storage, the read operations

benefit from direct memory access hence, little read activity at disk level is observed. The buffer

memory is stable at around 0.07 GB, while the cache oscillates between 4.07 and 4.4 MB due

to compactions being triggered by RocksDB (i.e., compactions read several files, merge them in
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memory, and flush them to persistent storage), and the used memory continuously increases from

1 to 2 GB.
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Figure 4.3: PyTorch profiling with CPU, memory and disk usage.

PyTorch PyTorch is the application that uses more CPU, with around 100% CPU utilization

(Figure 4.3). It presents periodic phases that mark the end of training epochs, during which model

validation is conducted. The disk activity is minimal (similar to HPL), with two spikes of the

write operation around 6 MB/s. Regarding memory, PyTorch used far more memory than the other

applications, with initial values around 5 GB and transitioning to values around 9 GB thereafter,

with occasional troughs of around 5 GB. The buffer and cache memories remained stable at around

0.07 and 4.5 GB, respectively.

To summarize, the profiling of HPL, RocksDB, and PyTorch enabled several conclusions to

be drawn. The three applications are very different in terms of behavior and resource utilization.

PyTorch is by far the application that uses more CPU and memory, RocksDB is the application

that uses more disk, with some read operations but mostly write activity, and HPL has the lowest

resource consumption and is the most stable application.

4.2.2 Energy – core frequency analysis

A comprehensive profiling of the CN1 server was conducted to further understand the impact of

energy consumption across cores operating at different frequencies.
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Using a specially designed CPU-intensive application that continuously calculates prime num-

bers, the evaluation consisted of running the application for 1 minute for each set of CPU cores

(between 1 and 48) for each of the available frequencies, namely 0.8 GHz, 0.9 GHz, 1.1 GHz,

1.2 GHz, 1.4 GHz, 1.5 GHz, 1.7 GHz, 1.8GHz, 1.9 GHz, 2.1 GHz, 2.2 GHz, 2.4 GHz, 2.5 GHz,

2.7 GHz, 2.8 GHz, and 2.801 GHz. For instance, for the lowest frequency (0.8 GHz), the primes

application was executed with affinity in CPU core 0 for 1 minute, then executed with affinity in

CPU cores 0 and 1, then in CPU cores 0, 1, and 2, and so on, until the 48 CPU cores were used.

Thus, given that a NUMA node of the machine has the CPU cores identified with odd numbers and

the other has the cores identified with even numbers (between 0 and 47), this experiment evaluated

the usage of 1 core of one NUMA node, then 1 core of the other NUMA node, then 2 cores of the

same NUMA node and 1 core of the other NUMA node, then 2 cores of each NUMA node, so on

and so forth.

Given that the application was CPU-intensive, the CPU usage of the corresponding cores was

at 100%. Thus, this evaluation showed the maximum energy consumption value for each fre-

quency and each set of cores. Apart from Figures 4.4a and 4.4b, the results of these experiments

can be found in Appendix A. Due to space constraints, the results were separated into matrices,

each matrix representing a set of CPU cores to draw conclusions about the effects of applying

different frequencies to the same sets of CPU cores, presented as heatmaps. Throughout this ex-

periment, it was found that applying the same frequency to the same number of CPU cores in

both NUMA nodes resulted in the same energy consumption values, thus, the figures presented in

appendix A correspond to increasing one CPU core in the same NUMA node. The missing results

(corresponding to even numbers of CPU cores) would show the same energy values for the other

NUMA node. For instance, Figure 4.4b shows the results of using 3 CPU cores in one NUMA

node and 2 in the other, resulting in a total of 5 CPU cores running. However, showing a figure

with 6 active CPU cores would show the same conclusions as the values (and colors) of the 3 CPU

cores running in the same NUMA node.

As depicted in the plots, there is a big difference in the energy consumption values of a CPU

core when the number of active cores in the same NUMA node increases. Figure 4.4a, for instance,

depicts this very well, as for the highest frequency (2.801 GHz), the energy values of CPU cores

0 and 3 (in the same NUMA node) go up to 45 and 41 W, while the energy value of core 2 (in the

other NUMA node) goes up to 81 W. This insight is confirmed in different frequencies and sets

of cores, which means that the number of active CPU cores affects the maximum energy of each

CPU core.

Furthermore, it appears that the energy consumption is not linearly proportional to the applied

frequencies. For instance, in Figure A.1a, the energy value for a single CPU core remains around

40 W until the highest two frequencies, where it rises to 77 and 81 W. This is supported by the

remaining figures, which display contrasting jumps between energy values rather than a gradient.

Even though applying higher frequencies increases energy consumption, a different frequency

does not necessarily mean a different energy consumption value. Figure A.8a, for instance, depicts

that from frequency 0.8 to 1.2 GHz, the energy spent by each CPU core is 2 W (with a total of 94
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(a) 3 CPU cores.
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(b) 5 CPU cores.

Figure 4.4: Experiments measuring energy consumption per set of CPU cores in CN1.

W). When transitioning to 1.4 GHz, the energy spent by each CPU core rises to 3 W (with a total

of 141 W) and remains that way until 1.9 GHz.

In summary, this profiling allowed some conclusions to be drawn. In CN1 there are 16 different

frequencies available to apply (ranging from 0.8 to 2.801 GHz), and the maximum energy con-

sumption is 384 W, obtained with all CPU cores (48) running at maximum frequency. The energy

spent by a CPU core is influenced by the other active cores, and applying different frequencies

does not necessarily mean different energy consumption values. The energy consumption is not

linearly proportional to the frequencies.
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4.3 Node-level energy control

This section evaluates the system’s effectiveness in controlling energy consumption over the sin-

gle compute node (i.e., node-level energy control). CN1 is used for accommodating the node

controller and executing the applications.

For these experiments, the energy and performance of the three selected applications were

compared. Each application ran on specific CPU cores as detailed in Table 4.1, across three dis-

tinct scenarios: (i) Linux CPUFreq governors, representing the current state-of-practice in mod-

ern operating systems (the baseline), (ii) FINER with the priority energy control algorithm, and

(iii) FINER with the fairness energy control algorithm. In all experiments, the applications were

executed simultaneously. FINER was configured with a single node controller responsible for

managing the energy consumption of each application.

Table 4.1: Applications running and corresponding CPU core affinity.

Application CPU core affinity
PyTorch 1, 3, 5, 7
HPL 9
RocksDB 11, 13

4.3.1 Linux CPUFreq governors

This section explores the foundational assessment of the system, setting a benchmark for the eval-

uations of the node controller. This baseline evaluation serves as a critical reference point, pro-

viding an initial snapshot of the system’s performance to understand its current capabilities and

limitations.

To obtain the baseline evaluation, different experiments were conducted to represent various

CPU frequencies at which applications were executed, applying the performance, powersave, and

ondemand governors. Additionally, a fourth testing scenario considered setting the performance

and powersave governors differently for each application, simulating the concept of energy prior-

ities.

Performance governor Figures 4.5a, 4.5b, and 4.5c depict the overall energy consumption of

CN1, each application’s energy consumption, and each CPU core’s energy consumption, respec-

tively, under the performance governor. Running PyTorch, HPL and RocksDB, and applying the

governor performance in all CPU cores (which sets the frequency to its highest value, as shown

in Figure 4.5d) results in average power consumption of more than 115 W, with around 120 W

up to 235 s and dropping to around 115 W after that time. This power consumption was dis-

tributed between the applications as shown in Figure 4.5b, with PyTorch spending around 80 W,

HPL spending around 20 W and RocksDB spending between 20 and 32 W until 235 s. When 235

s elapsed since the test started, HPL terminated. After that period, PyTorch spent around 92 W,
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(c) Per CPU core energy consumption.
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(d) Per CPU core applied frequency.

Figure 4.5: Experiments for the performance governor under the node-level energy control setting.

and RocksDB spent between 23 and 39 W, until 500 s. The findings in Section 4.2.2 justify this

increase in both applications’ energy consumption. As explained, when the number of active CPU

cores in the same NUMA node decreases, the energy consumption of each core reaches higher val-

ues. With the termination of HPL, the number of active cores decreases, wich leads to an increase

in each active core energy consumption. After this period and until the end of the test, PyTorch

consumption rose a little to around 96 W, and RocksDB dropped a little to between 17 and 35 W.

It is not surprising that PyTorch consumes much more energy than HPL and RocksDB since

it uses 4 CPU cores and is a CPU-intensive application. Although HPL is also a CPU-intensive

application, it only uses 1 CPU core, thus it consumes much less energy. RocksDB uses 2 CPU

cores, but since it is more I/O-intensive, it presents spikes when the workers use the CPU and drops

when some workers use the CPU and others use the disk. These conclusions are corroborated by

Figure 4.5c. Although PyTorch consumes more energy than HPL when analyzing the energy

consumption per CPU core, one can see that core 9 (running HPL) consumes more or less the

same as cores 1, 3, 5, and 7 (running PyTorch). All these cores spend around 20 W each, with

core 9 spending a little more than the rest. The RocksDB conclusions are also corroborated since

it is shown that cores 11 and 13 (running RocksDB) take turns spending 0 W, which means they

are not used at certain times due to few background tasks or some bottleneck in the storage.
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Figure 4.6: Experiments for the powersave governor under the node-level energy control setting.

Powersave governor Figures 4.6a, 4.6b, and 4.6c depict the overall energy consumption of

CN1, the energy consumption of each application, and the energy consumption of each CPU core,

respectively, under the powersave governor (which sets the frequency to its lowest value as seen in

Figure 4.6d) results in an average power consumption of around 51 W (Figure 4.6a). This power

consumption was distributed between the applications as shown in Figure 4.6b, with PyTorch

spending around 35 W, HPL spending around 8 W, and RocksDB spending between 8 and 16 W.

The conclusions about the applications’ behavior and energy consumption are the same as in the

last test, also confirmed by analyzing the energy per CPU core (Figure 4.6c).

These results show that applying the powersave governor significantly reduces overall energy

consumption (of approximately 65 W) when compared to using the performance governor. Py-

Torch, HPL, and RocksDB decreased their energy consumption by approximately 45, 12, and 12

W, respectively. By running at the lowest frequency, HPL did not even terminate during the test

execution.

Ondemand governor Figures 4.7a, 4.7b, and 4.7c depict the overall energy consumption of

CN1, the energy consumption of each application, and the energy consumption of each CPU core,

respectively, under the ondemand governor. By applying this governor (which adjusts the fre-

quency dynamically based on the current load, initially ramping up to the highest frequency, and
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Figure 4.7: Experiments for the ondemand governor under the node-level energy control setting.

then reducing it if idle time increases), one obtains the average consumption of around 113 W as

shown in 4.7a. The values obtained in this evaluation were very similar (almost identical) to the

ones obtained in Section 4.3.1. Figures 4.7b and 4.7c enabled the same conclusions to be drawn:

PyTorch spends a higher amount of energy because uses more CPU cores, and the energy per CPU

core is logical.

Mixed governors Figures 4.8a, 4.8b, and 4.8c depict the overall energy consumption of CN1,

the energy consumption of each application, and the energy consumption of each CPU core, re-

spectively, under a mixed use of the performance and powersaving governor. For this experiment,

a scenario where HPL and RocksDB applications have high priority, and PyTorch has low priority

was simulated. As such, the CPU cores of all high priority applications are configured with the

performance governor, while PyTorch’s cores are set with the powersave governor. This evalua-

tion resulted in an average power consumption of 90 W (Figure 4.8a). As in Section 4.3.1, the

total energy consumption drops from around 95 W to around 85 at 220 s due to the termination

of HPL. However, the energy spent by each application (Figure 4.8b) was very different from the

last evaluations. Since HPL and RocksDB were running at the highest frequency, their energy

consumption was higher than PyTorch’s (which was running at the lowest frequency). While HPL

is running, it spends around 34 W, and RocksDB spends between 32 and 50 W, both application’s
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(c) Per CPU core energy consumption.
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(d) Per CPU core applied frequency.

Figure 4.8: Experiments for the powersave and performance governors under the node-level en-
ergy control setting.

highest values when comparing the usage of all the governors. During the same period, PyTorch

spends around 28 W, its lowest value. After HPL terminated, until 447 s, PyTorch spent between

28 and 44 W, and RocksDB spent between 45 and 66 W, the increase in both applications’ energy

consumption follows the same explanation as in the last tests. Afterward, PyTorch spent around

48 W, and RocksDB between 37 and 54 W.

When observing the energy consumption per CPU core (Figure 4.8c), it is obtained, as ex-

pected, higher power consumption values for the cores running RocksDB and HPL. CPU core 9

(running HPL) shows the highest values, above 30 W, while CPU cores 1, 3, 5, and 7 show values

below 10 W. RocksDB (CPU cores 11 and 13) presents the same behavior as in the rest of the

evaluations, alternating between the highest energy values and 0.

This evaluation clearly illustrates the importance of applying different frequencies when con-

sidering applications’ varying priorities. For instance, when using the performance governor holis-

tically, the HPL application, did not reach higher energy consumption values or terminated its ex-

ecution earlier. Such results enhance the impact of coarse-grained energy control in applications’

performance and energy management since even with these values, the average energy consump-

tion was lower than with the performance and demand governors.

The performance and average energy efficiency of each application were also analyzed to
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Table 4.2: Application efficiency running baseline evaluation.

Governor Application Application Performance Avg Energy Efficiency

Performance

RocksDB 67788511 operations, 112708 ops/sec 204.828 W/MOps

HPL
Time to solve the equations (seconds):

0.04, 26.75, 52.09, 26.94,
0.04, 1.52, 11.51, 52.58

589.875 W/Eq

PyTorch
Trained until training epoch 4,

iteration 21504 of 50000.
297.439 W/KIter

Powersave

RocksDB 26777402 operations, 44164 ops/sec 216.936 W/MOps

HPL
Time to solve the equations (seconds):

0.19, 111.05, 216.27, 111.04, 0.19,
6.07, 47.05, did not finish the last one

unknown

PyTorch
Trained until training epoch 2,

iteration 7168 of 50000.
342.779 W/KIter

Ondemand

RocksDB 59354758 operations, 98685 ops/sec 219.746 W/MOps

HPL
Time to solve the equations (seconds):

0.05, 27.14, 52.86, 27.35,
0.05, 1.54, 11.68, 53.07

589 W/Eq

PyTorch
Trained until training epoch 4,

iteration 8192 of 50000.
315.724 W/KIter

Powersave
and
Performance

RocksDB 82473758 operations, 137125 ops/sec 306.352 W/MOps

HPL
Time to solve the equations (seconds):

0.04, 25.76, 50.18, 25.93,
0.04, 1.43, 11.05, 50.26

902.875 W/Eq

PyTorch
Trained until training epoch 2,

iteration 13312 of 50000.
335.592 W/KIter

evaluate FINER’s impact. This analysis involved retrieving the total number of operations executed

by RocksDB, as well as the number of operations per second, the time taken by HPL to solve each

equation, and the number of training epochs and iterations completed by PyTorch. The average

energy efficiency of the applications is reported in Watts per million operations (W/MOps) for

RocksDB, Watts per equation (W/Eq) for HPL, and Watts per thousand iterations (W/KIter) for

PyTorch.

Table 4.2 shows each application’s performance and average energy efficiency when perform-

ing the baseline evaluation. Applying the performance governor consisted of all applications

running at maximum frequency, resulting in the best performance and highest energy consump-

tion. When comparing the results with the powersave governor, one can notice the overall worse

efficiency due to the reduced performance. PyTorch’s efficiency worsens (from 297.439 W/KIter

on performance to 342.779 W/KIter on powersave), indicating its reliance on high CPU frequen-

cies for optimal performance. RocksDB’s efficiency (216.936 W/MOps) and HPL’s inability to

finish the last equation demonstrates the impact of reduced CPU frequency on I/O-bound and

compute-bound applications, respectively. The results of applying the ondemand governor show

that PyTorch’s efficiency (315.724 W/KIter) and RocksDB’s efficiency (219.746 W/MOps) are
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comparable to the performance setting, showing minimal impact from dynamic frequency scal-

ing. HPL maintains a similar efficiency (589 W/Eq), reinforcing that dynamic scaling effectively

matches performance with demand. For the scenario with mixed governors, PyTorch’s efficiency

(335.592 W/KIter) is worse than the performance setting (297.439 W/KIter) but better than the

powersave setting (342.779 W/KIter), indicating a trade-off between energy savings and perfor-

mance. RocksDB energy efficiency worsens to 306.352 W/MOps (when compared to the other

scenarios where it was around 210 W/MOps) and HPL (902.875 W/Eq) improves the energy effi-

ciency values compared to when the powersave governor is applied uniformly across all cores but

worsens compared to the application of the performance governor (589.875 W/Eq).

4.3.2 Priority Control Algorithm

The performance and effectiveness of FINER for the node controller under the priority control

algorithm are assessed in this section. For these experiments, the energy goal is set at 75 W

(which is the maximum energy consumed by all applications). The previously collected profiling

data (Section 4.2.2) for 7 CPU cores was analyzed to evaluate the node controller’s priority control

algorithm. Running PyTorch on 4 cores, RocksDB on 2 cores, and HPL on 1 core within the same

NUMA node resulted in the usage of 7 cores. This configuration’s energy consumption ranged

from 46 to 112 W, varying from the lowest to the highest frequency. Given this range, 75 W

was selected as the target energy consumption value, as it represents an approximate midpoint

between the minimum and maximum values. Moreover, for these experiments, the following

priorities are set for each application: high priority for HPL, medium priority for PyTorch, and

low priority for RocksDB. Appendix B presents additional experiments where applications have

different priorities.

Figures 4.9a, 4.9b, and 4.9c depict the overall energy consumption of CN1, the energy con-

sumption of each application, and the energy consumption of each CPU core, respectively, under

the energy control priority algorithm with a 75 W goal. The server’s total energy consumption

varies, with oscillations mostly between 90 and 50 W, but the average (shown by the red line) is

around 76 W, very close to the goal (Figure 4.9a). This average shows that FINER successfully

manages the energy consumption to reach a predefined target. Since the configuration set HPL as

having high priority, it is coherent that this application spent the highest amount of energy (up to 45

W) until it terminated at 247 s (Figure 4.9b). After terminating, it is evident that PyTorch started

to spend a higher amount of energy, while RocksDB remained more or less the same, which makes

sense due to the defined priorities (PyTorch had higher priority). Respecting the imposed limits

and after completing the allocation of energy to applications with higher priority, FINER allows

applications with lower priorities to take advantage of the energy that has become available. Even

if an application with high priority is not actively working (and reports an energy consumption

of 0 W) or the allocation of energy reaches the hardware component’s physical maximum energy

limit, the leftover energy is distributed through the remaining resources. Nevertheless, even after

HPL ended its execution, the total energy consumption did not suffer major variations (Figure

4.9a), which had little impact on the overall average. Even though in the first 247 s of execution,
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(d) Per CPU core applied frequency.

Figure 4.9: Experiments for the priority algorithm under the node-level energy control setting with
a 75 W target and high priority in HPL.

PyTorch spends high energy consumption values, similar to HPL (Figure 4.9b), that is due to the

differences between the number of used cores. Figure 4.9c confirms that PyTorch’s CPU cores are

spending the same energy as the sum of RocksDB’s cores, and HPL CPU core is spending between

15 and 46 W. This evaluation confirmed that FINER respects the configured priorities in energy

distribution.

The evaluation of the priority algorithm for the node controller included additional experi-

ments by changing the configured priorities (presented in Appendix B). Such tests allowed the

same conclusions to be drawn regarding FINER’s effectiveness in targeting an energy consump-

tion value and distributing energy respecting each component’s priority. FINER effectively over-

comes the challenge of targeting specific energy consumption limits, a feat unattainable with Linux

CPUFreq governors, as demonstrated in the baseline experiments (Section 4.3.1). Additionally,

FINER allows for more flexible priority energy distribution by incorporating low, medium, and

high priority levels and proportionally allocating energy accordingly, unlike the restrictive ap-

proach of merely combining different governors.
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4.3.3 Fairness Control Algorithm

The performance and effectiveness of FINER for the node controller under the fairness control

algorithm are assessed in this section. For these experiments, within the 46 to 112 W range,

three distinct energy goals were defined to evaluate the fairness control algorithm: one near the

maximum value, one at the midpoint, and one near the minimum value. To assess the algorithm’s

behavior with a target at the midpoint of the energy range, the node controller was configured with

a target of 75 W. Appendix B presents additional experiments where FINER was configured with

different energy targets.
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Figure 4.10: Experiments for the fairness algorithm under the node-level energy control setting
with a 75 W target.

Figures 4.10a, 4.10b, and 4.10c depict the overall energy consumption of CN1, the energy

consumption of each application, and the energy consumption of each CPU core, respectively,

under the energy control fairness algorithm with a 75 W goal.

This configuration led to total energy consumption of up to 97 W, averaging 74 W (Fig-

ure 4.10a). Also in this test, the energy target was successfully managed. PyTorch got a bigger

portion of energy compared to HPL and RocksDB (Figure 4.10b) with variations mostly between

around 40 and 75 W, which makes sense as it uses more cores and uses more CPU (as mentioned

in Section 4.2.1). Since RocksDB’s CPU cores use less CPU in proportion (because it also uses
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other resources), this application was limited more strictly, consuming around 8 W. HPL spent

around 15 W and took 383 s to terminate. PyTorch’s and HPL’s cores consume nearly the same

energy, approximately 14 W until the end of HPL’s execution, while RocksDB’s cores consume

approximately 4W each. When HPL terminates, PyTorch’s cores’ energy exhibits a minimal en-

ergy increase, consuming around 16 W. The energy distribution throughout this test seems to be

fair, as the applications using more CPU in proportion to their CPU cores (HPL and PyTorch) were

given higher energy values.

While achieving a similar total average energy consumption, this evaluation produced a marke-

dly different energy distribution per application compared to the priority algorithm (Section 4.3.2).

These differences arise from basing the distribution on CPU usage proportion rather than admi-

nistrator-assigned application priorities. Each method is suited to different contexts, depending

on the applications’ specific requirements and the infrastructure’s overarching goals. Compared

to the baseline experiments (Section 4.3.1) using the performance, powersave, and ondemand

governors (where the concept of priority is not applicable), the most significant difference is that

HPL and RocksDB consume similar amounts of energy in the baseline experiments. However,

HPL is assigned higher energy values in this experiment due to its proportionally higher CPU

usage. These results also highlight the inability of Linux CPUFreq governors to target specific

energy consumption limits.

Experiments targeting energy consumption near the maximum value (100 W) and the mini-

mum value (63 W) are detailed in Appendix B. These evaluations demonstrate that FINER effec-

tively meets the specified energy consumption limits and fairly distributes energy across different

applications.

Table 4.3: Application efficiency during node controller evaluation.

Algorithm Application Application Performance Avg Energy Efficiency

Priority

RocksDB 18560999 operations, 30842 ops/sec 300.415 W/MOps

HPL
Time to solve the equations (seconds):

0.06, 26.90, 58.53, 30.67,
0.04, 1.47, 14.66, 56.67.

1040 W/Eq

PyTorch
Trained until training epoch 2,

iteration 26624 of 50000.
413.121 W/KIter

Fairness

RocksDB 15198210 operations, 25118 ops/sec 297.666 W/MOps

HPL
Time to solve the equations (seconds):

0.19, 46.97, 94.44, 41.23,
0.07, 2.09, 19.86, 78.43.

667 W/Eq

PyTorch
Trained until training epoch 3,

iteration 26624 of 50000.
272.942 W/KIter

Table 4.3 presents the node controller’s application performance and average energy efficiency

reported while evaluating the priority and fairness algorithms. With low priority, RocksDB’s en-

ergy efficiency worsens slightly to 300.415 W/MOps (compared with the performance, power-

save and ondemand governors, with 204.828 W/MOps, 216.936 W/MOps, and 219.746 W/MOps,
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respectively) indicating increased energy consumption per operation. As a high priority appli-

cation, HPL shows significantly higher energy consumption (when compared to 589.875 W/Eq,

unknown, and 589 W/Eq, obtained with performance, powersave and ondemand governors, re-

spectively) with an efficiency of 1040 W/Eq. Medium priority PyTorch, also worsens in efficiency

(from 297.439, 342.779, and 315.724 W/KIter with performance, powersave and ondemand gov-

ernors, respectively) to 413.121 W/KIter, the worst energy efficiency so far for this application.

The energy efficiency of this scenario is similar to the one obtained in the baseline evaluation with

the mixed governors, which resulted in 306.352 W/MOps for RocksDB, 902.875 W/Eq for HPL,

and 335.592 W/KIter for PyTorch. For the fairness scenario, the energy efficiency of the three

applications improved (when compared to the priority one). PyTorch’s average energy efficiency

was 272.942 W/KIter, the best so far, while RocksDB’s, and HPL’s average energy efficiencies

were medium range values (297.666 W/MOps and 667 W/Eq, respectively).

4.4 Rack-level energy control

FINER’s effectiveness in controlling energy consumption at different granularities, specifically at

the rack-level, is evaluated in this section. For these experiments, a testing environment is simu-

lated where the rack controller manages the energy consumption of four servers, each executing

with its own node controller. Due to the limitations of the testing infrastructure, CN2 is used for

accommodating the rack controller, while CN1 is partitioned into four parts, representing each

of the targeted servers. The energy and performance of the four applications (each monitored by

an individual node controller) were compared, across distinct scenarios: (i) FINER with the pri-

ority energy control algorithm, and (ii) FINER with the fairness energy control algorithm. In all

experiments, the applications were executed simultaneously. This evaluation does not include a

baseline, as the servers are simulated and the applications are running on the same compute node

(CN1). A baseline experiment for this evaluation would be similar to the one conducted for the

node controller (Section 4.3.1). Table 4.4 presents the logical servers, the applications executed

on each of them, as well as their CPU core affinity and NUMA node.

Table 4.4: Applications running, corresponding CPU core affinity, and server identifier.

Server Application CPU core affinity NUMA node
1 PyTorch 1, 3, 5, 7 1
2 HPL1 14 0
3 HPL2 16 0
4 RocksDB 10, 12 0

Although using more CPU cores per server would enrich the evaluation and better simulate real

servers, this configuration was used in an attempt to balance the number of active CPU cores per

NUMA node, taking into account the findings in Section 4.2.2. Since the number of active cores

per NUMA node influences the energy consumption of those cores and applications, this setup
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was planned to use 4 CPU cores in one NUMA node (cores 1, 3, 5, and 7 - running PyTorch), and

4 CPU cores in the other NUMA node (cores 10, 12, 14, and 16 - running RocksDB, HPL1 and

HPL2).

In this evaluation, the number of problem sizes (N) in HPL was expanded to 16, with the prob-

lem sizes being repeated to extend the runtime. This adjustment was made to prevent premature

termination, as this evaluation simulates a workload across 4 independent servers and incurs higher

energy consumption due to utilizing multiple NUMA nodes. Consequently, HPL’s performance

showed improvement compared to the evaluation with the node controller.

4.4.1 Priority Control Algorithm

As in the node controller evaluation, the evaluation of the priority control algorithm with the

rack controller consisted of applying a middle-range energy target for different priority scenarios.

Given that the energy spent by 4 CPU cores in the same NUMA node obtained in profilling 4.2.2

was between 44 and 96 W, the machine’s energy was expected to be between 88 and 192 W.

Thus, these experiments were conducted with an energy target of 170 W. For this experiment, the

following priorities are considered: Server 1 (PyTorch) has high priority, Server 4 (RocksDB) has

medium priority, and the remaining servers (running HPL applications) have low priority.
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Figure 4.11: Experiments for the priority algorithm under the rack-level energy control setting
with a 170 W target and high priority in PyTorch.

Figures 4.11a and 4.11b depict the overall energy consumption of the rack and each of the

logical servers, respectively, under FINER’s priority control algorithm. As observed, the total

energy consumption is stable throughout the overall execution, averaging 174 W. Such a scenario

reveals a clear difference between the defined priorities, with PyTorch spending above 100 W,

RocksDB spending around 40 W, and both HPLs spending around 19 W (Figure 4.11b). The line

corresponding to HPL1 is at the same level as HPL2, thus it can not be seen in the figure.

This outcome highlights the hierarchical effectiveness of FINER. The rack-level controller

successfully aggregates and manages the energy consumption of multiple compute nodes, ensur-

ing that the total rack energy consumption remains within the targeted limit. The system adheres
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to the defined priorities across different levels of the hierarchy, demonstrating a clear and consis-

tent energy distribution aligned with priority configurations. PyTorch, being the highest priority

application and using more CPU cores, consumes the most energy, followed by RocksDB and then

the HPL applications. The stability in total energy consumption, averaging 174 W, indicates that

the rack controller is effectively coordinating with node-level controllers to maintain the desired

energy target. This coordination ensures that the overall system remains within the predefined en-

ergy budget even as individual application loads fluctuate. Also, as in the node controller, if a high

priority server is not actively working (and reports an energy consumption of 0 W) or the allocation

of energy reaches the server’s physical maximum energy limit, the leftover energy is distributed

through the remaining nodes. This level of hierarchical control and stability is unattainable with

the traditional methods that present partial visibility.

Appendix C presents the results for different priority combinations. These tests confirm the

effectiveness of FINER’s rack controller in implementing the priority algorithm and successfully

targeting energy consumption limits while adhering to the predefined priorities.

4.4.2 Fairness Control Algorithm

The effectiveness of FINER under the fairness control algorithm for rack-level energy management

is assessed in this section. For this experiment, the energy goal is set near the maximum value,

namely 180 W. Annex C shows further experiments with other energy goals, specifically 130 W

and 100 W.
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Figure 4.12: Experiments for the fairness algorithm under the rack-level energy control setting
with a 180 W target.

Figures 4.12a and 4.12b depict the overall energy consumption of the rack and each of the

logical servers, respectively, under FINER’s fairness control algorithm. With a high energy target,

the total energy consumption oscillates mostly between 158 and 186 W, averaging 170 W (Fig-

ure 4.12a). This stability in total energy consumption indicates effective hierarchical management

by FINER, where the rack-level controller coordinates with node-level controllers to maintain the

overall energy target while fairly distributing energy among the servers based on their aggregate
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CPU usage. Specific observations about each logical server reveal the nuanced energy distribu-

tion managed by the rack-level controller (similar to the results shown in Section 4.3.3). The

server running PyTorch, consistently consumes the most energy, averaging around 76 W, due to

its intensive CPU usage and larger number of active cores. Servers running HPL share similar en-

ergy consumption (middle-range energy values), around 37 W each, reflecting their balanced CPU

usage. The server running RocksDB shows the lowest energy consumption, fluctuating mostly

between 12 and 37 W (Figure 4.12b) highlighting the proportional energy allocation based on its

mixed resource profile. These results align with the application’s resource profiles (Section 4.2.1),

where PyTorch demands more CPU power, HPL utilizes the CPU intensively but on fewer cores,

and RocksDB uses both CPU and disk resources.

Experiments targeting different energy consumption limits, including near the minimum value

(100 W) and at the middle point (130 W), are detailed in Appendix C. These evaluations fur-

ther demonstrate FINER’s effectiveness in meeting specified energy consumption limits and fairly

distributing energy across servers.

Table 4.5: Application efficiency during rack controller evaluation.

Algorithm Application Application Performance Avg Energy Efficiency

Priority

RocksDB 33218213 operations, 55228 ops/sec 671.198 W/MOps

HPL1

Time to solve the equations (seconds):
0.05, 82.19, 214.65, 110.21, 0.18,
6.00, 43.07, did not finish the rest.

unknown

HPL2

Time to solve the equations (seconds):
0.05, 86.30, 214.51, 110.17,

0.18, 6.00, 39.40, did not finish the rest.
unknown

PyTorch
Trained until training epoch 3,

iteration 27648 of 50000.
483.917 W/KIter

Fairness

RocksDB 40030864 operations, 66517 ops/sec 493.544 W/MOps

HPL1

Time to solve the equations (seconds):
0.05, 31.67, 49.95, 25.70,
0.04, 1.41, 10.94, 50.00,
0.04, 25.69, 49.94, 25.72,
0.04, 1.41, 10.94, 49.93.

995.5 W/Eq

HPL2

Time to solve the equations (seconds):
0.05, 32.33, 49.96, 25.68,
0.04, 1.41, 10.94, 50.01,
0.04, 25.67, 49.94, 25.71,
0.04, 1.41, 10.94, 49.94.

999 W/Eq

PyTorch
Trained until end of training epoch 2,

100000 iterations.
492.78 W/KIter

Table 4.5 presents the rack controller’s application performance and average energy efficiency

reported while evaluating the priority and fairness algorithms. Similar to the node controller’s

results, the PyTorch’s energy efficiency with the priority control algorithm showed the worst result
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of all the evaluations with 483.917 W/KIter, reflecting worse energy utilization. RocksDB, with

medium priority, shows a relatively high energy efficiency (671.198 W/MOps). HPL applications,

unable to complete the task, suggest that lower priority significantly hampers their performance.

The HPL applications demonstrate very similar equation completion times. For the fairness con-

trol algorithm, both HPLs resulted in very similar performance and energy efficiency (of 995.5

W/Eq and 999 W/Eq), RocksDB and PyTorch presented energy efficiencies of 493.554 W/MOps

and 492.78 W/KIter, respectively.

While it is important to analyze the energy efficiency and performance impact of FINER on

each application, a slight decrease in these metrics is not particularly concerning. The primary

objective of the proposed solution is to limit overall energy consumption.

4.5 Sensitivity Analysis

To understand the impact of the control overhead of adding more components to manage, this

section provides a latency analysis of the control logic of node and rack controllers.

4.5.1 Overhead of managing more CPU cores

First, the impact of managing more CPU cores is analyzed. In this experiment, the latency taken

by the node controller’s control logic (i.e., collect, compute, and enforce) is measured when the

number of CPU cores is increased. Experiments were conducted over CN1, with the number of

managed CPU cores ranging from 1 up to 32. The node controller was configured with the fairness

control algorithm. Similar performance results are reported for the priority control algorithm.
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Figure 4.13: Experiments for measuring the node controller overhead with increasing number of
managed CPU cores.

Figures 4.13a and 4.13b depict the latency of each control cycle and the proportion of time

spent at each control phase, respectively. The average latency of each control iteration ( 4.13a)

ranges between 4.01 and 11.87 ms, increasing with higher numbers of CPU cores. Each control
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phase (collect, compute, and enforce) is also represented in the same figure, with the intervals of

each phase increasing with higher sets of cores.

By analyzing Figure 4.13b, one can deduce the latency proportion of each phase. While the

collect phase spends most of the total latency (between 63.4% and 91.6%), computing varies

between 6.6% and 23.1%, and the enforce is the fastest phase, going up to 17%. As the number of

CPU cores increases, the collect phase seems to diminish, while the compute and enforce phases

augment proportionally. From 8 CPU cores, the compute phase converges to around 20%.

The increases in latency for each phase can be attributed to specific mechanisms within the

node controller’s control logic. During the collect phase, the rise in latency is primarily due to the

increased workload associated with retrieving power usage data from multiple CPU cores. This

involves the RAPL interface accessing a higher number of files to gather the necessary information

for each core, resulting in higher messaging payloads. Consequently, as the number of CPU cores

grows, the time required to collect this data correspondingly increases. In the enforce phase, the

latency surge is linked to the necessity of sending multiple rules to the data plane. With more

CPU cores to manage, the control logic must dispatch a greater number of enforcement policies,

leading to a larger payload and, consequently, longer processing times. On the other hand, the

compute phase’s latency increase is due to the more complex calculations needed to balance the

energy fairly or prioritize specific applications across a larger number of cores. Thus, the growing

complexity and data handling requirements in each phase collectively contribute to the overall rise

in control latency as the number of managed CPU cores escalates.

4.5.2 Overhead of managing more node controllers

Lastly, the impact of managing more node controllers is analyzed. In this experiment, the latency

taken by the rack controller’s control logic (i.e., collect, compute, and enforce) is measured when

the number of node controllers is increased. Experiments were conducted by running the node

controllers over CN1, and the rack controller over CN3, with the number of managed node con-

trollers ranging from 1 up to 64. The rack and node controllers were configured with the fairness

control algorithm. Similar performance results are reported for the priority control algorithm. Al-

though the experiment would be enriched with higher numbers of node controllers (for instance,

128), the results would not be statistically correct due to the limitations of the machine that, even

with hyper-threading activated, reached a maximum of 96 CPU(s).

As shown in Figures 4.14a and 4.14b, the average latency of each control iteration ranges

between 2.33 and 11.82 ms, increasing with the number of node controllers. The latency of each

control phase (collect, compute, and enforce) is also represented in the same Figure, with the

latencies of each phase increasing with higher numbers of node controllers.

The proportion of each phase (collect, compute, and enforce) is depicted in Figure 4.14b.

While the collect phase spends most of the total latency (between 48.8% and 63.3%), computing

is the fastest phase, going up to 9%, and the enforce phase varies between 33.4% and 42.2%.

With more extensive sets of node controllers, the collect, compute, and enforce phases diminish,
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Figure 4.14: Experiments for measuring the rack controller overhead with increasing number of
managed node controllers.

augment, and increase proportion accordingly. However, the latency proportion of each phase

appears to converge starting from 32 node controllers onward.

The increases in latency for each phase of the rack controller’s control logic can be attributed to

specific underlying mechanisms. During the collect phase, the observed rise in latency is primarily

due to the need to aggregate data from a larger number of node controllers. This involves network

communication overhead, where more messages need to be sent and received to collect the neces-

sary performance metrics from each node controller, leading to higher payload sizes and increased

processing times. In the enforce phase, the latency surge is linked to the complexity of distributing

control policies across multiple node controllers. As the number of node controllers grows, the

rack controller must send out a greater number of enforcement rules, resulting in larger message

payloads and longer transmission times. Conversely, the compute phase experiences an increase

in latency due to the additional computational burden of processing and optimizing the control

algorithms across a larger set of node controllers. This includes more complex decision-making

processes and increased data-handling requirements. Thus, the combined effect of increased net-

work communication overhead and computational complexity in each phase contributes to the

overall rise in control latency as the number of managed node controllers increases.

When comparing the results of the node and rack controllers, one concludes that the range of

latency values is the same. The proportion of each phase’s latency varies, but it makes sense that in

the rack controller, the collect and enforce phases spend more time since they exchange messages

with the node controllers over the network.

4.5.3 Software-based vs. Hardware-based energy measurements

This section focuses on validating the accuracy and reliability of the results and conclusions re-

garding energy consumption. A power meter was employed to measure the hardware power spent
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to ensure the FINER measurement module functions correctly. To achieve this, the power con-

sumption measured with the power meter was retrieved during the evaluation of Section 4.3.2(Fig-

ure 4.15b). This included the test where RocksDB was given high priority (as shown in Ap-

pendix B). Furthermore, the differences between the tools were analyzed when nothing was run-

ning in the machine. Figure 4.15a depicts the results.
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Figure 4.15: Experiments for comparing power meter and FINER energy measurements in CN1.

When analyzing the plots, the first thing to notice is the noticeable difference between the

values measured with the power meter and FINER’s monitoring module, being approximately 100

W. The reasons behind this are threefold. First, the FINER’s monitoring module does not account

for the energy consumed by CPU cores that are in an idle state. As discussed in Section 2.1, CPU

cores can consume energy even in idle state. Second, FINER’s monitoring module only accounts

for the energy consumed by CPU cores. However, other resources present in the system also

consume energy, such as memory, disk, network, cooling, etc. The power meter, on the other

hand, measures the energy consumption of the overall server since it controls the energy provided

by the PDU. Finally, FINER’s monitoring module is based on RAPL, a software-based energy

monitoring tool, which can contain measurement errors.

However, when comparing the averages between Figure 4.15a (where nothing was running in

the machine) and 4.15b (where all the applications and the FINER were running), one can notice

that the differences between the tools’ averages remain consistent. This consistency indicates that

the monitoring module can reliably track relative changes in energy consumption, providing a

useful tool for assessing power usage trends.

4.6 Summary

The experimental evaluation demonstrates significant reductions in energy consumption across

various scenarios, indicating the effectiveness of the FINER energy control system. The fairness

control algorithm effectively balances energy distribution across CPU cores and nodes, where
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each component receives energy allocation commensurate with its resource usage, while the pri-

ority algorithm successfully allocates each component energy target considering their priority and

ensuring high priority components take precedence.

The system achieves substantial energy savings, demonstrating specific energy consumption

targets can be reached with only minor performance trade-offs. Generally, when reducing the

applications’ energy consumption the performance decreases, and the average energy efficiency

worsens. Such trade-offs are inherent, as achieving significant energy reduction while maintain-

ing peak performance is exceedingly challenging. However, this challenge is orthogonal to this

work, as FINER focuses on reducing energy consumption with specific target limits, at different

granularity levels. The experiments were validated using a hardware power meter, and FINER is

considered to reliably track relative changes in energy consumption.

The FINER latency remains within acceptable bounds. The node controller shows an average

cycle latency ranging from 4.01 to 11.87 ms when managing up to 32 CPU cores. The collect

phase accounts for the majority of this latency, followed by the compute and enforce phases.

Similarly, the rack controller exhibits average cycle latencies between 2.33 and 11.82 ms for

up to 64 node controllers, with the collect, compute, and enforce phases contributing varying

proportions to the total latency. The FINER demonstrates scalability, effectively managing an

increasing number of CPU cores and node controllers while maintaining efficient operation and

latency within acceptable ranges. For instance, FINER was able to scale from the management

of 8 CPU cores to 32 CPU cores with a minimal increase in control latency, being able to handle

larger deployments.

In conclusion, FINER is a viable solution for limiting energy usage in data centers across the

infrastructure hierarchical organization. It contributes to sustainable and cost-effective data center

operations by effectively balancing energy consumption.



Chapter 5

Conclusion

The concern of controlling energy consumption from a sustainable and cost-saving perspective

emerges in the ever-expanding landscape of large-scale computing infrastructures. Despite con-

tinuous efforts to optimize hardware and employ energy-saving techniques such as workload con-

solidation and DVFS, data centers account for a substantial portion of global electricity usage.

The existing energy management solutions remain suboptimal due to two main issues. First, cur-

rent strategies manage energy consumption with coarse granularity, which means that all com-

ponents (namely, applications, CPU cores, servers, and racks) are treated equally, inhibiting the

ability to enforce energy priorities or ensure fairness. Second, current strategies actuate with par-

tial visibility of resources, where energy management is made uncoordinated across the overall

infrastructure, which can lead to suboptimal energy efficiency and potentially impact the perfor-

mance of different parts of the infrastructure. The absence of adaptive, fine-grained energy control

mechanisms prevents optimal energy utilization and system performance, highlighting the need

for strategies that can dynamically adjust to changing workloads and application priorities.

To overcome these problems, FINER is proposed as a novel energy management system that

orchestrates the energy consumption of large-scale computing infrastructures in a hierarchical,

fine-grained, and adaptive way. Such a system follows a decoupled architecture composed of

a data plane (responsible for managing hardware components and enforcing energy rules) and

a control plane (responsible for monitoring and distributing the energy targets). The proposed

hierarchy comprises cluster, rack, and node controllers that ensure efficient communication and

fine-tuned decision-making while accommodating the specific needs of individual applications,

servers, and clusters, overcoming the limitations of partial infrastructure visibility and promoting

efficient energy allocation. The control logic is based on a feedback control loop to dynamically

adjust the energy consumption to system and workload changes. Accordingly, two new energy

control algorithms were proposed. The fairness algorithm ensures equitable energy distribution

based on resource usage, while the priority algorithm allocates energy according to node priorities

and consumption. FINER is particularly effective in large-scale data centers with high computa-

tional demands, focusing on CPU energy management. This focus aligns with the shift towards

ARM-based supercomputers, as in Riken’s Fugaku and MACC’s Deucalion, ensuring its relevance

77
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for future high-performance systems.

To demonstrate the applicability and feasibility of FINER in managing energy limits in large-

scale infrastructures, a comprehensive experimental testbed was conducted. The conducted ex-

periments demonstrate that FINER can (1) employ different energy control algorithms over the

infrastructure, namely using the priority and fairness control algorithms; (2) dynamically adapt to

system changes, distributing leftover energy available in the managed components to those more

in need; (3) control energy consumption at different levels of granularity, namely at compute node

and rack levels; and (4) control different components (i.e., CPU cores, compute nodes) with an

acceptable control cycle latency.

In conclusion, FINER is a viable solution for hierarchical energy management in data cen-

ters, being a first step towards a more sustainable and cost-effective management of large-scale

infrastructures.

5.1 Future Work

In this section, direct research paths opened by FINER, as well as future improvements to be made

over the current work are discussed.

Expand the domain of controlled resources Currently, FINER primarily focuses on CPU en-

ergy management. Future developments could aim to incorporate control mechanisms for addi-

tional hardware resources such as GPUs, memory, and even other critical components, such as

cooling. By extending the scope of resources managed, the system can provide more compre-

hensive energy optimization and improve overall efficiency. Such improvements would be im-

plemented by extending the data plane to integrate the enforcement of energy rules in different

hardware components, the monitoring module to collect the resources’ usage proportions, and the

control algorithms to consider these additional metrics.

Improve the scalability of the control hierarchy To handle larger and more complex data

center infrastructures (e.g., made of thousands of compute nodes), it would be interesting to ex-

pand the design (and current implementation) of FINER to support additional control levels. This

includes increasing the number of control layers and enhancing the coordination among node con-

trollers, rack controllers, and cluster controllers. A more scalable implementation would enable

the system to manage significantly larger deployments, maintaining low latency and efficient op-

eration across all hierarchy levels.

High-level policy specification Future iterations of FINER could incorporate high-level metrics

and objectives, such as reducing the data center’s carbon footprint by a specific percentage. The

system would leverage its fine-grained control and adaptive algorithms to meet these broader en-

vironmental and sustainability goals. By setting and achieving such targets, FINER can contribute

to greener and more sustainable data center operations.
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Appendix A

Energy – core frequency analysis

This section presents the energy to core frequency analysis explained in Section 4.2.2. Throughout

this experiment, it was found that applying the same frequency to the same number of CPU cores

in both NUMA nodes resulted in the same energy consumption values. Thus, these figures corre-

spond to increasing one CPU core in the same NUMA node. The missing results (corresponding

to even numbers of CPU cores) would show the same energy values for the other NUMA node.

For instance, Figue 4.4b shows the results of using 3 CPU cores in one NUMA node and 2 in the

other, resulting in a total of 5 CPU cores running. However, showing a figure with 6 active CPU

cores would show the same conclusions as the values (and colors) of the 3 CPU cores running in

the same NUMA node. Figures with 3 and 5 CPU cores are represented in Section 4.2.2.
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(a) 1 CPU cores.
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(b) 7 CPU cores.
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(c) 9 CPU cores.

Figure A.1: Experiments measuring energy consumption per set of CPU cores in CN1 with 1, 7,
and 9 cores.
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(a) 11 CPU cores.
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(b) 13 CPU cores.
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(c) 15 CPU cores.

Figure A.2: Experiments measuring energy consumption per set of CPU cores in CN1 with 11, 13,
and 15 cores.
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(a) 17 CPU cores.

0 10 20 30 40
CPU Core Number

0.8000
0.9000
1.1000
1.2000
1.4000
1.5000
1.7000
1.8000
1.9000
2.1000
2.2000
2.4000
2.5000
2.7000
2.8000
2.8010

Fr
eq

ue
nc

y 
(G

H
z)

0

2

4

6

8

10

12

Po
w

er
 (

w
at

ts
)

(b) 19 CPU cores.
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(c) 21 CPU cores.

Figure A.3: Experiments measuring energy consumption per set of CPU cores in CN1 with 17, 19,
and 21 cores.
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(a) 23 CPU cores.
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(b) 25 CPU cores.
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(c) 27 CPU cores.

Figure A.4: Experiments measuring energy consumption per set of CPU cores in CN1 with 23, 25,
and 27 cores.
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(a) 29 CPU cores.
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(b) 31 CPU cores.
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(c) 33 CPU cores.

Figure A.5: Experiments measuring energy consumption per set of CPU cores in CN1 with 29, 31,
and 33 cores.
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(a) 35 CPU cores.
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(b) 37 CPU cores.
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(c) 39 CPU cores.

Figure A.6: Experiments measuring energy consumption per set of CPU cores in CN1 with 35, 37,
and 39 cores.
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(a) 41 CPU cores.
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(b) 43 CPU cores.
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(c) 45 CPU cores.

Figure A.7: Experiments measuring energy consumption per set of CPU cores in CN1 with 41, 43,
and 45 cores.
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(a) 47 CPU cores.

Figure A.8: Experiments measuring energy consumption per set of CPU cores in CN1 with 47
cores.



Appendix B

Node controller evaluation

This section presents the additional tests conducted to evaluate the node-level controller, following

the methodology explained in Section 4.3.

B.1 Priority Control Algorithm
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(a) Total energy consumption.
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(b) Per application energy consumption.
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(c) Per CPU core energy consumption.
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(d) Per CPU core applied frequency.

Figure B.1: Experiments for the priority algorithm under the node-level energy control setting
with a 75 W target and high priority in RocksDB.
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When setting the energy consumption limit to 75 W and applying the priority control algorithm

with RocksDB having high priority, HPL having medium priority, and PyTorch having low priority

in a node controller, one obtains the results shown in Figures B.1a, B.1b, and B.1c.

The server’s total energy consumption varies, with oscillations mostly between 90 and 55 W,

but the average (shown by the red line) is around 76 W, very close to the goal (Figure B.1a). Since

the configuration set RocksDB as having high priority, it is coherent that this application spent

the highest amount of energy (Figure B.1b). Even though HPL has higher priority than PyTorch,

PyTorch uses 4 CPU cores while HPL uses 1; thus, is it not surprising that PyTorch spends more

energy than HPL, and even be similar to RocksDB (uses 2 cores). However, when analyzing the

energy consumed by each CPU core (Figure B.1c), one can see that cores 11 and 13 (pink and

brown lines - RocksDB) spent high values of energy (up to around 40 W), core 9 (purple line -

HPL) spends between 7 and 20W, and cores 1, 3, 5 and 7 (blue, orange, green and red lines -

PyTorch) spent low values of energy (mostly below 10 W).

Table B.1 shows each application’s average energy efficiency for the current scenario. RocksDB,

with high priority, achieves 291.445 W/MOps, showing efficient energy usage for its operations

under the given constraints. HPL, as a medium priority application, exhibits an average energy

efficiency of 747.625 W/Eq. This value falls between the one obtained when applying the per-

formance and the powersave and performance governors. Despite being low priority, PyTorch’s

energy efficiency of 264.302 W/KIter indicates relatively efficient energy usage.

Table B.1: Application efficiency with 75 W limit and high priority in RocksDB.

Application Application Performance Avg Energy Efficiency
RocksDB 72192046 operations, 119957 ops/sec 291.445 W/MOps
HPL Time to solve the equations (seconds): 747.625 W/Eq

0.05, 65.11, 181.09, 99.59, 0.19, 4.05, 35.82, 77.11.
PyTorch Trained until training epoch 2, iteration 20480 of 50000. 264.302 W/KIter

Given the success of this test, it was decided to test the same case with different priorities.

Figures B.2a, B.2b, and B.2c show the results of applying the priority control algorithm with

RocksDB having medium priority, HPL having low priority, and PyTorch having high priority.

This time, the average total energy consumption was around 80 W, still very close to the 75

W specified in the configurations (Figure B.2a). The results show that contrary to the last test,

PyTorch is the application that spends most of the total energy, with oscillations between 48 and

97 W (Figure B.2b). It is pretty normal to observe such high oscillations, given the observations

stated in Section 4.2.2, in which the energy consumption is not linearly proportional to the ap-

plied frequencies. Thus, it is expected that even though the algorithm is increasing the applied

frequency to try to achieve a specific energy value, the energy remains more or less the same until

the frequency reaches a particular value in which the energy will augment. When that happens,

the energy value increases substantially and probably surpasses the energy goal for that CPU core.

In that case, the frequency lowers again, and so on.
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(d) Per CPU core applied frequency.

Figure B.2: Experiments for the priority algorithm under the node-level energy control setting
with a 75 W target and high priority in PyTorch.

Given that PyTorch uses 4 cores, when giving it high priority the energy amount distributed to

its cores is significant (between 12 and 26 W, as shown in Figure B.2c). Thus, RocksDB and HPL

get very little portions of energy and run at the lowest frequencies, spending around 5 W.

As seen in Table B.2 RocksDB, with medium priority, worsens its performance but improves

the average energy efficiency (to an average of 128.162 W/MOps). HPL running at low priority,

does not even finish the calculations, as when applying the powersave governor. Lastly, PyTorch,

as the high priority application, obtains an average efficiency of 277.186 W/KIter, a similar value

to the one obtained with the performance governors.

Table B.2: Application efficiency with 75 W limit and high priority in PyTorch.

Application Application Performance Avg Energy Efficiency
RocksDB 26466502 operations, 43651 ops/sec 128.162 W/MOps
HPL Time to solve the equations (seconds): unknown

0.19, 111.22, 216.52, 111.18, 0.19, 6.06, 47.19,
did not finish the last one.

PyTorch Trained until training epoch 3, iteration 50000 of 50000. 277.186 W/KIter
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Figure B.3: Experiments for the priority algorithm under the node-level energy control setting
with a 75 W target and running 3 HPLs.

Lastly, the aim was to observe the algorithm’s response to applications utilizing the same

number of CPU cores. Consequently, the priority control algorithm was applied with an energy

limit of 75 W and 3 HPL applications running, one with high priority, another with medium

priority, and the last with low priority.

Having 3 HPL dropped the average energy consumption to around 65 W (Figure B.3a). How-

ever, this average was influenced by the period between 421 and 555 s, in which the average

dropped to around 46 W because 2 HPL terminated, and the algorithm is adjusting the frequency

of the last running HPL, as one can see in Figure B.3d. The energy consumed by each application

was as expected, with the priorities being respected (Figure B.3b). The HPL with high priority

spent higher energy values (between 13 and 59 W), running faster than the others and terminating

at 238 s. HPL with medium priority spent around 13 W of energy, and when the first HPL termi-

nated, HPL with medium priority took its place in terms of energy consumption and distribution

and started spending between 38 and 70 W. It also terminated at 422 s. Lastly, HPL with low

priority spent around 13 W all the time, until HPL with medium priority terminated. After that

period, the last HPL spent up to 84 W.

Figure B.3b also corroborates what was stated in Section 4.2.2 because it is clear that the

maximum energy spent by the HPL running at the highest frequency increases when the number of
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used cores diminishes (when the first HPL terminates, and then when the second HPL terminates).

One can take the same conclusions in Figure B.3c. Given that each HPL runs in a single CPU

core, the energy spent by each application is the same as the energy spent by each core.

Table B.3 shows that HPL1, as the high priority application, achieves an energy efficiency of

1459.5 W/Eq. The high priority results in substantial energy consumption but efficient processing

times. On the other hand, HPL2, with medium priority, has an energy efficiency of 1586.75 W/Eq.

This reflects a balanced energy distribution, though slightly less efficient than HPL1. Finally, with

low priority, HPL3 exhibits the worse energy efficiency at 1838.375 W/Eq, indicating the highest

energy consumption per equation.

Table B.3: Application efficiency with 75 W limit and 3 HPLs.

Application Application Performance Avg Energy Efficiency
HPL1 Time to solve the equations (seconds): 1459.5 W/Eq

0.06, 25.67, 52.92, 28.30, 0.04, 1.39, 11.10, 55.42
HPL2 Time to solve the equations (seconds): 1586.75 W/Eq

0.05, 86.46, 135.60, 28.29, 0.04, 1.40, 12.60, 55.16
HPL3 Time to solve the equations (seconds): 1838.375 W/Eq

0.05, 99.74, 215.26, 46.87, 0.07, 2.23, 16.16, 60.48

B.2 Fairness Control Algorithm

To assess the algorithm’s behavior with a target near the maximum energy value, the node con-

troller was configured with a target of 100 W. The results are presented in Figures B.4a, B.4b, and

B.4c. Figure B.4a depicts that the total energy consumption oscillated mostly between around 70

and 120 W, with an average of near 95 W, very close to the goal of 100 W. PyTorch got a bigger

portion of energy compared to HPL and RocksDB (Figure B.4b) with variations between around

40 and 100 W, which makes sense as it uses more cores and uses more CPU (as mentioned in

Section 4.2.1). RocksDB and HPL spent similar amounts of energy, up to around 20 W, with HPL

terminating at 292 s. When analyzing the energy consumption by each CPU core, one can notice

that cores running PyTorch and HPL spent nearly the same energy values until HPL finishes. Even

for RocksDB, it is clear that, in some periods, at least one of its CPU cores also spends nearly the

same energy as the rest of the cores. However, given that RocksDB also uses the disk (as stated

in Section 4.2.1), one of its cores, or even both, is expected to spend less energy most of the time

(Figure B.4c).

As Table B.4 depicts, with a 100 W power target, RocksDB’s, HPL’s and PyTorch’s average

energy efficiencies were of 213.872 W/MOps, 580.75 W/Eq, and 298.316 W/KIter, respectively.

These values were very similar to the ones obtained when applying the performance governor,

which makes sense given the defined high energy limit.

Lastly, as an example of a scenario with an energy target close to the minimum, the node con-

troller was configured with a target energy of 63 W. Also in this test, the total energy consumption
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(d) Per CPU core applied frequency.

Figure B.4: Experiments for the fairness algorithm under the node-level energy control setting
with a 100 W target.

Table B.4: Application efficiency with 100 W limit fairness algorithm.

Application Application Performance Avg Energy Efficiency
RocksDB 30953137 operations, 51051 ops/sec 213.872 W/MOps
HPL Time to solve the equations (seconds): 580.75 W/Eq

0.19, 53.12, 57.56, 32.22, 0.05, 1.47, 11.33, 56.03.
PyTorch Trained until training epoch 3, iteration 48128 of 50000. 298.316 W/KIter

was successfully limited in a way that reached an average of 64 W (Figure B.5a). Such a strict

limit led to a decrease in the energy spent by PyTorch to around 40 W and by HPL (that did not

even finish) to around 10 W, as shown in Figure B.5b. RocksDB spent more or less the same as

in the last test, with occasional spikes when one of its cores left the idle state (Figure B.5c). The

energy distribution throughout the CPU cores remained stable, with around 10 W for each core,

except for one of RocksDB’ cores, which had periods in the idle state.

Each application’s performance and average energy efficiency are represented in Table B.5.

RocksDB’s, HPL’s, and PyTorch’s average energy efficiency were of 209.023 W/MOps, 790.875

W/Eq, and 289.651 W/KIter, respectively. The RocksDB’s energy efficiency was very similar to

the one obtained for the evaluation with the 100 W limit and better than the one obtained for the
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(d) Per CPU core applied frequency.

Figure B.5: Experiments for the fairness algorithm under the node-level energy control setting
with a 63 W target.

evaluation with the 75 W limit. Conversely, the HPL average efficiency was the worst obtained for

the fairness algorithm evaluation. PyTorch’s efficiency was worse than the one that resulted from

the 75 W limit but better than the one obtained from the 100 W limit.

Table B.5: Application efficiency with 63 W limit fairness algorithm.

Application Application Performance Avg Energy Efficiency
RocksDB 34244991 operations, 56937 ops/sec 209.023 W/MOps
HPL Time to solve the equations (seconds): 790.875 W/Eq

0.05, 74.23, 163.49, 87.78, 0.16, 4.44, 33.88, 126.31.
PyTorch Trained until training epoch 2, iteration 34816 of 50000. 289.651 W/KIter



Appendix C

Rack controller evaluation

This section presents the additional tests conducted to evaluate the rack-level controller, following

the methodology explained in Section 4.4.

C.1 Priority Control Algorithm
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Figure C.1: Experiments for the priority algorithm under the rack-level energy control setting with
a 170 W target and high priority in RocksDB.

When setting the energy consumption limit to 170 W and applying the priority control al-

gorithm with RocksDB having high piority (Server 4), HPL1 and HPL2 having medium priority

(Server 2 and Server 3), and PyTorch having low priority (Server 1), one obtains the results pre-

sented in Figures C.1a and C.1b. The total energy consumption average was 158 W. Although

this is a low value, around 10 W below the target, one can see in Figure C.1a that during a long

period (between 50 and 305 s), the total energy was around 170 W. Besides, the average is highly

influenced by the last seconds of the test (after the 500 s), when both HPL terminate, as depicted

in Figure C.1b, and the total energy drops. The same picture shows that RocksDB spends more

energy than HPLs and that PyTorch, even having low priority, spends more energy than the rest of

the applications since it runs in more CPU cores, and is using alone a NUMA node. These facts

103
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inhibit PyTorch from having the interference of other applications, as mentioned in Section 4.2.2,

as it happens with RocksDB and the HPLs.

Table C.1 depicts each application’s performance and average energy efficiency. RocksDB

shows a efficiency with 442.554 W/MOps, indicating effective energy utilization given its high

priority. The HPL applications demonstrate very similar equation completion times and energy

efficiency. PyTorch, despite having low priority, consumed substantial energy due to its higher

core utilization and isolated NUMA node, achieving 698.257 W/KIter.

Table C.1: Application efficiency with 170 W limit and high priority in RocksDB.

Application Application Performance Avg Energy Efficiency
RocksDB 47750157 operations, 79343 ops/sec 442.554 W/MOps
HPL1 Time to solve the equations (seconds): 914.5 W/Eq

0.05, 39.07, 55.00, 25.72, 0.04, 1.41, 10.95, 49.97,
0.04, 25.71, 54.14, 28.33, 0.06, 1.82, 11.84, 59.03.

HPL2 Time to solve the equations (seconds): 922.313 W/Eq
0.05, 38.69, 56.33, 25.72, 0.04, 1.41, 10.95, 50.02,
0.04, 28.13, 55.19, 27.76, 0.06, 1.77, 11.8, 55.17.

PyTorch Trained until training epoch 2, iteration 9216 of 50000. 698.257 W/KIter
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Figure C.2: Experiments for the priority algorithm under the rack-level energy control setting with
a 170 W target and high priority in HPLs.

Then, the priorities were defined as RocksDB having low piority (Server 4), HPL1 and HPL2

having high priority (Server 2 and 3), and PyTorch having medium priority (Server 1). Applying

these priorities led to an average of 164 W (Figure C.2a), with two drops in the total energy con-

sumption at 450 s (when both HPL terminated) and 502 s. This scenario also shows the priorities

clearly (as seen in Figure C.2b) since both HPL spent much more energy than RocksDB (more than

double). PyTorch, having more CPU cores, medium priority, and running in a separate NUMA

node, still spent more energy than each HPL, which makes sense. However, if both HPL are taken

as one single server, the sum of the energy spent by these applications reaches 80 W most of the
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time, higher than PyTorch, even though PyTorch uses 4 CPU cores and both HPL uses a total of 2

cores.

It is also interesting to note how the algorithm adjusts when both HPL finish. After 450 s, both

PyTorch and RocskDB start to spend more energy, trying to reach the target energy defined of 170

W. One can see in Figure C.2a that the algorithm was successful in doing so.

Each application’s performance and average energy efficiency are shown in Table C.2. HPL

applications, with high priority, show high energy efficiency values (1091.937 W/Eq and 1096.187

W/Eq), reflecting their intensive energy needs. RocksDB and PyTorch, with lower priorities,

show worse efficiencies compared to the previous evaluation, with 696.112 W/MOps and 612.353

W/KIter, respectively.

Table C.2: Application efficiency with 170 W limit and high priority in HPLs.

Application Application Performance Avg Energy Efficiency
RocksDB 20523999 operations, 34102 ops/sec 696.112 W/MOps
HPL1 Time to solve the equations (seconds): 1091.937 W/Eq

0.05, 32.92, 49.87, 25.66, 0.04, 1.41, 10.93, 49.89,
0.04, 25.66, 49.92, 25.64, 0.04, 1.41, 10.93, 49.87.

HPL2 Time to solve the equations (seconds): 1096.187 W/Eq
0.05, 32.25, 49.92, 25.68, 0.04, 1.41, 10.93, 49.92,
0.04, 25.68, 49.94, 25.66, 0.04, 1.41, 10.92, 49.89.

PyTorch Trained until training epoch 2, iteration 27648 of 50000. 612.353 W/KIter
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Figure C.3: Experiments for the priority algorithm under the rack-level energy control setting with
a 170 W target and running 4 HPLs.

Lastly, as in the evaluation of the node controller, it was tested a scenario where each server

would have the same number of used CPU cores. Therefore, the priority control algorithm was

applied with an energy limit of 170 Watts and 4 HPL applications running, one with high priority,

two with medium priority, and the last with low Priority. These applications were distributed

through the NUMA nodes, each NUMA node having 2 HPLs, one of them having medium priority.
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The total energy consumption was around 157 W most of the time, dropping below 100 W at

452 s when the high priority HPL terminated, followed by an augment to around 167 W as shown

in Figure C.3a. Figure C.3b illustrates that HPL4 spent more energy than the rest (around 54 W)

and terminated at 452 s, as it was expected given the high priority. Until 452 s, HPL2 and HPL3,

which had both medium priority, spent more or less the same energy (around 32 W), with HPL2

spending a little more (around 34 W) since it is running in the same NUMA node as HPL1 which

has low priority and is spending less energy than HPL4 which has high priority and is running in

the same NUMA node as HPL3 (caused by the interference of the active cores in the same NUMA

node as explained in Section 4.2.2). Although HPL1 has low priority and HPL2 and HPL3 have

medium priority, given that the number of components having medium priority is larger than the

number of components having high and low priority, the algorithm distributes a bigger portion of

energy to the high priority component, and the other components get a similar portion. Having

two medium priority HPLs causes the medium priority portion (despite being larger than the low

priority portion) to be divided among more components, each component ending up with a portion

similar to the low priority one.

After 452 s, when HPL4 terminates, both HPLs with medium priority increase their energy

consumption. HPL3, which is now running alone in that NUMA node increases to above 80 W

(the maximum for a single activated CPU core in a NUMA node, as seen in Section 4.2.2), and

HPL2, which is sharing the NUMA node with HPL1, increases energy consumption to above 60

W. HPL1, having low priority, drops its energy to around 19 W.

Table C.3: Application efficiency with 170 W limit and 4 HPLs.

Application Application Performance Avg Energy Efficiency
HPL1 Time to solve the equations (seconds): unknown

0.06, 65.77, 214.69, 106.91, 0.16, 4.56, 34.99,
did not finish the rest.

HPL2 Time to solve the equations (seconds): unknown
0.05, 43.44, 196.52, 110.12, 0.05, 1.78, 10.89, 49.69,

0.04, 25.60, did not finish the rest.
HPL3 Time to solve the equations (seconds): 1630.875 W/Eq

0.05, 40.73, 81.62, 42.01, 0.07, 2.30, 17.75, 81.87,
0.07, 41.97, 61.37, 25.55, 0.04, 1.39, 10.88, 49.67.

HPL4 Time to solve the equations (seconds): 1476.063 W/Eq
0.05, 32.86, 49.87, 25.66, 0.04, 1.40, 10.90, 49.82,
0.04, 25.63, 49.87, 25.63, 0.04, 1.41, 10.92, 49.82.

This evaluation resulted in application performance and average energy efficiency as depicted

in Table C.3. The efficiency of HPL applications varies, with high priority HPL achieving the best

average energy efficiency (1476.063 W/Eq). The medium priority HPL, HPL3 running alone in

a NUMA node after the high priority HPL terminated (HPL4), achieved the second best perfor-

mance, with an average energy efficiency of 1630.874 W/Eq. The remaining HPLs did not even
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finish the calculations, although it is important to note that HPL1 had worse performance than

HPL2 due to their different priorities.

C.2 Fairness Control Algorithm
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Figure C.4: Experiments for the fairness algorithm under the rack-level energy control setting with
a 130 W target.

The fairness control algorithm test targeting a midpoint of the energy range involved setting the

energy limit at 130 W. This experiment led to higher oscillations in the total energy consumption,

with a resulting average of 120 W (Figure C.4a). Compared to the last experiment with a target of

180 W Figure C.4b depicts that an energy target of 130 W led to cuts mainly in the energy used

by the HPLs and PyTorch, which dropped to around 20 and 60 W respectively. RocksDB behavior

remained more or less the same, with slightly wider variations.

Table C.4: Application efficiency with 130 W limit and fairness algorithm.

Application Application Performance Avg Energy Efficiency
RocksDB 34628168 operations, 57108 ops/sec 338.135 W/MOps
HPL1 Time to solve the equations (seconds): unknown

0.04, 46.50, 73.07, 43.72, 0.07, 2.32, 16.45, 75.11,
0.06, 44.40, 86.10, 45.89, 0.07, 2.24, 15.40,

did not finish the rest.
HPL2 Time to solve the equations (seconds): unknown

0.04, 51.91, 79.01, 42.53, 0.07, 2.33, 20.31, 71.99,
0.07, 46.33, 81.08, 37.02, 0.06, 2.04, 14.52,

did not finish the rest.
PyTorch Trained until training epoch 2, iteration 19456 of 50000. 510.697 W/KIter

The average energy efficiencies obtained for RocksDB and PyTorch applications were 338.135

W/MOps, and 510.697 W/KIter, respectively (as shown in Table C.4). The HPLs’ time to solve

equations increased, with performance issues leading to unknown average energy efficiencies.
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RocksDB energy efficiency improved a lot (around 150 W), while PyTorch’s worsened a little

(around 20 W).
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(b) Per server energy consumption.

Figure C.5: Experiments for the fairness algorithm under the rack-level energy control setting with
a 100 W target.

Finally, to test the algorithm’s behavior with an energy target near the minimum value, a target

of 100 W was chosen. The total energy consumption of this test shows narrower oscillations

(Figure C.5a) up to a maximum of 133 W, with an average of 104 W, very close to the target. As

seen in Figure C.5b, RocksDB and the HPLs remained restricted at around 20 W, while PyTorch’s

energy dropped to around 50 W.

For this evaluation, HPL applications remained with unknown average energy efficiencies

due to not terminating (Table C.5). RocksDB presented 382.984 W/MOps, an energy efficiency

between the evaluations with the 180 and 130 W limits, and PyTorch resulted in 589.552 W/KIter,

the worst energy efficiency for the fairness algorithm.

Table C.5: Application efficiency with 100 W limit and fairness algorithm.

Application Application Performance Avg Energy Efficiency
RocksDB 20455186 operations, 33734 ops/sec 382.984 W/MOps
HPL1 Time to solve the equations (seconds): unknown

0.19, 63.48, 22.16, 66.07, 0.10, 3.15, 24.43, 118.33,
0.10, did not finish the rest.

HPL2 Time to solve the equations (seconds): unknown
0.19, 63.28, 120.82, 59.91, 0.10, 3.16, 25.12, 122.64,

0.09, 62.72, did not finish the rest.
PyTorch Trained until training epoch 2, iteration 2048 of 50000. 589.552 W/KIter
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