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Abstract

The surge of Artificial Intelligence (AI) and Deep Learning (DL) workloads has trans-

formed high-performance computing (HPC), increasing demands for both computational

power and energy efficiency. This dissertation addresses two key challenges in sustain-

able computing: energy accounting in next-generation supercomputers and the design of

energy-efficient AI accelerators based on Field Programmable Gate Arrays (FPGAs).

First, a comprehensive methodology for fine-grained process-level energy consumption

estimation is proposed. EfiMon is introduced to monitor system-wide and process-specific

energy metrics without requiring execution isolation, enabling accurate energy profiling on

CPUs and GPUs. New analytical models are developed, demonstrating sub-2% relative

error for CPU-based measurements and under 10% error for GPU-based measurements,

providing valuable insights into energy usage in shared-resource environments.

Second, this work presents the design and evaluation of a Flexible Accelerator Library

(FAL), which enables the automatic generation of parameterised FPGA-based AI acceler-

ators. This library supports customising operand size, numerical precision, approximate

arithmetic injection, and accelerator reuse. Experimental validation explores standard,

Strassen, and Winograd matrix multiplication approaches, assessing trade-offs among

resource consumption, performance, and error resilience. Furthermore, approximate com-

puting techniques are incorporated to reduce FPGA resource usage with minimal impact

on model accuracy. For MobileNet v2, the resource reduction was approximately 20%,

accompanied by an accuracy improvement of 16.6% due to healthy numerical disturbances

in the softmax layer. For LeNet 5, it was 18.93% and 9.6% respectively.

The thesis extends its impact by exploring FPGA acceleration for Large Language Models

(LLMs), proposing architectures optimised for LLM inference at the edge, and discussing

pathways for future AI computing architectures that prioritise energy efficiency, scalabil-

ity, and reconfigurability. This research achieves a speedup ranging from 1.37× to 10.98×
over two AMD EPYC 7H12 CPUs with 64 cores each, outperformed by an NVIDIA Tesla

V100 by a factor of 1.66×.

Lastly, this work highlights the use of heterogeneous systems equipped with CPUs,

GPUs, ASICs, and reconfigurable devices to mitigate high-arithmetic-intensity tasks



(compute-bound) and the integration of compute units into memory modules to address

low-arithmetic-intensity workloads (memory-bound), which can evolve and adapt to the

rapidly changing requirements of AI.

Keywords: approximate computing, machine learning, neural networks, hardware accel-

eration, inference, field programmable gate arrays, sustainable computing, coarse grained

reconfigurable arrays, reconfigurable computing, cooperative computing, heterogeneous

computing.
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Jiménez. Also to Niccolò Tosato for his contributions to the EfiMon project and my sister,

Indra León, for her help in improving the diagrams.

The possibility of this PhD was thanks to eXact lab srl as a company that partially

funded my PhD, and the PON programme by the Ministry of University and Research

of Italy. I am thankful with the chance of participating in the programme. I also extend

my gratitude to RidgeRun LLC for their support while I was away and for providing

the hardware for my students’ experiments. Moreover, I acknowledge the support of the

AMD University Programme (HACC ETH Zurich) and AREA Science Park for providing

the infrastructure for some of the experiments.

My most profound gratitude goes to my family and Manuela, who provided support

throughout the entire process, from the start to the end of my PhD.

e



To all of them, my sincere thanks and never-ending good wishes.

Luis Gerardo León Vega

Trieste, Italia, January 13, 2026



List of Publications

The following publications were derived during the work presented in this dissertation:

Journals

1. L. G. León-Vega, E. Salazar-Villalobos, A. Rodriguez-Figueroa, et al., “Automatic

Generation of Resource and Accuracy Configurable Processing Elements,” ACM

Trans. Embed. Comput. Syst., Apr. 2023, issn: 1539-9087. doi: 10.1145/3594540

Conferences and Workshops

2. L. G. León-Vega, E. Salazar-Villalobos, and J. Castro-God́ınez, “An Exploration

of Accuracy Configurable Matrix Multiply-Addition Architectures using HLS,” in

2022 IEEE 15th Dallas Circuit And System Conference (DCAS), 2022, pp. 1–6.

doi: 10.1109/DCAS53974.2022.9845501

3. L. G. León-Vega and J. Castro-God́ınez, “Generic Accuracy Configurable Matrix

Multiplication-Addition Accelerator using HLS,” in 2023 53rd Annual IEEE/IFIP

International Conference on Dependable Systems and Networks Workshops (DSN-

W), 2023, pp. 171–174. doi: 10.1109/DSN-W58399.2023.00048
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Chapter 1
Introduction

High-performance computing (HPC) has undergone a significant transformation in recent

years, evolving from a domain focused primarily on traditional simulations and scientific

computing to one increasingly driven by the needs of artificial intelligence (AI). At its core,

HPC involves the accelerated transfer and processing of vast volumes of data, historically

centred around Big Data and Accelerated Computing [18]. However, the emergence of

modern AI workloads has drastically reshaped this landscape.

Initially, the massive parallelism offered by Graphics Processing Units (GPUs) revolu-

tionised HPC, providing substantial speedups over Central Processing Units (CPUs) for

certain classes of problems. The Single Instruction Multiple Thread (SIMT) paradigm

enabled GPUs to process thousands of threads simultaneously [19], ideally suited for

the growing demands of data-intensive applications. As AI, particularly Deep Learning

(DL), became the dominant workload, the computational requirements outpaced the ca-

pabilities of traditional HPC architectures [20]. CPUs and GPUs have been evolving to

include optimised hardware extensions for matrix multiplications, which are crucial for

most computations [19], [21].

Large Language Models (LLMs) have further exacerbated these demands. Their versatil-

ity, robustness, and broad applicability across natural language processing, robotics, and

productivity tools have made them central in the last decade. Consequently, companies

like OpenAI, Meta, and xAI have invested heavily in GPU-accelerated infrastructures to

support the training and inference of increasingly sophisticated models [22]–[24]. These

expansions have significantly increased computational and energy footprints in data cen-

tres, intensifying sustainability concerns [25].

At the same time, the exponential growth of AI computing has highlighted the limita-

tions of existing hardware. While GPUs excel at general-purpose parallelism, they are

not always the most energy-efficient solution for AI-specific tasks. The race for faster and

larger models has sparked interest in specialised hardware platforms that offer better per-

formance per watt, prompting the exploration of alternatives such as Field Programmable

Gate Arrays (FPGAs) and Processing-In-Memory (PIM) architectures [26]. It has also

1
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made room for the exploration of new architectures that extend beyond traditional CPU

and GPU architectures, encompassing a range of devices, from Application-Specific Inte-

grated Circuits (ASICs) to reconfigurable devices like Field-Programmable Gate Arrays

(FPGAs) [26]. Moreover, other non-traditional computing paradigms have emerged and

demonstrated promising results, such as Approximate Computing (AxC) and deeply opti-

mised code development, which focuses more on optimisation through specialisation [27].

AI computations have plenty of room for further innovation, from accelerating code with

traditional architectures and non-standard optimisations to the growth of new AI-driven

computing architectures.

Scope of This Thesis

This dissertation addresses two critical challenges arising from this new computational

paradigm. First, it investigates the need for fine-grained energy accounting methodolo-

gies to monitor and predict process-level energy consumption in shared, heterogeneous

environments without requiring execution isolation. The proposed EfiMon framework en-

ables energy studies of CPUs and GPUs, providing a foundation for sustainable resource

management and energy-driven optimisation.

Second, the dissertation explores the design of energy-efficient AI accelerators by leverag-

ing the inherent reconfigurability of FPGAs. The development of the Flexible Accelerator

Library (FAL) demonstrates how operand size tuning, approximate computing, and cus-

tom architecture generation can lead to significant improvements in both performance and

energy efficiency for AI workloads. The analysis is taken beyond through the analysis of

multiple architectures for accelerating the cutting-edge LLMs, studying the impact of each

architecture and providing insights for further implementation guided by the operation

fusion and approximate computing. The study concludes with democratising FPGAs and

their application in AI acceleration, while also analysing existing FPGA solutions and

proposing a hybrid library for FPGA access optimised for low latency and simplicity.

It concludes with an exploration of newly researched trends in computer architecture, em-

phasising the introduction of reconfigurability in Cooperative Heterogeneous Computing

as a potential alternative for the rapidly evolving AI solutions that overwhelm hardware

development times.

Contributions

Regarding the energy accounting front (Chapter 2), this work contributes:

• The development of a tool, called EfiMon, capable of gathering detailed process

information regarding load footprint, system occupancy, and power consumption,
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enabling the proposal of new prediction models to estimate the energy consumed

by a Process of Interest (PoI) without requiring execution isolation.

• A comprehensive analysis of computing devices during the execution of running

processes on multi-socket computers.

• An energy model for estimating the consumption of CPU and GPU resources during

PoI execution, contribution in energy consumption research for shared computing

nodes and next-generation supercomputers based on XaaS, where energy usage must

be measured without dedicating full node exclusivity.

On the other hand, in energy-efficient AI acceleration, the contributions are:

• A framework for automatically generating vector processing elements (PEs) and ac-

celerators for matrix multiplication-addition and convolution operations, supporting

adaptable operand size, data bit-width, datatype, and arithmetic structure. The

design leverages standard C++ and High-Level Synthesis (HLS), and allows the in-

tegration of approximate computing (AxC) to reduce resource consumption at the

cost of minimal accuracy trade-offs (Chapter 3).

• The implementation and evaluation of Strassen andWinograd Matrix Multiplication

algorithms on FPGA for Deep Neural Networks (Chapter 3).

• Implementation of a basic set of accuracy-configurable arithmetic units for addition

and multiplication, developed in untimed C++ for HLS, parameterised by data

type, data width, integer part size, and number of approximated least-significant

bits (Chapter 4).

• An evaluation of the arithmetic units’ effectiveness when deployed in a LeNet-5

model and a Multi-Layer Perceptron (MLP) autoencoder for anomaly detection

tasks (Chapter 4).

• An analysis of different architectures for LLM inference, comparing various imple-

mentations and pioneering a feasibility study based on resource consumption and

latency, aimed at guiding the design of future accelerators for LLAMA-based and

Vision Transformer (ViT) models (Chapter 5).

• An analysis of the XRT and PYNQ frameworks regarding latency when scaling

workload sizes, leading to the development of a simplified runtime library, CYNQ

RT, featuring a PYNQ-like API for C/C++ application development (Chapter 6).

• A framework to lower the barriers to FPGA usage at the software level by proposing

an open-source framework, CYNQ Framework, that provides access to a set of

selected generic accelerators through a simple API, eliminating the need for in-

depth hardware knowledge (Chapter 6).
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Ultimately, this work positions reconfigurable, energy-conscious computing as a corner-

stone for future AI-driven high-performance systems (Chapter 7). It aims to contribute to

a broader vision where adaptability, sustainability, and computational excellence coexist

to meet the demands of the next generation of intelligent applications.

Document Structure

The remainder of this dissertation is organised as follows:

• Chapter 1 introduces this dissertation.

• Chapter 2 discusses energy accounting in next-generation supercomputers and in-

troduces the EfiMon tool.

• Chapter 3 describes the design principles and automated generation of FPGA-based

AI accelerators.

• Chapter 4 explores the integration of approximate computing techniques in AI ac-

celerators.

• Chapter 5 presents architectural designs for accelerating LLMs using FPGAs and

analyses their performance.

• Chapter 6 introduces the CYNQ framework for facilitating FPGA usage by software

developers.

• Chapter 7 outlines insights and future directions for next-generation AI computing

architectures.

• Chapter 8 concludes the dissertation, highlighting the contributions and proposing

future research directions.



Chapter 2
Energy Accounting in Next-Generation

Supercomputers

Artificial Intelligence (AI) is currently the most prevalent and computationally demanding

workload in supercomputing. Some workloads are executed on the cloud, where several

users share resources. The energy footprint of these workloads is often inadvertently

overlooked when releasing training and inference results. However, the rapid growth in

computational demands is pushing these resources to their limits, making energy the most

critical asset in data centres. Overall, AI is driving large-scale investments in supercom-

puting, increasing power consumption exponentially to meet demand, posing a risk to

carbon emissions reductions. The Top 5 most powerful supercomputers require 7 MW up

to 30 MW to reach the maximum capacity [25]. In Italy in 2022, 63.4% of electricity was

produced by fossil fuels, and 27.5% by renewable energy sources such as wind, solar, and

hydro [28], posing an issue for how electricity is produced to meet the increasing demand

from HPC.

Currently, accounting for energy in HPC workloads is limited to the node level, without

a clear distinction between the actual distribution of computation, communication, and

energy consumption among running processes. This lack of granularity hampers our

understanding of how power-hungry the workloads are and which parts are the most

energy-demanding.

This chapter focuses on the quantification of energy consumption in supercomputing

environments. It presents a comprehensive model derived analytically from computer

architecture principles and introduces EfiMon, a tool designed to extract metrics that

estimate the energy consumption of processes during execution. Notably, this estimation

does not require the system to be fully dedicated to the process under analysis. Together,

the model and tool show promising results, guiding the future of energy estimation for

supercomputing workloads, including those associated with AI.

5
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2.1 Related Work

Quantifying the energy consumption of computational systems is an open research area,

encompassing everything from embedded high-performance computing (HPC) systems

to supercomputers. Most modern systems include sensors that allow for either direct

or indirect measurement of power consumption by various subsystems, including proces-

sors, main memory, power supply units (PSUs), and acceleration cards [29]–[31]. These

measurements generally offer a coarse view of system-wide energy use.

Current server hardware provided by major vendors offers limited tools for exploring and

analysing energy consumption in HPC facilities. This leads to limited instrumentation

available on compute nodes for accurately quantifying energy expenses, which, in turn,

restricts decision-making on when and how to allocate resources efficiently.

For example, Intel provides tools such as PCM and RAPL that allow measurement of

aggregate core, socket-level consumption (including non-processing components), and

DRAM power consumption [29]. In contrast, AMD’s offerings are more limited, often ex-

cluding DRAMmeasurements [29], and some tools, like AMD uProf, are closed-source [30],

restricting comprehensive energy consumption analyses.

SLURM [32], the most popular job scheduling software, does not optimise or make any

decision on job scheduling based on energy consumption. Instead, it only provides the

energy consumed system-wide by a job based on the energy meters available, like IPMI

and Intel RAPL, and turns on or off the nodes to save energy.

One of the main concerns regarding SLURM’s approach is that it fails to account for the

energy consumption of individual processes or tasks, unless they run in complete isolation

within the system. This is because Intel RAPL and IPMI operate at a system-wide level.

In some cases, these tools are also inaccessible or inaccurate, leaving a gap in the available

metrics. To address this, other methods have been proposed to approximate the power

consumption for server computers, such as CPU utilisation, temperature, and fan speed

as input for estimations [33]–[37]. Some researchers have also suggested more accurate

measurement approaches using stochastic methods or probabilistic models to describe the

system as a whole [35], [38], which have shown promising results in experiments.

Fine-grained energy consumption analyses typically focus on embedded systems, which

are simpler and often powered by batteries. These studies have analysed the impact of

executing assembly instructions, such as load/store [39], Very Long Instruction Words

(VLIW) [40], [41], including some outdated GPUs [42]. Some proposals include power

models to extract energy consumption based on the dispatched instructions, while oth-

ers utilise heuristics at compile time [43]. These approaches are feasible given that the

computing hardware (i.e. CPU, DSP or GPUs) consumes most of the power. Neverthe-

less, EAR [44] is an open-source framework for energy management in HPC that targets

architectures with Intel Node Manager and RAPL, providing near-fine-grained control.

It uses the Performance API (PAPI) library [45] to capture performance metrics, such

as clocks-per-instruction (CPI), time-per-instruction (TPI), and running/iteration times.
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It attempts to link the information to the running environment, particularly the node’s

power modes (pstates) and the energy supplied by the power supply. EAR makes an ade-

quate step towards energy accounting for processes and energy-driven node optimisation

in Intel-based and NVIDIA-based architectures.

From the GPU perspective, some studies evaluate the effect of memory transactions de-

pending on the type of access pattern [46], where some interesting insights have been found

regarding the sequential and strided memory accesses. There are also studies analysing

the kernel dispatching, suggesting that the multiple kernel execution also plays a role in

how the energy is consumed [47]. Others have benchmarked several workloads to obtain

power profiles [48] and developed static analysis estimation tools after a power profil-

ing [49], [50], which are suitable for execution in isolation.

The scenario changes significantly for server-grade computers with increased complexity,

where some fine-grained energy strategies are insufficient, unsuitable, or require further

study. The study of the energy consumption in these computers must include cooling,

storage, networking, memory and multi-socket CPU consumption. A survey from 2016

suggests that 50% is used for cooling, 10% for storage and 10% for networking [51]. An-

other survey from 2020 reported that the CPU takes 32% of the power consumption [52],

changing the scenario concerning the embedded system case, implying more components

than only analysing the CPU’s power.

The estimation of energy consumption in server-class computers has primarily been ap-

proached by the research community through modelling techniques that incorporate pa-

rameters such as CPU utilisation and frequency, memory and disk usage, temperature, fan

speed, and data throughput (e.g., bandwidth) [52]. The models proposed by related work

are classified into different types, depending on the formulation. The most fundamental

is the additive model, which describes the total power as the sum of all the loads [51],

[53], [54]. The Baseline + Active (BA) models decompose the power load into base power

(idle), active power (during computation), and a correction term, which can be inter-

preted as static power [51], [55]. Regression models are fitted using training data, which

can be linear, non-linear, or based on an existing power model [51]. However, all these

models focus on general system-wide prediction rather than single-process estimation.

Therefore, there is an opportunity to contribute to the field of process-level energy con-

sumption (fine-grained) and to use executed instructions as a parameter to enhance energy

consumption estimation. This work will focus on proposing a tool to gather information

to fit a regression model that takes into account the instructions executed by a PoI, and

its load on the system. It will also focus primarily on studying the energy impact of

different types of instructions (scalar, vector, branching, and memory), the use of other

computational resources, and how these can be used as parameters for energy consump-

tion estimation of a single process by combining additive, BA and regression approaches.
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Figure 2.1: Efimon software stack. The architecture uses the interface-adapter pattern to

decouple the dependencies and keep the API uniform and agnostic.

2.2 EfiMon: Agnostic Performance Monitor

EfiMon is a tool composed of a C++ library and applications to extract information from

the process execution and the overall system metrics. From the process perspective, Efi-

Mon extracts the instructions executed, sampled at a certain rate during a time window,

and includes the CPU, RAM and network utilisation. From the system perspective, it

extracts critical information about power consumption from the CPU sockets and Power

Supply Units (PSU), as well as the overall system load with respect to the CPU, RAM,

GPU and network.

EfiMon’s library follows the interface-adapter architecture combined with the observer

pattern. The architecture allows EfiMon to standardise the API, making it extensible

through the adapter implementation. For instance, CPU socket power consumption can

be obtained from Intel PCM, RAPL, or AMD uProf. Depending on the system where it

is compiled, the adapters are enabled, offering the possibility to get measurements from

any of them while preserving the API, making the changes to the final application less

impactful.

Figure 2.1 shows the software architecture of the EfiMon project, summarising the dif-

ferent levels of abstractions from the hardware drivers up to the final user application.

From bottom to top, EfiMon’s software stack uses Linux libraries like libprocps to ac-
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Table 2.1: Observer implementations and their readings specialisation

Observer Implementation Dependency Used Readings Implemented

ProcStatObserver libprocps CPUReadings, RAMReadings

RAPLMeterObserver rapl CPUReadings

PerfRecordObserver perf, trace N/A

PerfAnnotateObserver perf, x86Classifier InstructionReadings

IPMIMeterObserver ipmi FanReadings, PSUReadings

IntelMeterObserver Intel PCM CPUReadings

NetHogsObserver nethogs NetReadings

NVMLObserver nvml, cuda compiler GPUReadings

cess the process statistics, Linux Perf to access kernel events and hardware counters, the

RAPL interface and Intel PCM to get information about the CPU energy statistics, and

IPMI for the PSU mean power and fan speeds. For housekeeping and auxiliary functions,

EfiMon uses SQLite3 to save recordings in a database file and pstream to process deploy-

ment and signalling. EfiMon also includes tools to measure network traffic using NetHogs

and GPU statistics using NVML for a specific process; however, they will be analysed in

future work.

For abstractions, it proposes two user-accessible interface classes called Observer and

Readings. The Observer standardises basic functionalities such as reading results, trig-

gering metering and common constructors that set the process ID, sampling frequency,

metering interval and reading scope. The Observer interface class is implemented using

adapters, concrete classes that wrap up the above dependencies. Table 2.1 shows all the

implementations in EfiMon. Each implementation uses a single dependency, helping with

conditional compilation and the availability of tools after the project’s construction. The

Readings specialisable structure is a base data container that sets basic members such

as timestamp and time difference. This structure is intended to be extendible to include

measurements, depending on the observer. Each Observer adapter fills a specialisation of

the Readings class, standardising the metrics’ storage and keeping the API uniform across

observers. For instance, the ProcStatObserver and the RAPLMeterObserver specialise the

Readings class into CPUReadings to hold the CPU metrics. The Readings subclasses can

have unfilled members. In the case of ProcStatObserver, it only fills the CPU utilisation

members, whereas the RAPLMeterObserver fills the power measurements.

Listing 1 shows an oversimplified example of using EfiMon’s API within a metering appli-

cation. Lines 2 and 3 show how to create system-wide observers, and line 4 shows how to

create a process-scoped observer (attached to pid). By default, if the constructor is left

empty, it sets the PID and the interval to 0 and the scope to the default for the observer.

This may vary from one observer to another.

The Trigger method performs a reading to the adapter, gathering the information about

the CPU socket (line 7), IPMI (line 8) and libprocps (line 9). Internally, this method

queries all the required sensors or functions to refresh the internal measurements for later

use with the GetReadings method.
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Listing 1 Oversimplified example of the EfiMon’s library usage for RAPL, IPMI and

libprocps measurements.

1 // Create Observers

2 auto rapl_obs = RAPLMeterObserver{};

3 auto ipmi_obs = IPMIMeterObserver{};

4 auto proc_obs = ProcStatObserver{pid, efimon::ObserverScope::PROCESS};

5

6 // Trigger a reading

7 rapl_obs.Trigger();

8 ipmi_obs.Trigger();

9 proc_obs.Trigger();

10

11 // Get readings

12 CPUReadings *cpu_readings =

13 dynamic_cast<CPUReadings *>(rapl_obs.GetReadings()[0]);

14 PSUReadings *psu_readings =

15 dynamic_cast<PSUReadings *>(ipmi_obs.GetReadings()[0]);

16 FanReadings *fan_readings =

17 dynamic_cast<FanReadings *>(ipmi_obs.GetReadings()[1]);

18 CPUReadings *cpu_readings_pid =

19 dynamic_cast<CPUReadings *>(proc_obs.GetReadings()[0]);

20 RAMReadings *ram_readings_pid =

21 dynamic_cast<RAMReadings *>(proc_obs.GetReadings()[1]);

22

23 // Accessing to a member

24 float psu_power = -1.f;

25 if (psu_readings) psu_power = psu_readings->psu_power.at(0);

The GetReadings method returns a vector of pointers to Readings, whose memory seg-

ment points to the internal readings of the observer instance. To access the observer’s

measurements, the Readings pointer type must be cast to the actual subclass, as illus-

trated in lines 12-21, containing the members for a specific measurement (line 25). Using

this approach, the API is standardised, and the readings can include polymorphism, mak-

ing them flexible for future extensions.

The tool is available online on Zenodo [8].

2.3 Fine Grain Power Consumption Analysis

The instantaneous power consumption of a server computer can be modelled as an ad-

ditive model, including the power consumption of the CPU, hardware accelerators (i.e.

GPUs), RAM, storage, network interface cards (NIC), cooling (fans), and other electronic

components [54], which involves the following power model at an instant t:

Psystem,t = PCPU,t + PAccel,t + PRAM,t + PDisk,t + PNIC,t + PCool,t + PAux,t (2.1)

All these power components can vary their values over time based on their utilisation

and power domain status (on or off). For instance, CPU-intensive workloads will cause
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an increase in the PCPU,t, as well as for HW-accelerator workloads, which increase the

PAccel,t. Nevertheless, the increase starts from a base power value, which corresponds to

the idle state of the device, which approximates its static power consumption. In this

case, the first proposal is to decompose each power component into its static and dynamic

components, where the latter depends on the activity of the device:

Pdevice,t = Pdynamic,t + Pstatic,t (2.2)

which corresponds to a BA model [55]. This model can be further extended to consider

the status of the hardware, taking into account the existence of power domains that can

be switched off for energy savings:

Pdevice,t =
(
Pdynamic,t + Pstatic,t

)
u+ Psuspend,t

(
1− u

)
(2.3)

where u = {0,1} is a status variable, that takes a 0 value if the device is suspended or 1 if

it is on, similar to a Heaviside function. For this work, assume that the device is always

on (u = 1), leaving the revisit of this assumption for future work.

On the other hand, some workloads utilise more than one device at a time. For instance, a

CPU-based matrix multiplication uses the CPU and the RAM (if all operands are loaded

into memory). Therefore, the workloads are classified based on their computational na-

ture, i.e. CPU-based workloads, GPU-based workloads, storage operations and network

communication. This is possible due to the conservation of energy, which states that

the power supplied by a power source is equal to the sum of all the power loads. More-

over, it is possible to characterise any electrical circuit using the superposition principle,

meaning that activating parts of the circuit allows for characterising their individual load

profiles [54].

This section will be divided into computational natures (CPU and GPU). It will analyse

each component and use actual measurements to define the behaviours of the loads, using

a set of benchmarks that can exercise several parts of the computer. Network and disk

activity will be left for future contributions.

2.3.1 CPU Energy Model

For this work, the first assumption is that obtaining metrics of the total CPU consumption

and the power delivered by the PSU is possible. For simplicity, this work excludes other

computing components like GPUs during this analysis and uses the superposition principle

explained earlier. In this context, the model can be arranged as follows:

Psystem,t ≈ PPSU,t = PCPU,t + POther,t (2.4)

where POther,t encapsulates the consumption of all hardware except the CPU. Addition-

ally, this assumes that no other devices are active during the computation. The CPU
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consumption involves the addition of non-processing components, such as memory and

peripheral controllers, plus the consumption of each core:

PCPU,t(f ,T,w) =
Nc∑
i=1

P i
core,t(f

i, T i, wi) + PCPU,other,t(f ,T) (2.5)

where P i
core,t shows the power consumption of the i-th core and PCPU,other represents the

power consumed by the other parts that integrate the processor [36]. In this model, we

consider that the frequency (f), temperature (T ), and system workload (w) can be differ-

ent for each core, represented as vectors (f ,T,w, respectively). Assuming that PCPU,other

is not part of any core and does not depend on the w and most of the power is consumed

by the cores, we can focus on these latter components, which can be approximated by a

BA submodel:

P i
core,t(f, T, w) = P i

static,t(f, T ) + P i
dynamic,t(f, T, w) (2.6)

where P i
static,t represents the static power consumed by the core and does not depend

on the system workload, and P i
dynamic,t the dynamic power [37], [56]. Up to this point,

the dynamic power is required, which varies depending on the frequency, operation type,

workload, and temperature. One of the most comprehensive dynamic power models is

given by P i
dynamic,t = yiαif

βi

i , where yi is the core state, αi and βi are system-specific

parameters associated to the voltage, switching activity (implicitly the workload) and

capacitance of the transistors, and fi is the core frequency [56].

To handle the CPU usage, some works estimate the average full-load dynamic power

P i
max(dynamic),t and multiply it by the usage, such that P i

dynamic,t = wiP i
max(dynamic),t, where

wi is the workload measured as core utilisation from 0 to 1 [37]. Nevertheless, this

approximation is inaccurate since the core utilisation is often represented by the portion

of the time the CPU is active in a given period, ignoring the type of instruction executed.

The operating system (OS) may report 100% CPU utilisation on scalar operations and

100% on vector operations, yet energy consumption varies between these numbers.

The second assumption in the power model is that the power per core is unquantifiable,

and the CPU is fixed at its base clock frequency and average temperature, with low

variance, to maintain simplicity in the first iteration of this work. This is a limitation

of some systems that do not have instruments per core, like ARM-based systems or x86,

which provide metrics based on heuristics. It simplifies the analysis for further steps and

the scope of this work. This assumption will be deferred to future work, in which the

clock frequency will be reintegrated. In this case, refer back to equation (2.5), such that

PCPU,t(f̄ , T̄ , ŵ) = Pdynamic,t(f̄ , T̄ , ŵ) + P i
static,t(f̄ , T̄ ) + PCPU,other,t(f̄ , T̄ ) (2.7)

where equation (2.6) is reformulated to rewrite the sum of the dynamic power per core as

the dynamic power of the entire CPU, which now depends on the mean frequency (f̄) and

temperature T̄ and the total CPU workload ŵ. Likewise, we can encapsulate the sum of
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the static power per core to be the PCPU,other,t(f
i, T i), assuming that the entire CPU will

always be on, therefore

PCPU,t(f̄ , T̄ , ŵ) = Pdynamic,t(f̄ , T̄ , ŵ) + PCPU,other,t(f̄ , T̄ ) (2.8)

Building on the model from equation (2.8), this work defines the dynamic power of the

CPU (Pdynamic,t) and proposes the introduction of a more comprehensive utilisation param-

eter based on the types of instructions executed in a time window, such as the scalar/vector

arithmetic, logic, memory and branching, and distributing the utilisation of the CPU and

power consumption according to the impact of the instruction types. This modifies (2.8)

to

PCPU,t(f̄ , T̄ , ŵ,h) = Pdynamic,t(f̄ , T̄ , ŵ,h) + PCPU,other,t(f̄ , T̄ ) (2.9)

where the dynamic power is

Pdynamic,t(f, T, w,h) = l(w,h, f, T )θ(f, T )P̄max(dynamic)(f, T ) (2.10)

l(w,h, f, T ) is a function that quantifies the impact of each instruction given a histogram

vector h in a time window, θ(f, T ) is a non-linear function that depends on the CPU

intrinsic parameters, like electrical impedance, P̄max(dynamic) the mean power when the

CPU is loaded to its maximum capacity and w is the CPU utilisation reported by the OS,

whose values can oscillate between 0 and Nc, where w = Nc means that all CPU cores

are being used 100%.

For the assumptions made so far, the CPU’s frequency is fixed to a single value, and the

temperature is almost constant by setting the fans to the maximum speed during the

experiment. It simplifies the problem of finding the function l that describes the impact

of the instructions and the process utilisation. Besides, we are grouping the instructions

into scalar and vector families and arithmetic, logic, memory and branch types, where

each family has all instruction types. Therefore, the CPU power can be defined as

PCPU,t(w,h) = θ̂l(w,h)P̄max(dynamic) + P̂CPU,other,t (2.11)

where θ̂ is an estimation parameter that represents the CPU intrinsic parameters and their

affectation by the operating frequency and temperature, and P̂CPU,other,t is an estimated

parameter that represents the static and base power of the CPU. The equation (2.11) can

be decomposed to apply a linear regression with a transformation on w and h that can

describe possible non-linearities:

PCPU,t(w,h) =
S∑

k=1

γkσ(hk, w) + P̂CPU,other,t (2.12)

where γk are the coefficients to determine through linear regression, compressing θ̂ and

P̄max(dynamic), S is the number of instruction types and σ is a function that maps each
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instruction type and the process utilisation. The linear regression also determines the

intercept P̂CPU,other,t, corresponding to the processor’s idle consumption.

Equation (2.12) must adhere to energy conservation principles. It implies that the total

dynamic power consumed by Np processes is the result of the sum of all the dynamic

power consumed by each process p:

PCPU,t =

Np∑
p=1

S∑
k=1

γkσ(h
p
k, wp) + P̂CPU,other,t (2.13)

where Np is the number of processes, hp
k is the probability of the instruction type k and

wp is the CPU utilisation of the process p. Therefore, the model from equation (2.13)

assumes that we have measurements of the power from either the PSU or the CPU; the

frequency and the temperature are fixed, with low variance and the same for all cores, the

power domain is always on, and the instructions can be collected for the processes using

an OS tool.

2.3.2 GPU Energy Model

Graphics Processing Units (GPUs) can be seen as a particular type of CPU architecture

with a massive number of execution units. According to NVIDIA naming conventions,

a GPU is composed mainly of Stream Multiprocessors (SM), a DRAM memory bank,

and caches. The SMs can be likened to simplified CPU processing cores with in-order

execution, having their own scheduler, caches, and several execution units, usually a

multiple of the warp size (32). Unlike CPUs, each SM launches many threads that execute

the same instruction simultaneously across the execution units. This is the opposite of

how CPUs assign threads for execution; CPUs assign threads to each core, whereas GPUs

collect instructions from threads to execute them all simultaneously [19], [57]. Recent

architectures have optimised this process to avoid underutilisation [57].

To the best of the knowledge presented in this work, non-invasive, fine-grained GPU en-

ergy measurement has not been explored using online analysis. However, a tool within

the CUDA toolchain called NVML [58] captures information about GPU energy con-

sumption, temperatures, utilisation, and clock speeds. Furthermore, with the assumption

stated above regarding the architecture, we can proceed with an analysis similar to the

one performed for the CPU. Equation (2.12) shows the power consumed by the CPU.

We can use this equation as a reference, considering that the GPUs are often expansion

cards that communicate with the host systems through PCIe. In the case of NVIDIA

GPUs, they have power meters to account for the energy consumption of the entire GPU

module [58]. Therefore, the power consumption of the GPU card can be expressed as:

PGPU,t(w,h) =
S∑

k=1

γkσ(hk, w) + P̂GPU,other,t (2.14)



2 Energy Accounting in Next-Generation Supercomputers 15

Table 2.2: Hardware Configuration

Comp. AMD-based Node Intel-based Node

CPU 2 X AMD EPYC 7H12 64 cores 2 X Intel(R) Xeon(R) Gold 6126 CPU @ 2.60GHz

RAM 16 X 32GB 3200 MT/s DDR4 ECC 12 X 64GB 2666 MT/s DDR4 ECC

Disk 2 X 480GB SSD - RAID 0 2 X 480GB SSD - RAID 0

NIC MT28908 Family 100Gb (Infiniband) MT28908 Family 100Gb (Infiniband)

Cooling 16 x Dell (Silver grade) fan 16 x Dell (High Performance) fan

PSU 2 x 1400 W redundant PSU 2 x 1100 W redundant PSU

where h is the instruction histogram obtained from the acceleration kernel object (GPU

assembly code), σ is a function that summarises the behaviour of each instruction type

hk and the GPU compute usage wp linked to the process p to the power consumption,

γk represents the impact of the instruction on the power consumption and P̂GPU,other,t

represents the power consumption from non-computational peripherals inside of the GPU

card.

2.4 Quantitative Assessment of the Fine Grain Power

Consumption Model

2.4.1 Setup and Benchmarks

To assess the models proposed in the previous section, the analysis will divide the experi-

ments into computational natures (CPU and GPU), analysing each component and using

actual measurements to define the behaviours of the loads, using a set of benchmarks that

can exercise the several parts of the computer.

For the CPU, this work specifically uses the hardware from Table 2.2 and, to reduce

the noise during the measures, the clock speeds have been fixed at 1.5 GHz (AMD) and

1.0 GHz (Intel), C-states and boost are disabled, and the fan speed is set to maximum.

Likewise, the experiments performed are the following:

• idle: measures the idle power of the system when executing nothing.

• copy: performs memory copies using scalar instructions.

• copy mem and copy mem avx: performs memory copies using scalar and vector

units (AVX) but avoiding temporal storage, exploiting the bandwidth in NUMA

machines.

• daxpy mem avx fma: a double-precision linear combination of two vectors opti-

mised for AVX FMAs and non-temporal stores.

• stream mem avx fma: a double-precision stream triad ai = kbi + ci, optimised

for AVX FMAs and non-temporal stores.
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Table 2.3: PowerEdge R740xd Hardware Configuration

Component Description

CPU 2 X Intel(R) Xeon(R) Gold 6226 CPU @ 2.70GHz 12 cores

RAM 8 X 32GB of 2933 MT/s DDR4 RAM ECC

GPU 2 X NVIDIA Tesla V100 PCIe 32GB

Disk 2 X 480GB SSD - RAID 0

NIC MT28908 Family [ConnectX-6] 100Gb (Infiniband)

Cooling 6 x Performance Fans for R740/740XD

PSU 2 x 1600 W redundant PSU

• load: double-precision memory loads using non-temporal data and AVX-vector

instructions.

• store: double-precision memory stores using non-temporal data and AVX vector

instructions.

• peakflops avx fma: double-precision multiplications and additions with a single

load, optimised for AVX FMA.

• update avx: AVX double-precision vector update (load and store).

• dgemm: double-precision matrix multiplication from Level 3 BLAS.

These experiments imply the running of several scenarios given the instructions activated

during execution, implying a change in the probability distribution of instructions and

multi-threading using OpenMP to stress power consumption during execution. All bench-

marks can be found in the likwid-benchmark utility [29], and the dgemm is implemented

with the OpenBLAS library [59].

For the GPU, the hardware from Table 2.3 is used, and the benchmarks are a matrix

multiplication implemented in three different ways: pure CUDA, CUBLAS, and vectorised

through Tensor Cores [19]. The power profile of the GPU has also been adjusted to

minimise variations during execution.

Experiments using hardware acceleration, storage, network and Inter-Process Communi-

cation (IPC) are excluded from the scope of this work and will be left for future contri-

butions.

2.4.2 CPU Model Results

Behavioural Instruction Analysis

Figure 2.2 depicts a series of experiments that perform computations using scalar, vec-

tor and memory operations. Figure 2.2a shows how the aggregated power consumption

(measured from the PSU) increases as the system CPU utilisation scales, illustrating a
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Figure 2.2: Experiments behaviour when scaling in degree of parallelism (System CPU Usage)

and the instructions executed. On the left, the socket power consumption is re-

ported as the usage scales, whereas on the right, the histogram of the instructions

illustrates the experiment’s nature.

logarithmic behaviour in most experiments except in the branch and jump experiments,

where the behaviour is linear. Figure 2.2b serves as a reference to highlight that each ex-

periment has a different probability of launching certain types of instructions. Both plots

highlight the crucial role of the instructions on the overall power consumption, where the

former varies according to the type of instruction launched by each benchmark, proving

the need to integrate the instructions into the power modelling. Furthermore, the data

was collected using EfiMon and the machine from Table 2.2.

According to the Figure 2.2, the nature of the impact of each instruction can be modelled

by observing the instruction histograms and the utilisation, resulting in a hybrid linear-

logarithmic combination. The impact of the instruction is also conditioned by the degree

of parallelism, given implicitly by the system usage, which denotes how many CPU cores

are used during the execution. Therefore, the σ functions (proposed by Equation (2.12))

that summarise the impact of w and h are:

σ(hk, wp)1 = hp
k ln(wp + 1) (2.15)

σ(hk, wp)2 = hp
kwp (2.16)

where k and p are the indices for the instruction type (classified into scalar and vector

types, and memory, branching, arithmetic and logic families) and the process index,

respectively. The σ(hk, wp)1 is used by the memory instructions (scalar and vector) and
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Table 2.4: Parameters Estimated using NNLS Regression for CPU models using PSU

Power Model from equation (2.17) as prediction reference

Parameter Name Power Model (AMD) Power Model (Intel)

Intercept (P̂static,t) 336.5031 282.934

Weight of Scalar Arithmetic (γsa) 0.6717 0.000

Weight of Scalar Memory (γsm) 35.6589 41.117

Weight of Scalar Logic (γsl) 0.00000 1.3363

Weight of Vector Arithmetic (γva) 38.6822 34.510

Weight of Vector Memory (γvm) 35.3435 42.242

Weight of Vector Logic (γvl) 154.5258 59.149

Weight of Branch (γb) 0.6459 10.800

Weight of Jumps (γj) 0.3239 0.00000

the vector arithmetic. The σ(hk, wp)2 is used for the rest of instruction types (scalar

arithmetic, logic, branch and jumps).

On the other hand, considering the previous statement that, in a computing execution,

more than one device is involved, the equation can be generalised to include other pe-

ripherals, such as caches, memories, and controllers, leading to:

PPSU,t
∼=

Np∑
p=1

S∑
k=1

γkσ(h
p
k, wp) + P̂other,t (2.17)

where the model includes the PSU and other peripherals, including the CPU, RAM, and

other electronics with a passive consumption in P̂other,t. In order to perform a regression

of the model, we can stick to the isolation principle, executing a process at a time, thanks

to the superposition principle, allowing the removal of the sum over p ∈ {1,2, . . . ,Np}.
Finally, in order to extract the process energy consumption, we can use the calculated

regression model and the dynamic part:

Pp,t =
S∑

k=1

γkσ(h
p
k, wp) (2.18)

Standalone Model Fitting

With σ defined, a linear regression using the equation (2.17) can be performed to find

P̂static,t and the parameters γk. The linear regression estimator is fit with the total PSU

power consumption (adding both PSUs), the histogram, process CPU utilisation, and the

number of cores.

Table 2.4 shows the non-negative least square regression (NNLS) results for eight types of

instructions using the PSU as the power consumption reference and the AMD and Intel-

based nodes. Other types were negligible and close to zero. Two outstanding weights

were given to the vector operations followed by the memory transactions. This is expected
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since the CPU vector consumes most of the energy [7], followed by the memory, where the

memory transactions involve interacting with the DMA controllers and DRAM, causing

significant dynamic power drain. This also matches with findings from other authors [39]

who have studied the effect of memory movements. The intercept compresses the entire

system’s static power, including fans, control hardware, and unused hardware such as

the NIC and secondary storage. On the Intel architecture, the σ changes the behaviour

on the instructions, having a more linear behaviour similar to σ2. When setting the σ

function for all instruction types, the root mean squared error (RMSE) reduces from 14

Watts (with 3.2% of central relative error) to 11 Watts (2.8% error) and improves the

predictions. On the AMD architecture, the σ is preserved as explained in [7], getting

9.69 Watts of RMSE (less than 2% error). It results in a hardware dependency of the σ

function on the CPU micro-architecture.
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Figure 2.3: Model prediction performances of different power consumption estimation models

contrasted against the true value from IPMI (PSU) measurements. All models

consider the CPU usage logarithmic.

Figure 2.3a and 2.3b illustrate the models using only the natural logarithm of the CPU

usage as a parameter (setting hp
0 = 1, hp

k = 0; k ̸= 0, Usage only) and the proposed model

using the parameters from Table 2.4 (Usage + Instructions). The model with CPU usage

variance, as seen in Figure 2.3a, is illustrated through same-color vertical point alignment,

indicating a lack of parameters (underfitting) within the model. Figure 2.3b illustrates

how the proposed model performs in terms of prediction when involving the histogram

of instructions in it. It demonstrates that the proposed model outperforms the CPU

usage-only model, removing the variance among experiments and suggesting a better

fit. The proposed model is robust in most experiments but tends to have more variance

when performing the dgemm experiment, which involves both memory and arithmetic,

suggesting the presence of disturbances in the measurements performed by the tool and
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affecting the model prediction. Further research on new prediction techniques is required

to minimise the disturbances.

Multi-Process Analysis

One novel contribution of this work is a method and model to quantify energy consumed

by a single process without execution isolation. This section presents how the proposed

model and tool perform when measuring three different workloads of interest (PoI):

• peakflops avx fma (peakflops)

• daxpy mem avx fma (daxpy)

• stream mem avx fma (stream)

with different numbers of cores and fixed workload size, while running other unrelated

processes on the computing nodes specified in Table 2.2, maintaining the same experi-

mental conditions: fixing the frequency and the fan speed. For the unrelated processes,

the dgemm computation is included, occupying 1/4th of the total machine capability.

Regarding the model and parameters, the model from equation (2.18) with the param-

eters PSU-based NNLS of Table 2.4 is used, given their performance and generalisation

over all the system power consumption.

Figure 2.4 shows the assessment of the tool and the model when predicting the power

consumption of the PoIs (organised in columns) on the two compute machines under

study. The figures illustrate two execution cases: 1) the PoI running in isolation and 2)

the workload running with the dgemm to break the isolation (noise), all while scaling

the PoI in the number of cores. The medians for a fixed number of cores and within

the same PoI are close, giving the same power prediction for isolated and noise cases. In

the AMD-based node, the daxpy has the maximum deviations when executing with 48

cores and 64 cores, with 15.4 and 20.7 Watts, corresponding to a relative error of 4.6%

and 4.4% with respect to the isolated measurement, respectively. The best scores were

achieved by the peakflops workload with a maximum deviation of 0.6 Watts. The key

difference among the experiments lies in memory access. daxpy and stream have more

memory accesses than the peakflops, which is a pure computational workload.

In the Intel-based node, the distributions are larger, but the behaviour is preserved within

the experiment pairs, which implies that the behaviour of the noise environment comes

from the measurements and not from the model. The medians preserve the alignment,

suggesting that the predictions from the noise experiments are close to the isolation coun-

terpart. Likewise, daxpy remains the most deviated as the number of cores increases,

with a maximum deviation of 9.67 Watts (2.2% of relative error) when running at 12

cores.
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Figure 2.4: Assessment of the prediction in the absence and presence of noise for different

levels of parallelism (number of cores).

2.4.3 GPU Model Results

Behavioural Instruction Analysis

Similarly to the CPU case, this work performs a series of experiments that stress different

GPU instructions. For this case, different implementations of a 4096×4096×4096 matrix

multiplication were explored, with emphasis on memory instructions, vector instructions

(Tensor Cores from NVIDIA [60]) and an optimised algorithm in CUBLAS [57]. Figure 2.5

shows the behaviour of the experiments with respect to their power consumption and

the histogram of the instructions executed by each implementation. While performing

the same matrix multiplication operation workload, it is possible to observe that each

experiment uses different instructions to perform the same task and consumes power

differently. The CUBLAS implementation has more scalar arithmetic, is the most power-

consuming and less predictable, suggesting hidden features that need exploration. On the

other hand, the Matrix Multiplication is a hand-crafted kernel that stands as a middle

point in power consumption but has the most memory transactions. The implementation

based on CUDA Tensor Cores is the most energy efficient, as it uses the Tensor Cores (a

special execution unit for SIMD operations) and has the least power consumption.

To determine the nature of σ, we can perform a variable analysis to see how the product
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Figure 2.5: Experiments behaviour when scaling the GPU occupation and the instructions.

On the left, the GPU card power consumption is reported as the usage scales,

whereas on the right, the histogram of the instructions illustrates the nature of

the experiment.

between the probability of the instruction k and the GPU usage w is related to the

power consumption. From Figure 2.5a, the variables involved in the analysis, such as

the utilisation and the instruction affectation, exhibit linear behaviour, suggesting that

the product between the instruction and the GPU usage has a proportional effect on the

power consumption. Therefore, we can assume that σ for the GPU is:

σ
(
hk, wp

)
= hp

kwp (2.19)

This leads to the following power consumption model for a granular GPU utilisation:

PGPU,t =

Np∑
p=1

S∑
k=1

γkh
p
kwp + P̂GPU,other,t (2.20)

where the power consumption for a single process running on the GPU can be expressed

as:

Pp,t =
S∑

k=1

γkh
p
kwp (2.21)

which is useful for a linear regression study to determine the parameters γk and the

intercept P̂GPU,other,t to complete the model. A relevant side note to highlight is that, if

the power measurement during the linear regression is accounted at the card level, the

γk includes the impact of executing a process on the GPU compute units and the video

RAM included in the GPU.
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Table 2.5: Parameters Estimated using Least Squares Linear Regression for models us-

ing the GPU model from (2.20) as prediction reference.

Parameter Name GPU Power Model

Intercept (P̂static,t) 34.9818

Weight of Scalar Arithmetic (γsa) 276.1728

Weight of Scalar Memory (γsm) 33.0339

Weight of Scalar Logic (γsl) 108.412

Weight of Vector Arithmetic (γva) 4.9488

Weight of Vector Memory (γvm) 102.3084

Weight of Vector Logic (γvl) 0.0000

Weight of Branch (γb) 0.00000

Weight of Jumps (γj) 0.00000

Standalone Model Fitting

Similar to the experiments for extracting parameters in the CPU model, the GPU model

estimation used the hardware from Table 2.3 and also required fixing the clock, fan speeds,

and power profiles to minimise the variations due to the workload and thermal pressure.

Moreover, a dataset created from the latter hardware is utilised, taking 50 samples per

experiment run (number of CUDA threads).

Table 2.5 shows the parameters obtained after the Least Squares Linear Regression for

the models described by Equation (2.20). The intercept gives the static power of the

GPU card, which is 34.98 Watts, matching the ground truth of the idle measurements.

Furthermore, the scalar, involving the CUDA cores and memory transactions, is the most

relevant instruction. The vector arithmetic seems less relevant given that the Tensor

Cores are more optimised than the CUDA cores [60]. It is also consistent with the

observations from Figure 2.5a, suggesting the hardware optimisations in the GPU under

study. Likewise, the vector memory loads are more relevant than the scalar version

because they can spend more cycles filling different registers.

Figure 2.6 shows the fitted model for the GPU. The GPU model has an RMSE of 12.3

Watts, which corresponds to a 9.7% of relative error with respect to the central point

of the dataset. Besides, the figure shows that most of the points concentrate on the

bisection line, representing the model’s optimal line. This suggests that the outliers play

a role in affecting the overall model performance. The outliers are generated due to the

runtime metrics, influenced mainly by the sampling time of the kernel execution, the

power accounting tool and the profiler used to take the measurements. A deep analysis

of these effects is left for future work.
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Figure 2.6: GPU model performance in power consumption prediction. The GPU model is

fitted using least-squares linear regression from Table 2.5.

2.5 Final Remarks

The CPU model results show that the model and tool are robust against noise, keeping

a low gap between the noise and no-noise measurements, and the law of preservation of

energy (from equation (2.13)) is achieved with our proposed model and parameters.

The experimental results showed outstanding performance, with the CPU model achieving

a relative error of 1.93% and the GPU model achieving a relative error of 9.7%. These

results highlight that the tool and the methodology are promising in fine-grained energy

accounting, contributing to the future of HPC, where the directions point to sharing

computational resources. Variables such as frequency and fan speed still need to be studied

to make our tool more robust and complete. Moreover, extending the work to other CPU

and GPU architectures and removing the assumptions made during the analysis poses

a new analysis of the impact of the instructions on the energy consumption. In future

work, it is possible to mitigate this through feature-based learning techniques such as

deep learning. Also, a comparison with the EAR framework is recommended to validate

on Intel platforms.

The project is currently being used by Dualistic S.R.L to prepare energy-aware scheduling

algorithms in datacentres digital twins. EfiMon can be found open-source in the reposi-

tory cited below.
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Chapter 3
Automating the Design of FPGA-based AI

Accelerators

Beyond addressing energy quantification challenges in supercomputing, sustainable com-

puting must also confront hardware efficiency issues. AI inference has become the dom-

inant workload in High-Performance Computing (HPC), spanning both high-end em-

bedded systems and large-scale cloud infrastructures. Today, General-Purpose Graphics

Processing Units (GPGPUs) are widely used to accelerate AI workloads due to their

programmability, performance, and extensive development tool support. However, their

significant energy consumption [61] raises an essential question: Are GPGPUs truly the

most suitable architecture for AI workloads?

The scale and complexity of state-of-the-art AI models, often comprising billions of pa-

rameters, impose considerable challenges for storage, memory access, and computation.

To alleviate these demands, researchers have developed techniques such as parameter

quantisation, model pruning, and other forms of complexity reduction [62].

Despite these advances, achieving optimal execution on traditional hardware remains

challenging. For example, some neural network layers perform adequately with 14-bit

fixed-point precision, while others require 20-bit fixed-point representation. Conventional

hardware platforms typically offer only standard 16-bit or 32-bit data widths for these

cases, leading to inefficiencies in resource utilisation and increased energy consumption.

Field-Programmable Gate Arrays (FPGAs) offer a compelling alternative. Their recon-

figurability allows the hardware to be tailored specifically to the precision requirements of

AI workloads. Following the previous example, instead of using standard 16-bit resources

for 14-bit calculations, FPGAs enable the creation of arithmetic units with exactly the

required bit width, reducing both energy usage and resource consumption.

This chapter presents the design and development of a library of generic accelerators

capable of optimising common deep learning inference tasks—such as matrix operations,

convolutions, and vector mappings. These accelerators offer configurable operand sizes,

26
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data types, and operator structures, facilitating further research in operator optimisation

and approximate computing. While the primary focus is edge inference, the approaches

discussed can also be scaled to supercomputing applications.

3.1 Related Work

FPGAs are becoming an option for AI inference due to their energy efficiency. The essen-

tial advantage of these platforms over the other alternatives is their high performance and

flexibility, offering a better trade-off between computation power and energy consump-

tion [61]. In the case of the ZYNQ 7000 family, they have a maximum power consumption

of 5W and the Xilinx K60, up to 7.6W with better performance than the Jetson Nano [63],

[64]. Beyond, FPGAs have been demonstrated to be superior in AI inference to GPUs.

The FlightLLM project leverages LLM inference to cloud-grade (or high-end) FPGAs,

with 1.6× more performance and more than 3× more energy efficiency than the NVIDIA

A100 [65]. However, the code is not available online and closed for optimisation.

Most solutions target high-end1 FPGAs such as the Xilinx UltraScale+, Alveo, Kintex,

Virtex and Versal, and their equivalents in other vendors. It leaves aside proper support

for low-end FPGAs like the Artix-7, which consumes up to 1.62W [66]. Xilinx offers the

Vitis AI software development kit (SDK), and Intel provides OpenVINO and OneAPI [67].

Most of them employ closed-source generic IP Cores such as the Deep Learning Processor

(DPU) from Xilinx [68], closing the opportunity for tuning according to the error resiliency

of the application.

In the research community, attempts have been made to synthesise models such as LeNet-

5, VGG16, and YOLO using high-level synthesis (HLS). Some alternatives synthesise

entire models on Vivado HLS, performing the whole inference within the FPGA, resulting

in a 4.7× speedup on a Zybo 100 MHz with respect to an Intel Core i5 4590 3.3 GHz

in single-precision floating-point (FP32) without applying any quantisation [69]. Besides,

there are case studies of CNN optimisation on FPGAs. Some of these implementations

manipulate the numerical representation, using fixed-point representation, increasing the

performance compared to FP32. An object detector based on the You Only Look Once

(YOLO) model managed to run at 1.88 TOP/s at 200 MHz, favouring performance at a

low clock speed. In this case, the FPGA acceleration offers from 17.6 to 29.4 times less

energy consumption than CPU/GPU processing for equivalent workloads. It shows the

potential of FPGAs in this field in terms of speed and computation efficiency [70]. Other

research addresses powerful and cloud-based FPGAs, like Cloud-DNN, that optimise the

execution in a streamlined fashion to deal with latency and take advantage of these

FPGAs [71]. On the other hand, Caffeine shows the case where the inference task can be

leveraged to middle-end FPGAs (Xilinx Kintex) in synergy with software optimisations

in Caffe (unpopular nowadays) to achieve better performance [72].

1FPGAs with more than 100K logic cells
2According to Xilinx Vivado 2018.2 and Xilinx Power Estimator



3 Automating the Design of FPGA-based AI Accelerators 28

FPGADL inference can be optimised by approximating and refactoring Multiply-Accumulate

(MAC) operations, and making the accelerators lighter and less power-consuming. MAC

operations spend 99% of the energy in Deep Neural Networks [73], making MAC operators

a suitable target for DNNs optimisation. Moreover, there are other fronts of optimisation.

A survey presented in [74] highlights the importance of FPGA research for Internet-of-

Things (IoT) since GPUs and CPUs are unsuitable because of energy consumption con-

straints. It mentions classical contributions to model compression and approximation,

taking advantage of the inaccurate nature of neural networks. Some novel proposals in-

clude non-linear quantisations [75], accelerator-aware pruning [76], [77], sparse algebra

acceleration, and knowledge distillation [78]. Automated analysis of solutions is also cru-

cial when determining optimal design solutions. DNNExplorer proposes a framework to

explore the design space that involves the complexity of dealing with high-dimensional

spaces when having granularity in the design parameters [79].

There are successful frameworks within the scientific community that significantly impact

the deep learning acceleration of FPGAs, from edge to the cloud. At CERN, the HLS4ML

framework [80] implements a workflow that receives the compressed model in either Ten-

sorFlow or PyTorch. Then, it converts to HLS and creates a project that allows the user

to tune the design: establishing optimisation goals, and adjusting the numerical precision

and the reuse factor (how much the execution units can be recycled to save resources).

However, it lacks granularity in the design, limiting the possibility of implementing de-

signs in low-end FPGAs, and has approximation limitations, restricting the integration of

approximate arithmetic units. FINN is another framework that accelerates Binary Neu-

ral Networks (BNNs). It focuses on mapping and quantising neural networks to BNNs,

testing the performance by using the roofline model [81] as an exemplification metric for

comparing the performance of each solution. A second version of the FINN framework

extends the support for CNNs [82], allowing for generating high-performance accelerators,

taking into account the dataflow style (similar to HLS4ML) and running the inference

aided by the PYNQ framework [83]. FINN proposes operation-cost functions to get the

near-optimal implementations, performing an automated design exploration. Similar to

HLS4ML. However, it also lacks granularity in the design and focuses on cloud FPGAs,

leaving aside low-end FPGAs. It also limits the integration of approximate arithmetic

units.

Both solutions were conceived for high-end FPGAs and cloud facilities, but lack granu-

larity in the design, limiting the possibility of implementing designs in low-end FPGAs.

FINN addresses this issue by splitting the accelerator into IPs per layer. However, the

optimisations are still difficult for research in optimisation tasks and approximate com-

puting.

In terms of custom and manually-designed solutions, most research shows no chance to

adapt the Processing Elements (PE) according to the FPGA resources or comply with

resource constraints [84]–[87]. In such work, the data width is fixed to a certain value as

well as the operand dimensions.
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Another challenge is the integration of approximate units. DNNExplorer, Caffeine, FINN

and HLS4ML support reduced-precision arithmetic, but their execution elements are still

exact and do not integrate any approximation beyond quantisations.

Hence, both frameworks are powerful and popular in the acceleration of FPGAs. They

still have some open challenges and opportunities to improve. For instance:

• Granularity: both approaches implement the units of the whole model into the

FPGA. There is no chance to distribute the computation between the FPGA and a

host CPU for a hybrid execution.

• Approximate computing: both frameworks are exact in their computations. It opens

the chance to experiment with approximate computing techniques.

• Model size: the designs produced by both frameworks can still be unsuitable for

low-end FPGAs like the Artix-7 in their smallest configurations, and it is more

difficult in the context of LLMs. The combination of the first two challenges can

lead to an improvement in this issue.

• Opening to other applications: both frameworks are highly tailored to DLI and

restrict their usage to other applications, such as Linear Algebra. A more generic

approach could satisfy the DLI and other fields as well.

3.2 Generic Accelerator Design

The most widely used frameworks for offloading AI inference to FPGAs, such as HLS4ML

and FINN, typically adopt a full-model mapping approach. In this method, the entire

neural network is implemented on the FPGA using a dataflow architecture, where each

layer is translated into a dedicated accelerator module. These modules are interconnected

to mirror the model’s computational graph, often resulting in the number of hardware

accelerators matching the number of layers. Additionally, model weights are frequently

hard-coded into the accelerators, which maximises throughput for small models. How-

ever, this approach limits the flexibility of the design, as accelerators cannot be reused

for different operations or layers. Furthermore, each accelerator is generated from a spe-

cialised template based on the characteristics of the corresponding layer. Consequently,

optimisation strategies are uniformly applied across all accelerators performing the same

type of operation, making aggressive and fine-grained optimisations impractical.

This full-model mapping approach and template-based design reveal clear opportunities

for improvement. Transitioning from a model-centric to an operation-driven synthesis

methodology, replacing rigid templates with more general-purpose accelerator designs,

would offer several advantages. Specifically, such a shift would: 1) enable support for

larger and more complex models, 2) improve hardware resource reuse across different
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operations and layers, and 3) facilitate more targeted, operation-level optimisations, in-

cluding the integration of approximate computing techniques.

This work tackles these opportunities by proposing a granular and configurable accelerator

with the following characteristics:

1. Replaceable data type: integer, fixed-point, and floating-point.

2. Data width: arbitrary precision of the aforementioned data types.

3. Operands’ size: following a Tensor Core-like approach [60], where a fixed matrix

size and larger matrices are processed through tiling.

4. Function operators: allowing to select between exact or approximate function

operators, i.e. adders, multipliers, exponential, hyperbolic tangent.

5. Number of parallel Processing Elements: for independent same-operation pro-

cessing.

6. Replaceable operation algorithm: the implementation of how an operation is

executed can be replaced by an alternative way. For instance, replacing the standard

matrix multiplication algorithm by a Strassen-Winograd alternative.

The accelerator that adheres to these characteristics shall be modular and template-based

to meet most of them. The execution units of these accelerators shall comply with an

Application Programming Interface (API) to ensure the replaceability of the operation

algorithm.

This work proposes a template accelerators, presented in Figures 3.1, with three hierarchy

levels in a top-bottom approach:

• Math Operator Level (Bottom)

• Processing Element Level

• Accelerator Level (Top)

From top to bottom, the first level involves accelerator templates that contain two hard-

ware structures: static blocks (including register blocks) and template or dynamic blocks.

The static blocks have a fixed implementation, meaning the communication protocol and

register implementations remain fixed but still optimisable at the HLS directive level.

However, they can scale to meet the target data width and the number of PEs. This

meets the characteristics 2 and 5.

On the other hand, the template blocks allow the replacement of their implementation,

which reaches the second level of hierarchy. For instance, it is possible to use a classi-

cal matrix multiplication-addition PE (using a three-for-loop implementation) or a more
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Figure 3.1: Block diagram of the proposed architecture for matrix operations, composed of

two types of blocks: statics (including registers) and templates. The template

blocks are adjustable in implementation, whereas the statics can only adjust the

operand sizes and word lengths.

optimised PE, like a Strassen Matrix-Multiplication (explained later in this chapter),

meeting the characteristic 6, allowing an easy algorithm switch according to the design

requirements in delay, latency, and resources.

To enforce the other characteristics, it is crucial to define the requirements for the PE

design, which are:

• Easy data type swapping: the PEs shall allow the support of multiple data

types, i.e., floating-point, fixed-point, or integer. This support can be done through

a C++ template parameter.
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• Configurable operand size: varying the input/output size makes it possible to

adjust the PE size and define how many PEs can fit into an accelerator.

• Stackable blocks: the accelerator shall support placing one or more PEs seam-

lessly. It means that adding more PEs shall not be problematic or require additional

developer logic.

• Open for approximations at the operator level: approximate adders, multi-

pliers and non-linear functions can be supported by the PE. Thus, by modifying a

parameter, it will be possible to replace an exact adder with an approximate one.

• Replaceable: different implementations of the PE shall have a standard interface

allowing changing the PE at the accelerator’s level.

These requirements allow the accomplishment of the accelerator’s characteristics at the

second level of hierarchy. From the requirements mentioned before, the Stackable blocks

and Replaceable permit the abstraction to the top level, particularly through the charac-

teristics 5 and 6. The other requirements help to meet the other characteristics.

For the third level of hierarchy, the math operators can be abstracted to be replaceable

and modifiable, allowing the characteristic 4, and inherently, the characteristics 1 and 2.

At this level, it is possible to replace any math operation, allowing different implementa-

tions and approximations. For instance, it is possible to replace approximate versions of

the exponential function, shifting from the HLS-builtin exponential function, or LUT or

Taylor-based approximations, which are addressed in Chapter 4.

From another perspective, Figure 3.1 can be conceptualised in an oversimplified code

through Algorithm 1. In lines 2 - 20), it defines how the developer can tune the imple-

mentation of the template part. The accelerator parameters, such as the data type (line

9), operator (line 10), data width (line 9), operand size (4) and PE implementation (13),

are built into the accelerator; nevertheless, these parameters can be defined through C

definitions for compile-time configurability. Apart from configuring the architecture, the

accelerator provides the functionality to load data from a host and write the results back.

Both functions, represented through load data and write data (lines 17 and 19), are

implementation-fixed, but they can scale according to the data type D and operand sizes

M and N. The overall implementation can be optimised through a directives file leveraging

Vivado/Vitis HLS capabilities.

The template part, conceptualised as execute (lines 23-27), integrates the number N of

PEs, and the PE implementation, E (as a SimpleMatrixMultiplyAdd, illustrating the

configurability of the template block. Deepening into this function, execute of Algo-

rithm 1 shows a possible implementation. In this case, Vector (line 26) is a wrapper that

replicates the engine E, proposed later in this work.
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Algorithm 1 Example of built-in accelerator definition

2 void accel(Stream &in, Stream &out) {

/* M: matrix size of PE , N: number PEs */

4 constexpr int M = 2;

constexpr int N = 2;

6

/* D: fixed -point data with width = 14

8 * and int width = 6 */

using D = FxP <14, 6>;

10 using Op = MathExact;

12 /* E: PE implementation */

using E = SimpleMatrixMultiplyAdd <D, M, M, Op >;

14

/* Other definitions ... */

16

load_data <D, M * N, M>(in , A, B, ...);

18 execute <E, N, D, M * N, M>(A, B, C, ...);

write_data <D, M * N, M>(out , C, ...);

20 }

22 /* Example of definition of the template block */

template <class E, int N, typename D, int R, int C>

24 void execute(D A[R][C], D B[R][C], D C[R][C], ...) {

using Vector = ama::hw:: ParallelMatrixOperator;

26 Vector <N, N, E>:: Execute(A, B, C, D);

}

3.3 Flexible Accelerator Library

The generic accelerator idea was proposed in the previous section, and the final accelerator

implementation is subject to various degrees of freedom: data types, data widths, number

of PEs, math operators, and algorithms. Every combination leads to different results in

terms of trade-offs, particularly in resource consumption, area and latency. Knowing the

effects of every configuration is crucial for implementing a proper accelerator in terms of

the restrictions and design goals.

This work proposes the Flexible Accelerator Library (FAL), which includes the accelerator

templates, PEs and math cores, representing the three levels of hierarchy explained in the

previous section. Moreover, it is equipped with a tool for Design Space Exploration,

which allows the study of the impact of different configurations on the final accelerator

implementation.

Figure 3.2 shows the proposed automatic accelerator generation workflow. The process
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Figure 3.2: Accelerator synthesis workflow.

starts with either a design space exploration (DSE) process (through a parallel Python

script) or introducing the specific configuration using a Makefile. In both cases, a general-

isation of the Algorithm 1 is used, where the configurations are available at compile time

through C pre-processor macros, allowing a Tcl script to introduce them in the generation

process.

The workflow receives the accelerator template and the PE designs for matrix, convolution

or arithmetic operations. Apart from the implementations, it also receives a testbench

to verify and validate the current implementation (design plus parameters) and captures

data on the associated errors. This allows the introduction of directives to optimise the

target implementation. At the end of the process, the workflow produces an IP core

and a report with the resource utilisation (look-up tables (LUT), flip-flops (FF), block

RAM (BRAM), and digital signal processing (DSP) blocks), latency, and error of the

implementation. For this work, the solutions have been optimised using a pipeline-like

implementation.

With the generic accelerator proposal, this work proposes a series of generic or template

PEs to perform different matrix operations (Matrix Cores) and convolutions (Convolution)

and assess different implementations. The generic accelerator architecture and PEs also

receive the arithmetic operators (Arithmetic Cores) addressed in Chapter 4.
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The scope of this contribution will be limited to the matrix multiplication, emphasising

different algorithm implementations and exact math. Other operations are addressed in-

directly in the following chapters from a different perspective. More complex approximate

computing approaches are addressed in Chapter 4. Likewise, the convolution accelerator

had been previously tackled in previous research work [88].

The Standard Matrix Multiplication (a.k.a. näıve algorithm) is the most popular im-

plementation to compute matrix multiplications on FPGAs. It has been adopted by

state-of-the-art (SOTA) frameworks such as FINN [82] and HLS4ML [89]. It uses three

loops: the two outer ones iterate over the output rows and columns, whereas the inner

loop performs the vector dot-product of the selected row of the left-hand matrix and the

selected column of the right-hand matrix, leading to a Ocsdv < f < (n3) time complexity.

Algorithm 2 Standard Matrix Multiplication

1: for i = 1 to M do

2: for j = 1 to N do

3: cij ← 0

4: for k = 1 to K do

5: cij ← cij + aik × bkj
6: end for

7: end for

8: end for

Algorithm 2 illustrates the Standard Matrix Multiplication to perform C = AB and the

construction of the three loops, where M is the number of rows of the output, N is the

number of columns and K is the number of columns and rows of the first and second input

matrices, such that A has a size of M×K, B K×N and C M×N . Considering the case

of a 2 × 2 matrix-matrix multiplication, unrolling the operation leads to the operations

expressed in (3.1). This particular case leads to eight products and four additions.

[
c11 c12
c21 c22

]
=

[
a11b11 + a12b21 a11b12 + a12b22
a21b11 + a22b21 a21b12 + a22b22

]
(3.1)

Strassen is an alternative algorithm that reduces the number of multiplications in ex-

change for more additions, assuming that adders are faster than multipliers [90]. It

reduces the computation complexity of the matrix multiplication to O(n2.8074) with a

degradation of the numerical stability [91].

The Strassen Matrix Multiplication for 2× 2 matrices starts with the computation of the

following factors:

m1 = (a11 + a22)(b11 + b22);

m2 = (a21 + a22)b11;

m3 = a11(b12 − b22);
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m4 = a22(b21 − b11);

m5 = (a11 + a12)b22;

m6 = (a21 − a11)(b11 + b12);

m7 = (a12 − a22)(b21 + b22);

Then, the algorithm proposes a series of additions and subtractions to find the output

elements, as illustrated in (3.2). In this case, the Strassen Matrix Multiplication requires

seven multiplications (one less than the Standard) and eighteen additions (fourteen more

than the Standard).[
c11 c12
c21 c22

]
=

[
m1 +m4 −m5 +m7 m3 +m5

m2 +m4 m1 −m2 +m3 +m6

]
(3.2)

The Winograd form of the Strassen algorithm is another alternative that, similar to

Strassen, uses seven multiplications but reduces the additions to fifteen, resulting in

possible resource savings compared to Strassen. The complexity is still the same as

in Strassen [91].

Like Strassen, Winograd formulates the matrix multiplication as follows in (3.3). Within

this formulation, it is possible to reuse the results from a00b00, w + u or w + v, a10 + a11,

b01− b00 and the last one plus b11. In this way, the number of multiplications is seven and

the additions fifteen.

[
c11 c12
c21 c22

]
=

[
a00b00 + a01b10 w + v + (a00 + a01 − a10 − a11)b11

w + u+ a11(b10 + b01 − b00 − b11) w + u+ v

]
(3.3)

with:

w = a00b00 + (a10 + a11 − a00)(b00 + b11 − b01);

u = (a10 − a00)(b01 − b11);

v = (a10 + a11)(b01 − b00);

The most popular implementation for dealing with matrices of greater sizes is the divide-

and-conquer, decomposing the matrices until getting 2 × 2 matrices and performing a

submatrix multiplication.

This work studies three PE implementations: 1) standard matrix multiplication (using

Equation (3.1)), 2) Strassen multiplication (using Equation (3.2)) and, 3) Winograd mul-

tiplication (using Equation (3.3)); for 2 × 2 matrix multiplication implemented in HLS-

compliant C++, where each element from the input/output matrices can be accessed in

parallel and are operated simultaneously, attached to the principles stated above regarding

the arithmetic operators.
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Regarding the accelerator, it is able to adapt its implementation to cope with the target

arbitrary precision based on the width of the bus (in this case, fixed to 64-bit for illustra-

tion purposes and subject to convenience). For this case, the implementation splits the

bus data width into pairs of matrix elements, given an arbitrary precision. The number

of PEs will be determined by squaring the number of pairs that fit into a transmission

packet (bus width).

10-bits 10-bits 10-bits 10-bits 10-bits 10-bits

64-bit packed from the bus

10-bits 10-bits
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Figure 3.3: Operand transmission according to the bus width. Given a matrix multiplication

C = AB, A takes two packets from the bus, whereas the B uses 2×npairs packets

from the bus.

Figure 3.3 provides an example of 10-bit operands’ transmission through a 64-bit bus.

The first operand A takes two packets to represent the rows of the PE. The pairs of data

over the bus consider the number of columns of the PE. Thus, every packet will feed a

complete row of all PEs. In the case of the second operand B, apart from considering

filling a complete row, it also takes into account the number of columns of A for data

reuse. It leads to a square matrix of PEs of the size nPE =
(

Bbus

2Bdata

)2
, where Bbus is the

width of the bus and Bdata is the data arbitrary precision in bits. Lower Bdata and bigger

Bbus lead to more PE units and greater parallelism.

3.4 Experimental Results

The evaluation of the FAL involves a series of steps, which implies analysing the PEs, the

accelerator and studying the impact on the accuracy of a DL Model. Moreover, given the

context of the FPGAs, the metrics of interest are:

• Numerical Error and Instabilities

• Resource Utilisation
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• Latency

• Deep Learning Performance

This section will address the evaluation of FAL in three major blocks: 1) the PE analysis,

2) the accelerator analysis, and 3) the DL benchmark.

3.4.1 Metrics and Figures of Merit

Resource Utilisation

When evaluating digital architectures on FPGAs, four primary resources are commonly

analysed:

• Look-Up Table Cells (LUTs) are fundamental logic elements used to implement

combinational logic; their count reflects the overall complexity and area of the logic

design.

• Flip-Flops (FFs) are used for sequential logic, such as storing state information

or synchronising data across clock domains, and contribute to pipeline depth and

shortening timing behaviour.

• Digital Signal Processing Cells (DSP) blocks are specialised hardware units

optimised for arithmetic operations like multiplication and accumulation, making

them critical in architectures involving heavy numerical computation.

• Block Random Access Memories (BRAMs) provide dedicated on-chip mem-

ory and are essential for efficiently buffering data or implementing large memory

arrays.

The utilisation of these resources directly impacts the overall area, performance, and

power consumption of an FPGA implementation.

An equally important performance metric is latency, which refers to the number of clock

cycles an architecture takes to produce an output from the time an input is applied.

Latency depends on both the depth of the pipeline. The delay, typically measured as

the critical path or maximum operating frequency, is influenced by how these resources

are interconnected and the depth of the logic paths, making resource balance crucial for

achieving optimal performance. It determines the maximum clock frequency at which a

design can run.

Error evaluation

For error evaluation, it is possible to have a notion of the numerical stability of the

architecture. By computing the operation in a single-precision floating point, it is possible
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to get the golden data. Then, the matrix is quantised to the custom datatype and

transferred to the PE. The resulting elements are compared against the gold data as

ϵ
(p)
ij =

||x̂(p)
ij − x′

ij||
2sup||X′||

(3.4)

where the error is computed as the L1-distance between the result X̂ from the p-th solution

and the golden data scaled X′, normalised against the supremum of the vector space X ′.

In this case, the value of the supremum is 2 given that the dynamic range is ] − 1,1[.

Equation (3.4) will be used to compute the mean error E[ϵ(p)], the standard deviation

σ(p), and the histograms for the error distribution illustration.

Deep Learning Metrics

Top-1 Accuracy (this work will treat this as simply accuracy) is defined as the percentage

of input samples for which the classifier’s most confident prediction (i.e., the class with the

highest predicted probability) matches the true class label [92]. Formally, given a set of

N input samples {(xi,yi)}Ni=1, where xi is the input and yi is the true label, and a classifier

that outputs a ranked list of class scores or probabilities f(xi), the top-1 accuracy is given

by:

Top-1 Accuracy =
1

N

N∑
i=1

1(ŷi = yi) (3.5)

where ŷi = argmaxf(xi) is the predicted class with the highest score, and 1(·) is the

indicator function, which returns one if the expression is true and zero otherwise.

On the other hand, the Receiver Operating Characteristic (ROC) curve is a graphical

representation used to evaluate the performance of a binary classifier as its discrimination

threshold is varied [93]. The curve plots the True-Positive Rate (TPR) against the False-

Positive Rate (FPR) at different threshold settings. TPR is the ratio of correctly predicted

positive instances to all actual positives, while FPR is the ratio of incorrectly predicted

positives to all actual negatives.

The Area Under the ROC Curve (AUC) quantifies the overall ability of the model to dis-

criminate between the positive and negative classes, independent of any specific threshold.

An AUC of 1.0 indicates perfect classification, while an AUC of 0.5 implies performance

equivalent to random guessing. The ROC-AUC is especially useful in imbalanced datasets

where accuracy alone may be misleading.
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3.4.2 Processing Elements

Previously, the Standard, Strassen, and Winograd implementations of matrix multiplica-

tion were explained. These implementations are tied to the PE code, which represents the

algorithm that is replaceable at the accelerator level. The following analysis will focus on

comparing the trade-offs of the proposed algorithms, highlighting the differences in terms

of resource utilisation, delay (minimum clock period) and error. This will help in the

selection of the algorithms according to design requirements. Also, all resource analysis

targets the XC7A50T, a low-end FPGA, running at two different clock frequencies.

Figure 3.4 shows the resource consumption and the delay of the critical path of each

PE when adjusting the numerical precision from 4 to 24 bits when using 100 and 250

MHz clock speeds. As the numerical precision (data width) increases, there are three

consumption zones. The first zone starts from 4 to 9 bits, the second from 10 to 18 bits

and the third one from 19 to 24 bits. Moreover, the three algorithms seem to have their

strengths and weaknesses in every consumption zone, suggesting no clear winner in terms

of resources across all numerical precisions.

At 100 MHz, the Standard Multiplication’s first consumption zone wins in terms of Flip-

Flop consumption, having a null consumption and partially wins in terms of LUT con-

sumption, where Winograd consumes fewer resources from 7 to 9 bits. Winograd consumes

at least 6.01% fewer LUTs compared to the Standard and 28.96% fewer than Strassen. On

the other hand, Strassen is the clear winner in delay, having at least 9.90% and 14.36%

less delay than the Standard and Winograd, respectively. In the second consumption

zone, Strassen and Winograd are the best in DSP consumption, saving 12.5%. On the

other hand, Strassen consumes at least 12.24% and 60.19% less Flip-Flops than the Stan-

dard and the Winograd PEs, respectively, leading to an FF-friendly implementation. In

delay, the Standard multiplication shows superiority with a constant 6.35ns implementa-

tion, which is at least 27% better than the other two algorithms. The third consumption

zone, the results are similar to the second zone in terms of DSP, with savings of 12.5%,

and in delay, being 35.52% better than the other two algorithms. Thus, the Standard

multiplication can be considered the best implementation if DSP is not a priority.

At 250 MHz, there are still three consumption zones. In the first zone, the delay between

Standard and Strassen is approximately the same, suggesting no benefits in using either

Strassen or Winograd, leaving the Standard as the best. In the second zone, Strassen and

Winograd are superior in DSP consumption (12.5% less); however, Strassen keeps the

same latency as the Standard, being better than Winograd, but in exchange for other re-

sources, like 250%more LUTs and 108%more Flip-Flops. Therefore, if DSPs are a concern

in the second zone, the best is Strassen; otherwise, the Standard Matrix Multiplication.

For the third zone, the delay for the three implementations is the same. Nevertheless, the

DSP consumption is superior in the Strassen and Winograd implementations: Winograd

consumes 37.5% more DSPs than the Standard implementation at 19 and 24 bits, respec-

tively. On the other hand, Strassen and Winograd consume around 250% and 56.35%

more LUTs and Flip-Flops than the Standard implementation, respectively, making it
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(b) Matrix Multiplication Implementations at 250 MHz

Figure 3.4: Resource consumption and signal delay of the Processing Elements under study.

The numerical data precision varies from 4 to 24 bits. The delay is given in nano-

seconds, and the consumption is relative to the XC7A50T FPGA running at 100

and 250 MHz. Each PE is implemented using exact arithmetic units and the same

optimisations that achieve the best trade-off.

superior in LUT and Flip-Flop consumption. Between Strassen and Winograd, the first

consumes fewer LUT and FF than the second, making it more resource-friendly.
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Table 3.1: Application domains for the implementations studied during this work from

the results presented in Figure 3.4. The contents of the table summarise the

targets of each implementation. The target clock speed is 100 MHz

Bits Standard Strassen Winograd

4-9 FF consumption
Delay

FF consumption
LUT consumption

10-18
Delay

LUT consumption

FF consumption

DSP consumption
DSP consumption

19-24

Delay

LUT consumption

FF consumption

DSP consumption DSP consumption

Table 3.2: Application domains for the implementations studied during this work from

the results presented in Figure 3.4. The contents of the table summarise the

targets of each implementation. The target clock speed is 250 MHz

Bits Standard Strassen Winograd

4-9 Best

10-18
Delay

LUT consumption

Delay

DSP consumption
DSP consumption

19-24

Delay

LUT consumption

FF consumption

Delay

DSP consumption
DSP consumption

Tables 3.1 and 3.2 summarise the application domains of the three algorithms based on

their strengths and weaknesses after analysing Figure 3.4. Based on consumption results,

most of the consumption goes to the DSP cells with 11.67%. It suggests that, in low-

end FPGAs, adding many PEs can deplete the resources available in the chip, which

is the most critical resource in this type of FPGAs. Thus, Strassen and Winograd are

attractive since they consume more from other resources to free DSPs, as expected when

the number of multiplications is reduced. However, the scenarios may change in high-end

FPGAs, given the proportion of resources, placement and routing results and optimisation

techniques.

Moreover, the results from Winograd are interesting: there are fewer additions, but it

can be considered the worst implementation in most scenarios regarding latency, FF

consumption and DSPs. Winograd degradations are caused by the depth of the opera-

tions, given that, to reduce the number of additions, it is mandatory to reuse some of

the computations, aggregating delay and enlarging the critical path. This requires the

addition of flip-flops and extra clock cycles to stabilise the signal and meet the timing

constraints. Table 3.3 shows the depths of each implementation and the clock cycles

required for each consumption zone. Unlike the Standard multiplication, Strassen and

Winograd add depth, but Winograd adds extra depth due to the reuse of results. This
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leads to increased clocks, adding one clock cycle compared to the Standard and Strassen

algorithms. Strassen, instead, keeps the depth relatively low enough to avoid increasing

the clock cycles but the increase on the number of additions translates into an increased

LUT consumption.

Table 3.3: Depth of the operations for computing every output and the clock cycles

required per PE when targeting a 100 MHz synthesis. cij represents the i-th

and j-th element of the output matrix and zk is the consumption zone.

Depth of the Operators Clock Cycles

Implementation c00 c01 c10 c11 z1 z2 z3
Standard 2 2 2 2 1 1 1

Strassen 4 3 3 4 1 1 2

Winograd 3 6 6 6 2 2 3

For error analysis, the error is determined by measuring the distance between the hardware

and software results for every element and constructing the histogram of error distances.

Thus, it is possible to profile the mean error rate of the PE for a given numerical precision.
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numerical data precision in bits (Bdata).

Figure 3.5 shows the error analysis for the three matrix multiplication algorithms through

an error histogram, using the lowest three data widths. The Y axis represents the prob-

ability that a mean error distance (using Equation 3.4) between the gold data and the

experimental data occurs. In this case, a good sign is that the histogram (or proba-

bility distribution) has a lower variance (concentrated towards zero). In all cases, the

non-standard matrix multiplications have a greater error variance, suggesting that the

operators’ refactoring degrades the quality of the results (QoR).
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3.4.3 Accelerator

After analysing the matrix multiplication algorithm, the next step is to see the impact

after plugging them into the accelerator template. During this process, the PE will

be replicated automatically if the number is not fixed, according to the bus width of the

stream port (AXI-4 ports) and the data width, to maximise the parallelism. The following

analysis will unveil the effects of integrating Strassen and Standard Matrix Multiplication

PE designs into the accelerator template (depicted in Figure 3.1) that allows swapping the

implementations for a fair comparison. The behaviour of Winograd will be homologous

to that of Strassen and will be excluded from the analysis.

 0

 5

 10

 15

 20

 25

 30

 35

 8  12  16  20  24
 0

 0.5

 1

 1.5

 2

 2.5

 3

 3.5

 4

R
e
la

ti
v
e
 c

o
n
su

m
p

ti
o
n
 i
n
 %

 (
xc

7
a
5

0
t)

C
lo

ck
 C

y
cl

e
s 

p
e
r 

P
E

Data width (bits)

Standard: DSPs
Standard: LUTs
Standard: FFs

Standard: Clock Cycles

Strassen: DSPs
Strassen: LUTs
Strassen: FFs

Strassen: Clock Cycles

Figure 3.6: Resource consumption and mean clock cycles of an accelerator that integrates the

PEs under study. The data precision varies from 8 to 24 bits. The mean clock

cycles required to execute the PE (with communication overlap) are computed by

dividing the total number of clock cycles of 10000 execute stage runs (Figure 3.1)

by the number of runs. The resource consumption is relative to the XC7A50T

FPGA, running at 100 MHz.

In this study, the accelerator’s execute stage is completed by the square number of pairs

that fit into a bus packet (for maximum utilisation), increasing the parallelism within

the accelerator (Figure 3.3). After integrating the Standard and Strassen PE into the

template accelerator, Figure 3.6 shows the resource consumption and mean clock cycles

for a single run. Overall, the mean clock cycles for both configurations are the same,

suggesting no speed benefit except when the data width is less than 12 bits, where the

Standard Multiplication is better. Regarding resources, the behaviour observed when

analysing the PE resource consumption is preserved (Figure 3.4) but with more noticeable

changes. For Bdata ≤ 10, the Strassen-based accelerator occupies up to 8.93% of the whole

FPGA more than its Standard counterpart. For Bdata > 10, the Strassen accelerator

has better resource footprint, with a total reduction of 3.33% for 12 ≤ Bdata < 18,
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Figure 3.7: Anomaly Detection (AD) Model based on a Multi-Layer Perceptron Encoder.

0.83% for 18 ≤ Bdata < 24 and 2.5% for Bdata = 24. Contrasting with the DSP-specific

reductions between the two implementations and ignoring the FPGA total resources,

Strassen consumes 12.5% fewer resources than the Standard for Bdata > 12. However, as

also observed in Figure 3.4, the LUT consumption is still considerable. For 12 ≤ Bdata <

18, the Strassen accelerator consumes 46.19% more LUTs with respect to the Standard

accelerator, and for 18 ≤ Bdata < 24, 24.57%. Therefore, Strassen-based accelerators are

more suitable for numerical data precisions with more than 10 bits when the goal is to

save DSP cells. Moreover, the LUT consumption gap is reduced after 18 bits, resulting in

a more promising scenario. Once again, the compromise of LUTs and FFs is still present

and might cause energy consumption issues.

Furthermore, more recent studies use Strassen matrix multiplication in high-end FPGAs,

highlighting that it matches or exceeds baselines [94]. Hence, studying matrix multipli-

cations in FPGA remains an open topic for future research.

3.4.4 Deep Learning

One of the most significant practical applications of matrix multiplication accelerators

is Deep Learning Inference (DLI), as dense layers—where matrix multiplications domi-

nate—are among the most frequently used operations in this domain. To evaluate the

effectiveness of the proposed Processing Elements (PEs), experiments were conducted us-

ing a custom simulator, AxC Executer (introduced in Chapter 4), developed in C++. The

evaluation followed a similar experimental setup to that used by HLS4ML and FINN [95],

targeting the Anomaly Detection (AD) task from the MLPerf benchmark [96]. Specif-

ically, the ToyADMOS dataset [97] was employed, using the same pre-processing and

post-processing stages as in prior work.

Anomaly Detection is an unsupervised learning task to distinguish between normal and

anomalous signals. For this study, the autoencoder model proposed in [95] was adopted,

which is based on fully connected layers (FCL), incorporates Batch Normalisation, and

uses the Rectified Linear Unit (ReLU) activation function. The architecture of this model

is illustrated in Figure 3.7.

For this evaluation, the model from the MLPerf benchmark was synthesised for the Xilinx
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XC7A50T FPGA, using various configurations of the reuse factor across all layers to

minimise resource consumption and enable deployment on the entire FPGA fabric. In

HLS4ML, the reuse factor defines the number of operations a single execution unit can

perform sequentially. For example, a reuse factor 128 means that one unit handles 128

operations, promoting hardware reuse and reducing overall resource utilisation.

Table 3.4 presents the results obtained for three different reuse factor settings, highlighting

their impact on both latency and hardware resource consumption. When the maximum

reuse factor achievable for the model was applied, the latency reached 3696 clock cycles to

produce a result, while the Look-Up Table (LUT) utilisation exceeded 100%. This makes

the hardware solution from HLS4ML infeasible for this scenario.

Although this model is relatively small compared to others, such as LeNet-5 [98], SqueezeNet

[99], and MobileNet [100], HLS4ML is unable to provide viable hardware implementations

for low-end FPGAs, even after extensive optimisation and fine-tuning. This limitation

also persists for larger models and high-end FPGAs, reinforcing the necessity for a generic

and flexible accelerator architecture, as proposed in this work. A detailed discussion of

this approach is provided in Chapter 6.

Table 3.4: HLS4ML statistics when implementing the model on the Xilinx XC7A50T

FPGA. The resource consumption refers to the available resources of the

FPGA and the reuse factor applies to all layers, where 512 is the maximum

supported by the model.

Reuse Factor
Latency

(clocks)

Maximum

Frequency

(MHz)

LUT FF DSP BRAM

128 1148 158.73 340.64% 85.71% 127.50% 34.00%

256 1998 158.73 391.48% 81.20% 65.83% 18.00%

512 3696 158.73 363.16% 81.44% 35.00% 19.33%

Focusing on the greatest reuse factor and the dense layers, Table 3.5 shows the resource

utilisation and latency of all the dense layer modules that are generated as part of the

hardware. All these layers utilise the same quantisation but differ in layer size, meaning

that HLS4ML allocates a number of dense accelerators equal to the number of dense

layers. The main idea is to have granularity in terms of the configuration of each layer

and increase the output by specialising each module. However, when looking to save

resources, it is not possible to reuse the module as a whole, forcing the implementation

to have multiple redundant units.

For testing the model in AxC Executer, in contrast, the model was optimised using Zero-

Shot Quantisation [62]. This method converts the floating-point operands to fixed-point

without model-level optimisation, like fine-tuning, by just scaling and assigning a number

of bits with acceptable QoR. In this case, a 20-bit fixed-point with a 12-bit integer part

was used for the input and output layers (external layers), whereas a 16-bit fixed-point

with a 6-bit integer was used for the hidden layers. This configuration provided more
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Table 3.5: Resource utilisation and latency of all the dense modules present in the

HLS4ML implementation. The resource utilisation is with respect to the

Xilinx XC7A50T FPGA. All of the dense modules use the same quantisation

but different sizes of inputs/outputs. The aggregation of all the modules does

not fit into the FPGA.

Layer Latency LUT FF DSP BRAM

2 581 12.37% 5.58% 0.83% 1.33%

6 582 16.13% 5.57% 0.83% 1.33%

10 582 25.48% 8.71% 7.50% 4.67%

14 582 25.97% 8.38% 6.67% 4.67%

18 582 23.37% 6.83% 7.50% 2.67%

22 519 25.48% 8.71% 7.50% 4.67%

Total N/A 128.79% 43.79% 30.83% 19.33%

than 0.8 AUC, similar to the Keras model results using zero-shot quantisation without

fine-tuning [62]. Batch Normalisation is performed as an element-wise multiplication and

addition (see equation (3.6)) to get rid of the divisions and the square roots at inference

time. For evaluation purposes, the mean-squared error (MSE) was computed between the

input and output and averaged over each window [95].

y = β + γ × x− µ√
σ + ϵ

= b+Ax (3.6)

where

a =
γ√
σ + ϵ

;

b = β − a× µ;

Therefore, it implies that the execution of the model requires: (a) accelerators for matrix-

multiplications, (b) accelerators for element-wise addition and (c) multiplication. At least

one of the former types is required for each quantisation; therefore, six accelerators are

required to run the AD model.

Focusing on matrix multiplication, Table 3.6 summarises the implemented accelerators

for the AD model, using the three algorithms examined in this work. At first glance, it is

evident that Standard Multiplication outperforms the other methods in terms of resource

usage—excluding DSP blocks—while the Winograd and Strassen algorithms achieve lower

overall resource consumption.

According to the results in Table 3.2, Standard Multiplication is highly recommended for

matrix operations involving operands with bit widths between 19 and 24 bits. In contrast,

the Strassen algorithm is better suited for operand sizes between 10 and 18 bits. Similar
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trends are observed at the accelerator level in Table 3.6, where the maximum operating

frequency for both Standard and Strassen algorithms is comparable, but the Winograd

implementation achieves a lower maximum frequency.

In terms of DSP resource utilisation, the non-standard algorithms (Strassen and Wino-

grad) offer savings of up to 12.5% in configurations using 16-bit operands. Specifically,

Standard Multiplication requires 32 DSP cells, while the Strassen and Winograd imple-

mentations require only 28. Regarding Flip-Flop consumption, the results show that

Standard Multiplication provides a 12.3% reduction, using 6001 cells compared to the

7342 cells consumed by the Strassen implementation.

Table 3.6: Resource utilisation and latency of all the matrix-multiplication accelerators

from FAL to accelerate the AD model with module reuse. The resource

utilisation is with respect to the Xilinx XC7A50T. The modules show two

different quantisations: fixed-point with 16 bits, 6-bit integer (FxP<16, 6>),

and fixed-point with 20 bits, 12-bit integer (FxP<20, 12>).

Configuration

Latency

(worst

case)

LUT FF DSP BRAM

Maximum

Frequency

(MHz)

FxP<16, 6>: Standard 391 7.48% 9.20% 26.67% 0.00% 247

FxP<20,12>: Standard 782 3.43% 2.72% 6.67% 0.00% 247

FxP<16, 6>: Strassen 391 11.15% 11.26% 23.33% 0.00% 247

FxP<20,12>: Strassen 782 10.12% 3.06% 5.83% 0.00% 247

FxP<16, 6>: Winograd 475 10.61% 12.15% 23.33% 0.00% 235

FxP<20,12>: Winograd 950 10.11% 3.23% 6.67% 0.00% 235

Following the recommendation to use Strassen Multiplication—primarily to reduce DSP

cell usage, which is a scarce resource on this FPGA—the total hardware resources required

for the dense layers would amount to 6934 LUTs, 9339 Flip-Flops (FFs), and 32 DSP

cells. These values represent 21.3%, 14.3%, and 29.2% of the available FPGA resources,

respectively. In comparison, the HLS4ML implementation consumes 128.79% of LUTs,

43.79% of FFs, and 30.83% of DSP cells (as shown in Table 3.5). This demonstrates

that the accelerators proposed in this work achieve significant resource savings: LUT

usage is reduced by 83.5%, FF usage by 67.3%, and DSP usage by 5.3%. If Standard

Multiplication were used instead of Strassen, the consumption of LUTs and FFs would

decrease even further. However, this would result in an 8% increase in DSP cell usage

compared to the HLS4ML implementation.

According to the previous numerical results, the Strassen and Winograd algorithms ex-

hibited lower numerical stability compared to Standard Multiplication, as illustrated in

Figure 3.5. This instability could potentially affect the performance of the Anomaly De-

tection (AD) model. To assess this impact, Figure 3.8 presents the Receiver Operating

Characteristic (ROC) curves for the AD model executed using accelerators based on the

studied Matrix Multiplication PEs. These results are compared against the baseline Keras

model implemented with single-precision floating-point (32-bit FP) arithmetic.
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Figure 3.8: Receiver Operating Characteristic curves obtained from the test data set when

evaluating the Keras model in 32-bit floating-point and the accelerators based on

the Standard, Strassen and Winograd Multiplication. m i refers to the number of

the sample.

Interestingly, the numerical errors introduced by the Strassen algorithm unexpectedly im-

prove the ROC curves and Area Under the Curve (AUC) scores across all evaluated sam-

ples when compared to the Standard Multiplication implementation. In some cases, such

as samples m 2 and m 3, all three hardware implementations outperform the floating-

point Keras baseline, with Winograd achieving the highest performance. The average

AUC scores are as follows: Keras (32-bit FP) is 0.815, Standard Multiplication is 0.803,

Strassen Multiplication is 0.808, and Winograd Multiplication is 0.796. Thus, the Strassen

implementation achieves an average AUC that is only 0.69% lower than the Keras floating-

point baseline, while Winograd is 1.9% lower. These results demonstrate that, despite

minor reductions in numerical stability, the Strassen and Winograd implementations de-

liver performance levels that remain highly acceptable for many practical applications.

3.5 Final Remarks

This chapter introduced the Generic Accelerator architecture and the Flexible Accelerator

Library (FAL), designed to overcome key limitations in FPGA-based deep learning in-

ference. Current state-of-the-art frameworks often suffer from limited design granularity,

difficulties handling large models during hardware mapping, and a lack of support for ag-

gressive approximate computing optimisations. By addressing these issues, the proposed

architecture not only improves resource utilisation but also extends the applicability of
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FPGA accelerators to workloads beyond deep learning inference.

The architecture is structured across three hierarchical levels: the top level, which de-

fines the overall accelerator; the intermediate level, responsible for algorithmic design

through Processing Elements (PEs); and the bottom level, which focuses on the math-

ematical core. This layered design enables flexibility in algorithm selection, data type

configuration, numerical precision, parallelism, and computational accuracy. To validate

the proposed approach, matrix multiplication accelerators were implemented using three

widely studied algorithms: Standard Multiplication, Strassen Multiplication, and Wino-

grad Multiplication.

Experimental results revealed that each algorithm presents distinct trade-offs, particu-

larly when varying operand bit-widths. These findings offer designers a range of options

to balance resource constraints and performance objectives according to specific applica-

tion requirements. While the use of non-standard multiplication algorithms introduced

some numerical inaccuracies, this compromise proved beneficial in practical scenarios. In

fact, the numerical imprecision led to improvements in the Area Under the Curve (AUC)

metric for a real-world deep learning model, demonstrating the potential advantages of

integrating approximate computing strategies. The proposed design also significantly

reduced resource usage and latency for dense neural network layers compared to imple-

mentations generated by HLS4ML. However, this came at the cost of increased overall

inference latency, a trade-off that was expected given the design’s emphasis on hardware

reuse and flexibility.

The open-source implementations resulting from this research are publicly available and

can be accessed through the repository referenced below.
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Chapter 4
Introducing Approximate Computing on

FPGA-based AI Accelerators

Approximate computing is a paradigm in which calculations produce results that are

inaccurate but acceptable, as opposed to strictly accurate outputs. It provides low-power,

small-size designs by reducing, for instance, hardware overhead [101], [102]. Applications

using human senses (e.g., audio, video) can exploit the trade-off between accuracy and

power savings of approximate computing [103]. One of the proposals is to modify the

implementation logic of the arithmetic operators to reduce the circuit size and, thus, the

power consumption and resource utilisation [101], [102], [104]–[108]. However, most of

these solutions target Application-Specific Integrated Circuits (ASICs) for other kinds of

devices, such as Field Programmable Gate Arrays (FPGAs).

On the other hand, HLS has helped to lower the entry barrier to FPGA development, and

there are efforts in leveraging DL inference to FPGAs, in particular, with HLS4ML [80]

and FINN [82]. They allow coarse optimisations to deal with the latency-resource con-

sumption trade-off, allowing one to choose between two different implementations and

hardware reuse. However, apart from quantisation, they do not allow other approxima-

tions like approximate mathematical units. In the previous chapter, new alternatives

have been explored to allow the introduction of approximations within the accelerators

through parameterised PEs for computing matrix multiplications, that leverage HLS and

allow control over the size of the PE by modifying the quantisation and matrix size and

admitting the introduction of custom arithmetic units for operator approximation facili-

tating more degrees of approximation.

This chapter studies introductory approximate arithmetic operators for HLS and complex

functions like softmax (based on exponential functions). Thus, the contributions are:

• a framework to analyse approximations using a simulator implemented in C++

(called AxC Executer),

• a starting point with a basic set of accuracy configurable arithmetic units for addi-

52
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tions and multiplications implemented using untimed C++ for HLS, parameterised

in data type, data width, integer part, and the number of approximated bits, and

• the assessment of approximate computing techniques to implement the softmax

function using Taylor series and interpolation methods with Look-Up Tables.

4.1 Related Work

Approximate computing is a computing paradigm that trades off accuracy for gains in

performance, energy efficiency, and reduced resource usage. It is beneficial in applica-

tions where perfect accuracy is not critical, such as image and video processing, machine

learning, and sensor data analysis. Instead of delivering exact results, approximate com-

puting allows for small, controlled inaccuracies acceptable within the application context.

Popular techniques include loop perforation, which skips iterations in loops to speed up

execution; approximate storage, which stores data with lower precision; and arithmetic

approximators, which replace parts of traditional code with approximate operators that

produce similar outputs more efficiently [103].

This section covers the preliminary study for approximate arithmetic and approximate

functions with Taylor Series and Interpolation.

4.1.1 Approximate Arithmetic

Approximate arithmetic has been approached from several fronts, including manual op-

timisation by replacing partial products in multiplications, approximating the least sig-

nificant bits by forcing a value or using OR gates in adders, and including automatic

generation of approximate units using evolutionary algorithms.

EvoApprox8B library [109] is one of the most popular research in approximate arithmetic

synthesis, proposing the automatic generation of adders and multipliers using Catersian

Genetic Programming (CGP), establishing one of the most relevant Pareto fronts in the

field in terms of errors vs. area, delay, and power applied to TSMC 180 nm ASICs.

SMApproxlib [110] proposes an open-source hand-crafted multipliers library for FPGAs,

reaching better results for FPGAs against the use of EvoApprox8B library directly applied

to FPGA logic synthesis with less than 1.5 dB of loss and 16% of Look-Up Table (LUT)

savings for an 8 × 8 multiplier. Works based on SMApproxlib focused on LUT-aware

generation of approximate partial products, improving error degradation and reducing by

12.5% the LUT consumption while also reducing latency, allowing the multipliers to run at

higher frequencies [111], [112]. DeMAS is the complementary alternative to SMApproxlib

for adders [113] based on LUT optimisation. The Fast and Error-Optimised Approximate

Adder Unit (FAU) highlights additional resource consumption against the configurability

of alternatives because of the lack of fixation [114]. Despite these solutions, they are not

adjustable in numerical precision or are unavailable for C++ HLS.
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Apart from the aforementioned approximate units, other research community proposals

also target FPGAs. For instance, the Approximate Mirror Adder 5 (AMA5) proposes that

the approximate LSBs equal the first operand LSBs [115]. InXA2 involves using the XOR

gate between the two operands and the carry [116]. The median adder (MA), similar to the

LSB dropping, fixes the LSB of the output to a value that reduces the Mean Error Distance

(MED) in contrast to setting the lower part to zeros [117]. Within the former adders, the

best power savings are the bit truncation and the MA. Nevertheless, the bit truncation is

the worst-performing in terms of error. In contrast, the MA outperforms those mentioned

above, having a slightly similar performance as an LSB OR-ing adder [117], [118].

Considering flexibility in terms of configuration and the exploration of solutions according

to design requirements, alternatives like MA, LSB Dropping and LSB OR-ing are good

candidates that reduce resource consumption while sacrificing the quality of the results.

The configurability of these designs allows the control of the approximation degree, tuning

the number of LSBs to sacrifice in exchange for resource consumption. In this case,

LSB OR-ing and LSB Dropping are extremes that represent a certain degree of accuracy

and the maximum resource consumption. In contrast, the LUT-based optimisations are

the least configurable options. Despite their low resource consumption, the degree of

approximation is fixed, forcing the designer to meet the accuracy of the operator instead

of selecting it.

4.1.2 Softmax Implementations

Apart from the arithmetic, AI usually involves non-linear functions that add an extra

complexity to the implementation. Usually, these functions are simple, like ReLU [119],

but there are also complex cases like the softmax, which normalises the classification lay-

ers. Softmax implementations on FPGAs have been explored through both exact and ap-

proximate approaches. A fundamental strategy for reducing hardware complexity involves

lowering numerical precision by using fixed-point arithmetic representations [120]. Among

the exact designs, some works leverage the CORDIC algorithm to compute exponentials

and divisions efficiently [120], [121]. On the other hand, approximate accelerators aim to

reduce computational effort by simplifying multiplication and division operations [122],

achieving, for instance, a 3% accuracy degradation on LeNet-5 using 16-bit fixed-point

arithmetic, while consuming only 1354 FFs, 1604 LUTs, and 3 DSP slices, with a la-

tency of 3.788 ns. A similar approach is found in [123], which uses a Taylor Series-based

approximation, consuming 2229 LUTs and resulting in a 2% accuracy drop.

4.2 Introductory Approximate Arithmetic

This work proposes the implementation of adders and multipliers using HLS, allowing

arbitrary-precision integer and fixed-point data types configured through C++ template

parameters. The implementations can be classified into:
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Figure 4.1: Proposed approximation techniques used, here representing the case of an addition

between two 8-bit operands. The upper part of the operands is computed using

exact logic, whereas the lower part uses an approximation technique.

• Exact: performs the exact computation using the built-in adders and multipliers.

• Least Significant Bits (LSB) Drop: computes addition and multiplication using

bit truncation, meaning that a certain number of LSBs will be dropped and set to

zero.

• Least Significant Bits (LSB) Fixation: computes addition and multiplication

using bit truncation, meaning that a certain number of LSB will be set to a number

that minimises the error distance.

• Least Significant Bits (LSB) OR-ing: approximately computes addition and

multiplication using OR gates to compute a certain number of LSB.

Figure 4.1 illustrates the proposed approximations for the adders. It shows how the addi-

tion is performed by dropping, fixing and OR-ing the LSB. Dropping the LSBs and setting

them to zero (LSBDROP) may lead to the biggest error distance compared to fixing the

LSBs as performed in MA (LSBFIXED, using the central point) or OR-ing them (LSBOR).

The multiplier follows an analogous approximation strategy to that used in the adder.

Besides the approximation, the arithmetic operators are parameterised in the data type,

allowing the adoption of arbitrary precision integers and fixed-point numbers. The im-

plementation is inspired by functors, widely used in the C++ Standard Template Li-
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Figure 4.2: Piecewise representation by doing eight samples within the domain S and applying

a linear interpolation. ex corresponds to the exact function and êx is the linear

interpolation of ex.

brary [124], facilitating the use of the operators in static polymorphism (as template

parameters) in HLS-based PEs.

4.3 Approximate Non-Linear Functions

Approximating non-linear functions implies using domain-constraint constructs, where

the function is limited to work in a specific numerical domain, with a mean relative error

below a pre-defined threshold. This work studies two possible options: Taylor Series, for

zero-centred domains, and LUT-based interpolation for domain-restricted applications.

A Taylor series describes a function with an infinite sum of elements expressed in terms

of the target function’s derivatives at a single point. For the exponential function, the

Taylor series centred at a = 0 is

ex =
∞∑
n=0

xn

n!
= 1 + x+

x2

2!
+ . . . ,∀x ∈ R (4.1)

where a is the point where the function’s derivative is centred and it converges every-

where [125].

On the other hand, the LUT-based piecewise interpolation method consists of sampling

the function at uniform, equidistant points and computing the best-fit polynomial between

the points. For instance, a linear polynomial requires two points to compute, whereas a

quadratic requires three points [126]. Figure 4.2 shows how a linear interpolation fits the

ex function by taking eight samples and performing linear interpolation.

The piecewise function segments can be calculated at computation time (runtime) or
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recalculated at compile time. At runtime, the slope and intercept are computed as

mp =
yp1 − yp0
xp1 − xp0

, bp = yp1 −mpxp1 (4.2)

such that fp(x) = mpx+ bp, xp0 ≤ x ≤ xp1 , where (xp0 , yp0), (xp1 , yp1) are the points before

and after the point of interest xp, respectively. In this case, the computation of the point

requires: (1) storing the points in an LUT, (2) computing the linear equations, and (3)

evaluating the function at the target point. This work proposes computing the slope and

the intercepts at synthesis time and storing them in LUTs to speed up the computation,

shortening the path from (1) to (3).

Moreover, to avoid unwanted divisions while computing the indices of the slope-intercept

pairs required for the computation, the number of points can be a power of two, such that

the division becomes a bit-shift, in such a way that:

p = x′ ≫ P =⇒ mp = M [p], bp = B[p] (4.3)

where P is the number of points (power of two), x′ is the quantised value of x in fixed-

point, M and B are the LUTs for the slope and intercept, respectively.

4.4 Experimental Results

During this work, a framework called AxC Executer has been constructed to emulate

generic hardware accelerators (as presented in Chapter 3) with replaceable math opera-

tors, which is illustrated in Figure 4.3). AxC Executer is a templated C++-based infer-

ence backend for DL models. It can perform design space exploration (DSE) to choose

the data and integer widths for quantisation, limiting the quantisation degradation below

a given threshold and providing better room for approximation. After the quantisation,

the proposed approximate operators are introduced into a C++ simulator from the AxC

Executer, whose functions for computing the convolution and dense layers accept the

operators through template classes, replacing all additions and multiplications with the

provided ones coming from FAL. The simulation provides an overview of the accuracy of

the model inference.

4.4.1 Approximate Operators Assessment

The approximate arithmetic operators evaluated in this section were synthesised using

Vivado HLS 2018.2 due to stability in analysing their resource consumption in targeting

an AMD 7Z020 FPGA 100 MHz.

Evaluating the performance of the operators implies the quantification of the resource con-

sumption and the error associated with the approximations. Figure 4.4 shows the LUT
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Figure 4.3: Experiment setup. The process involves quantisation of the neural network and

an iterative process to determine the accuracy loss based on the configuration of

the approximate adders and multipliers.

consumption of the adder with LSBDROP, LSBFIXED, and LSBOR approximations when vary-

ing the numerical precision and the number of approximated bits. Overall, the LSBDROP

and LSBFIXED present the same behaviour, explained by the fact that the LSBs are hard-

wired to a particular value. In both configurations, the approximations tend to favour

resource savings except for 12-bit numerical precision, where the exact version outper-

forms. LSBOR, instead, demonstrates benefits only when having numerical precisions of

more than 14 bits and more than 2-bit approximations. All configurations show a min-

imum consumption when having a 14-bit data width in 2-bit and 3-bit configurations.

In contrast, for a 1-bit approximation, the minimum is achieved at a 12-bit data width,

but it spends more resources than the exact version. In general, the most favourable
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Figure 4.4: Resource consumption of the proposed adders in terms of LUTs when increasing

the data width under three different approximations.

configuration is a 14-bit data width with 2-bit approximation, with savings of 36.8% in

LSBDROP and LSBFIXED, and 26.3% in LSBOR. Other resources like FF, DSP and BRAM

are not used in the proposed adders.

Figure 4.5, similar to Figure 4.4, shows the LUT and FF consumption of the multiplier. 12-

bit multipliers start consuming DSP and FF units, while the LUT consumption decreases.

One of the most relevant aspects is the DSP and FF usage. Assuming that a possible

goal is to reduce their consumption, the most recommended configuration is to keep

the exact multiplier of the upper part (most significant bits) below 12 bits before the

transition to DSPs. Another aspect is LUT consumption. A 12-bit multiplier with a

2-bit approximation equals the consumption of an exact 10-bit multiplier. In contrast to

the adder, the multiplier consistently benefits from approximation, leading to quasi-linear

resource consumption.

Evaluating the operators requires the computation of the mean error, which is evaluated

as
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Figure 4.5: Resource consumption of the proposed multipliers in terms of LUTs when in-

creasing the data width under three different approximations. On the left LUT

consumption, and on the right, FF consumption.

ē =

∑N
i=1 ei
N

(4.4)

where ei is the error at the i-th sample and N is the number of samples.

The mean error is used as a derivation of the Mean Error Distance (MED), widely used

in approximate adder evaluation [127]. However, given the number of bits, the number

of samples may exceed 100 million to compute the MED. For this reason, we propose an

evaluation using a random sample population based on the central limit theorem [128].

Figure 4.6 illustrates the errors of the adders and multipliers as the data width is varied

according to the number of approximated LSBs. Within the proposed adders, LSBDROP

has the most significant errors, followed by LSBFIXED (with slightly more degradation)

and the LSBOR. In most cases, the LSBDROP with 1-bit approximation equals the error of

the LSBOR with 2-bit approximation. It suggests that the LSBOR is superior in terms of ap-
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Figure 4.6: Mean Error Distance (MED) with respect to the distance between the minimum

and maximum number representable within the notation. In this case, between -1

to 1.

proximations. Regarding resource consumption, LSBOR approximations are only promising

with a 14-bit data width. The trade-off between error and resource consumption reduc-

tion in other cases provides fewer benefits. Moreover, the LSBFIXED resulted in being as

error-prone as the LSBDROP, suggesting that there are almost no benefits in using this

approximation

In contrast to the adder, the numerical errors between the proposed approximations are

closer in the multiplier operator. For the 14-bit data width with a 2-bit approximation,

the LSBDROP adder has a mean error of 0.049% and the LSBOR of 0.022%. However, the

LSBDROP multiplier has an error of 0.118% and the LSBOR 0.110%. Therefore, operating

on the LSBs of a multiplier has less impact on the error than in the adder. There is more

benefit in using bit truncation regarding resource gain (7.14% in contrast to -11.8% of

losses that pose the LSBOR multiplier) in exchange for numerical accuracy.
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Compared to the state-of-the-art (SOTA), for a 16-bit adder, DeMAS has two configura-

tions: 1) 12 LUTs with 0.9% of Mean Relative Error (MRE), and 2) 8 LUTs with 2.2%

MRE [113]. The proposals from this work consume 17 LUT with 0.022% of MRE for

the same configuration while using three approximated bits. In the multipliers, SMAp-

proxLib proposes 8-bit configurations with 54 LUTs with 27% of MRE. In comparison,

the proposed, in 3-bit approximation, achieved a 3.4% error while using 17 LUTs only

without consuming FF and DSP cells, outperforming the proposed by SMApproxLib.

In terms of usability, the proposed operators are parametric in terms of configuring the

number of approximated bits and the numerical precision, in contrast to the SOTA pro-

posals that are manually designed and fixed in numerical precision. Another relevant

aspect of the characterisation is that when reaching more than 3 bits of approximation,

the resource consumption oscillates. For this reason, this work limits the analysis to three

approximated bits.

Apart from evaluating the operators isolated, this work uses the AxC Executer to integrate

the approximate operators into a LeNet-5 [98] model trained on the MNIST [129] dataset

for digit classification with Zero-Shot Quantisation (ZSQ), which implies quantising the

weights to fixed-point numbers as they come, for energy saving. The evaluation seeks

to study the impact of the operators on the overall model accuracy when varying the

total data width (keeping a 6-bit integer part) and the number of approximate bits while

using LSBDROP and LSBOR on the dense and convolution operations. LSBFIXED is partially

covered since the benefits are insignificant, as demonstrated in the previous section.

The first step for the DL model evaluation is to determine the accuracy loss when varying

the data width (with a fixed integer part width) and the approximations, regardless of the

PE implementation, which are set to be the spatial convolution and the standard matrix

multiplication. The integer part can be found from the model histograms, taken when

executing the model using floating-point. Figure 4.7 shows the LeNet-5 histograms when

inferring the dataset. The dynamic range oscillates between -8 and 8, suggesting that five

bits are, at least, required. So, using an even number of bits, a 6-bit integer part was

chosen.

Then, the AxC Executer is run to evaluate all possible candidates using the DSE. Fig-

ure 4.8 shows the results of the inference accuracy and how it is affected by the several

solutions. The starting point is the single-precision floating-point inference, showing an

accuracy of 0.9878. After quantising, the inference with 12-bit fixed-point numbers has

accuracy losses greater than 0.35%, making them unsuitable in most inference applica-

tions. The 14-bit-quantised inference reports more promising results, achieving 0.9724

(1.5% of accuracy loss), leading to a model compression of 2.29×. For 16-bit quantisa-

tion, the inference reports an accuracy of 0.986, whereas most approximation techniques

have an accuracy loss of less than 15%. However, the goal is to minimise the data width

until a reasonable minimum while maximising resource savings.

Regarding the implementation, the evaluation aims to utilise four accelerators to run a

LeNet-5 to perform the convolutions (covered in previous research [88]), matrix multi-
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Figure 4.7: LeNet-5 model and its output layer histograms. These histograms represent the

data involved in the outputs of the layers. The minimums and maximums represent

the dynamic range required to fit into the fixed-point’s integer part.

plications, and two additions based on the FAL accelerators, proposed in the previous

chapter. This is only possible when using a single quantisation across the layers, min-

imising the granularity of the acceleration and reusing the units as much as possible. To

analyse the effects of the approximation in these operations, a DSE that varies the number

of approximated bits, the type of approximations and the accelerators affected by these

approximations is performed.

Figure 4.9 shows the DSE plot of the weighted area consumption vs. the LeNet-5 Top-1

accuracy. On the left side of the front (less area consumption), the LSBDROP and LSBFIXED

are the best-performing, whereas for the upper side (more accuracy), it is possible to have

Pareto’s optimal in all approximations. LSBOR has a point in the Pareto’s front but tends

to consume more than similar points in LSBDROP. Taking into account a threshold of 20%
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Figure 4.8: Inference accuracy of the LeNet-5 model after quantisation and approximations

without quantisation-aware training. The fixed-point representation uses data

width bits, where 6 bits represent the signed integer part. This accuracy mea-

sures the results of the first 5000 samples of the MNIST dataset.

Table 4.1: DSE Pareto Front Candidates. The points have been filtered taking 20%

degradation as the threshold.

Configuration Convolution Adder 1 Dense Adder 2 Area Accuracy

Pareto 1 LSBOR LSBOR LSBOR LSBOR 0.8107 0.904

Pareto 2 LSBOR LSBOR LSBOR LSBOR 0.7860 0.831

Pareto 3 LSBOR LSBOR LSBFIXED LSBFIXED 0.6764 0.801

Pareto 4 LSBOR LSBOR LSBDROP LSBDROP 0.6764 0.801

Pareto 5 LSBFIXED LSBFIXED LSBFIXED LSBFIXED 0.6094 0.790

of maximum accuracy loss, Table 4.1 shows the area consumption gains under different

approximations and the associated accuracy loss. The best candidate shows a degradation

of 9.6% while saving 18.93% resources. By softening the constraints in terms of accuracy,

it is possible to gain up to 39.04% by still obtaining 79% accuracy.

4.4.2 Softmax Function Assessment

This section covers the assessment of different softmax accelerator configurations imple-

mented on HLS to observe the difference between them and the exact version provided
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Figure 4.9: DSE of the implementation of LeNet-5 accelerators by using several configurations

of the approximations within the layers.

Table 4.2: Error metrics for the Taylor-Softmax approximation

Type
Error

(RMSE)
Variance Standard Deviation

Order 1 3,13× 10−3 2,48× 10−6 1,57× 10−3

Order 2 2,97× 10−3 2,45× 10−6 1,56× 10−3

Order 3 4,18× 10−5 6,84× 10−10 2,62× 10−5

by Vitis HLS (hls::exp), targeting an AMD Kria KV260 running at 250 MHz.

Tables 4.2 and 4.3 show the error metrics gathered for each softmax approximation type.

The results were captured using a test vector with 1000 random values within the softmax

domain S =]−1,1[ in a 16-bit fixed-point representation. The approach that generated the

lowest error value from all the solutions presented was quadratic interpolation using LUTs

with 64 samples, reaching RMSE = 2,31× 10−7. In the case of the Taylor approach, the

third-order approximation was the one that obtained the best error result with RMSE =

4,18× 10−5.

Regarding the evolution of resource consumption vs complexity, Figure 4.10 shows how

the resource consumption and latency scale as the data width changes in softmax accelera-

tors based on both approximation methods. The Taylor Approximation uses a third-order

Taylor approximation, and the Linear Interpolation uses a 64-sample LUT for the expo-

nential function. Both cases use a 16-bit fixed-point data type and a 1024-element vector.
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Table 4.3: Error metrics for the LUT interpolation softmax with 64 samples

Type
Error

(RMSE)
Variance Standard Deviation

Linear 3,22× 10−6 4,28× 10−12 2,07× 10−6

Quadratic 2,31× 10−7 2,60× 10−14 1,61× 10−7
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Figure 4.10: Resource usage and execution time of the softmax accelerators based on 3rd-order

Taylor and 64-sample Linear Interpolation processing a 1024 16-bit fixed-point

vector. The resource consumption is relative to an AMD Kria KV260.

The Taylor Approximation shows a latency oscillating between the 1.14 µs and 1.22 µs,

resulting in a faster execution time compared to the Linear Interpolation, with a constant

execution time of nearly 1.24 µs along the different data lengths. The exact version, in

contrast, has configurations that are faster than the Taylor approximation, particularly

at 8-bit and 32-bit data widths. In resources, Taylor Approximation consumes fewer

resources than Linear Interpolation up to 16 bits, where the former starts to have less

overall consumption than Taylor Approximation. In the case of the exact version, the over-

all consumption is always the greatest. Nevertheless, in both approximate accelerators,

the consumption of DSP cells starts to grow exponentially as the data length increases

due to the arithmetic complexity involved in the computations.

This highlights a trade-off between the data length, resource consumption, and numerical

error. In scenarios where the error resilience is high, the Taylor-based approximation

offers a lightweight solution to the computations. Otherwise, the interpolation-based

approximation provides a more robust, low-error solution effective for high-resolution

data (16-24-bit fixed-point). Likewise, there are scenarios like the 8-bit configuration,

where using the exact version has more benefits than the approximate versions.

To evaluate the effects on actual DL models, this work considers different configurations of

the softmax approximated functions at the error level and execution time, in two models:

LeNet 5 [98] (evaluated with 10000 samples) and MobileNet v2 [100] (evaluated with 250

samples), using the AxC Executer.

Tables 4.4 and 4.5 show the results after accelerating the softmax layer, corresponding
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Table 4.4: LeNet 5 Synthesis Results with 12-bit Fixed-Point (6-bit integer part) and a

shift of 3 bits for an AMD Kria KV260

Configuration
Top-1

Accuracy

Layer

Time (us)

LUT

Cells

FF

Cells

DSP

Cells

Exact 0.9768 0.87 7940 5362 52

Interpolation

32 samples
0.9763 0.88 8050 5825 47

Interpolation

16 samples
0.9763 0.88 8010 5820 47

Interpolation

8 samples
0.9765 0.88 7997 5415 47

3rd-order Taylor 0.9763 0.89 7308 5879 52

2nd-order Taylor 0.9752 0.87 6684 4739 42

1st-order Taylor 0.9751 0.84 6544 4615 37

Table 4.5: MobileNet v2 Synthesis Results with 20-bit Fixed-Point (10-bit integer part)

and a shift of 1 bit for an AMD Kria KV260

Configuration
Top-1

Accuracy

Layer

Time (us)

LUT

Cells

FF

Cells

DSP

Cells

Exact 0.748 1.17 32203 33043 160

Interpolation

64 samples
0.74 1.19 28975 26912 128

Interpolation

32 samples
0.688 1.19 28847 26816 128

Interpolation

16 samples
0.556 1.19 28559 26752 128

3rd-order Taylor 0.872 1.17 37223 37904 224

2nd-order Taylor 0.872 1.15 21575 22653 128

1st-order Taylor 0.0 1.12 18183 20400 64

to the last layer in both models. In the case of LeNet 5 (Table 4.4), the vector size

is 10 elements of 12-bit fixed-point with a 6-bit integer part. It shows that the best

configuration is the first-order Taylor, with 0.2% of Top-1 accuracy degradation, keeping

the resources low compared to the exact implementation, saving 14% of resources (with

the least saving in FF) with respect to the exact version. For the MobileNet v2, the

softmax accelerator processes a 1000-element vector of 20-bit fixed-point elements, with a

10-bit integer part. The Taylor approximation improves the Top-1 accuracy compared to

the exact version. This happens because the approximation introduces healthy numerical

disturbances within the model, which are not generalisable, as shown in the LeNet-5.

Second-order Taylor is the best configuration, improving the Top-1 accuracy by 16.6%,

while saving 20% of overall resources (with the least saving in DSP) with respect to

the exact version. The linear interpolation was used to evaluate the exponential function,

resulting in a more expensive solution than the Taylor approximation by 1.2× (comparing
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second-order Taylor and Interpolation of 16 samples).

After evaluating actual DL models with the approximation, it is possible to observe the

benefits of approximating the exponential function in the softmax layers. The error re-

silience of this type of layer is robust enough to support the Taylor approximation, re-

sulting in an opportunity to reduce the computation complexity to a polynomial-like

computation. Evaluating more cases, such as LLMs, may yield interesting results given

the amount of softmax computations (the eighth most intensive computation in Llama

2 [9], as explained in Section 5).

With respect to the related work, the design proposed in this work operates with arbitrary

precision on a LeNet-5 (12-bit fixed-point precision). It achieves a significantly lower ac-

curacy degradation—no more than 0.2%—with a slightly improved delay of 3.65 ns, albeit

at the cost of approximately four times the area. However, the proposed solution offers a

key advantage: it is highly configurable in data precision, order, and number of samples,

and it can be tailored to different models and deployment scenarios, providing greater flex-

ibility during development compared to previous works, easily integrable within popular

frameworks like HLS4ML [89].

4.5 Final Remarks

In this chapter, this work proposed configurable approximate arithmetic operators for

addition and multiplication based on LSB OR-ing and bit truncation, parameterised in the

data width and the number of bits to approximate. After synthesising the operators using

HLS, the effects of modifying these parameters on the mean numerical error and resource

consumption have been analysed. In the case of the adders, the Pareto optimal point

is in the bit-truncation configuration with 14-bit data width and 2-bit approximation,

with 36.84% savings in resources and 0.05% of mean error. In contrast, the LSB OR-

ing multipliers have a similar error to the LSB truncation multipliers. Multipliers can

benefit more significantly when using less than 12 bits in the exact part (MSB), avoiding

DSPs and Flip-Flops. Hence, future exploration shall be driven by using different levels

of approximations in adders and multipliers. Additionally, it outperforms similar work

on multipliers for FPGA.

On the other hand, running a LeNet-5 model trained on the MNIST dataset has shown

promising results. Introducing approximations in both operators (convolution and dense

operators) results in an accuracy degradation of 9.6% relative to single-precision floating-

point inference by using 18.93% fewer resources compared to the quantisation without

approximated operands.

This chapter also explored various approximate implementations of the softmax func-

tion on FPGAs, focusing on Taylor series and linear interpolation with Look-Up Tables

(LUTs). The results indicate that quadratic interpolation offers the lowest numerical

error within the softmax domain. However, this method—and linear interpolation more
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broadly—incurs increased execution latency due to LUT access and interpolation over-

head and interpolation steps. In contrast, Taylor-based approximations deliver better

performance, attributed to their simpler arithmetic structure for approximating the ex-

ponential function.

When deployed in real-world deep learning models such as LeNet-5 and MobileNet v2,

Taylor approximations proved to be a practical trade-off, introducing minimal accuracy

degradation while significantly reducing resource usage on FPGAs. For future work,

these approximation techniques show promising potential for accelerating inference in

large language models (LLMs), which are increasingly dominant in state-of-the-art AI

applications and heavily rely on softmax computations.

Finally, as a side contribution, this work also created AxC Executer, a new framework to

perform design space exploration and C++ evaluations for the most popular networks,

allowing the introduction of new accelerator designs, approximation and arbitrary data

types, emulating the platforms using C++.
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Chapter 5
FPGAs and LLM-based Inference

Large Language Models (LLMs) are gaining prominence due to their versatility, robust-

ness, and broad applicability. They are being integrated into a wide range of applications,

including chatbots, productivity tools, and robotics, setting the stage for a modern In-

ternet era. Due to their complexity, optimisations such as non-uniform quantisation have

proven to be effective, achieving up to 1-bit compression [131].

In the previous chapters, this work has addressed the acceleration of Deep Learning

models through generic accelerators for matrix multiplication and optimisations based on

approximate computing. It is possible to continue pushing the efforts to accelerate LLMs

based on the foundations covered in this manuscript so far.

This section examines various architectures for DL acceleration, including those from

HLS4ML and FINN, as well as layer acceleration using generic accelerators, their applica-

bility, and limitations for LLM inference on FPGAs. It compares various implementations

and pioneers an architectural feasibility study based on resource consumption and latency,

providing insights to guide the future development of LLM hardware accelerators on FP-

GAs and other kinds of reconfigurable hardware.

5.1 Related Work

Accelerating DL inference is an emerging field focused on optimising models and accel-

erators to reduce model size and enhance throughput and energy efficiency. GPGPUs

have improved their architectures by integrating specialised units for matrix multiplica-

tion, a critical operation in AI. These enhancements, such as the tensor multipliers, have

significantly improved time-to-solution and energy consumption, covered in Chapter 2.

Additionally, specialised units, such as the Neural Processing Units (NPU), optimise

convolution operations using algorithms like Winograd, common in deep learning-based

computer vision [132].

FPGAs have also contributed to the emergence of various architectures. The first archi-

70
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tecture consists of mapping accelerators that map the entire neural network model into

the FPGA, converting it to a hardware implementation. This approach has shown superi-

ority in inference throughput, achieving ultra-low latencies suitable for scientific research,

telecommunications, and other critical applications. FINN-R [133] and HLS4ML [89] are

the most popular frameworks that use this architecture, supported by AMD and CERN,

respectively.

The second architecture consists of layer accelerators. In this case, the layer is executed

in a specialised unit. This method allows hardware resource reusability and the creation

of multi-purpose hardware not limited to model execution. Although this approach re-

sults in lower inference throughput due to increased communication overhead between

the host processor and the FPGA, it reduces resource consumption, making it ideal for

smaller FPGAs and accelerating larger models. This architecture has been explored pre-

viously in this manuscript. Other recent research has accelerated transformer layers on

FPGAs [134], [135], showing promising potential, including optimisations to adapt the

transformer blocks to fit the FPGA.

The third architecture consists of specialised co-processors implemented in the FPGA as

soft accelerators, which often face difficulties in accelerating deep learning workloads due

to a higher communication overhead. However, they are smaller than the mapping and

layer accelerators, making them suitable for small FPGAs in applications not constrained

by latency or throughput. The AMD Deep Learning Processor Unit (DPU) is one example

of this architecture [68].

Additional architectures combine the above. For instance, weight-fixed layer accelerators

choose the weights according to the executing layer, minimising host-FPGA communica-

tion and increasing the throughput while keeping the resource utilisation low. The opera-

tion accelerators accelerate overall operations of the model and additional algorithms by

scheduling work and transmitting data inside and outside the FPGA, enabling resource

reusability, keeping the resource utilisation low, but at the expense of latency. The spatial

accelerators are a hybrid architecture that accelerates groups of layers, rather than each

layer, thereby accelerating and covering more parts of the network. An example is the

spatial transformer acceleration [136], which spends resources but improves the latency.

LLM acceleration involves enormous trainable weights, ranging from billions to tens of

billions of parameters. Given that these models require tens of gigabytes of memory, this

complicates their implementation on standard personal computers, which are limited by

the available primary memory. It does not exclude modern GPGPUs or FPGAs. Solutions

to address this issue and speed up processing include using non-uniform quantisation [131],

which reduces the required bits to around 2 bits, and model pruning. Nevertheless, it

is not enough for implementations based on mapping accelerators and certain spatial

accelerators, depending on the size and complexity of the model.
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5.2 Architectures for Accelerating LLMs

Accelerating LLMs is an active research topic, presenting challenges due to resource con-

straints, high design complexity, and the size of the models. Frameworks that implement

mapping accelerators roughly support transformer-based models, and this architecture

becomes less suitable as the model size increases. Lightweight approaches such as the op-

eration accelerators and specialised co-processors yield suboptimal results. The solutions

available in the market (such as DPUs) lack support for LLMs and are not optimised for

inference throughput, potentially increasing energy consumption. This limits the scope of

our exploration to layer-based architectures, such as layer, weight-fixed layer and spatial

accelerators. This work focuses mainly on assessing the latter architectures, highlighting

their resource consumption, latency and energy consumption from a quantitative approach

based on the Llama 2-7B [137].

5.2.1 LLM Architecture

LLMs are built on top of the transformer architecture introduced in 2017 [138]. Figure 5.1

illustrates the structure of a transformer, showcasing both the encoding and decoding pro-

cess. The model comprises linear layers, which handle linear algebra operations, and non-

linear layers, which employ activation functions to introduce non-linearity and prevent

model collapse.

Key operations within transformers include matrix multiplication (MatMul), feed-forward

network (FFN ) and Projection. The non-linear operands often include the softmax activa-

tion, Gaussian Error Linear Unit (GeLU) or Sigmoid Linear Unit (SiLU), rotary positional

embedding (ROPE) and Root Mean Square (RMS) normalisation.

Figure 5.2 shows a histogram of operations for the Llama 2-7B model with 32 transformer

layers with 4096, 5120 and 8192 hidden embedding sizes [137]. The most frequent opera-

tion is matrix multiplication, followed by other linear operations, such as matrix addition

and multiplication. Other operations, such as RMS normalisation, softmax, activations

(unary), and ROPE, also require intervention, implying that an integral accelerator must

consider all the aforementioned operations.

5.2.2 Implementation of Accelerators

There are various architectural choices for implementing DL and LLM accelerators. For

illustration purposes, the analysis will be centred around an arbitrary deep learning model

with two groups formed by fully connected layers, batch normalisation, and activation

layers 1 (as illustrated in Figure 5.3). Nevertheless, extrapolating the discussion to

bigger models like LLM is homologous.

1. Layer Accelerators: accelerate the layer operations in their multiple configura-
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Figure 5.3: Architectures for Deep Learning Accelerators. The model to accelerate consists

of two-layer blocks of fully connected layers, followed by batch normalisation and

an activation layer. There are three possible implementations: 1) layer, 2) weight-

fixed layer and 3) spatial accelerators. It is assumed that each accelerator follows

the dataflow design pattern, and the memory access limits the number of ports.

tions 2 . They generalise the number of inputs, outputs and parameters, special-

ising only in the mathematical operations. Some examples are matrix multipliers,

convolution engines, and element-wise unary and binary operations. The simplest

configuration corresponds to a single operation acceleration per unit, where all the

operating layers of the same kind use the same accelerator as observed in 2 , allow-

ing a certain degree of parallelism and a low resource footprint.

2. Weight-fixed Layer Accelerators are similar to the Layer Accelerators with the

key difference that all the network parameters are hard-coded to the accelerator,

specialising in the mathematical operations and the network, generalising only the

inputs and outputs 3 . Weights are stored within Read-Only Memories (ROM), and

the layers are selected using multiplexers, reducing resource usage and execution

latency by removing the transfer of the parameters.

3. Spatial Accelerators is a variant of the Layer Accelerators, which fuse multiple

operations into a single one, optimising the execution and avoiding unnecessary data

transmission 4 . They generalise the inputs, outputs and parameters but specialise

in a set of operations. These accelerators perform a model hardware optimisation,

combining the computation of more than a layer per execution cycle. In the case

of the model in 1 , layer operations presented in 5 are compressed into a single

operation, and a spatial block is created as in 4 . The impact of this optimisation

on LLMs will be studied in the following section.



5 FPGAs and LLM-based Inference 75

RM
S Norm

RM
S Norm

Perm
ute

cont(x)

silu(x)

EW
 M

ultiply

EW
 M

ultiply

EW
 M

ultiply

EW
 Addition

EW
 Addition

Reshape
Reshape

Softm
ax

Perm
ute

ROPE
ROPE

Transpose

M
atrix 

M
ultiply

M
atrix 

M
ultiply

Retarder
Retarder

M
atrix 

M
ultiply

M
atrix 

M
ultiply

M
atrix 

M
ultiply

M
atrix 

M
ultiply

M
atrix 

M
ultiply

M
atrix 

M
ultiply

M
atrix 

M
ultiply

4096x1

4096x1

4096x1

4096x1 4096x1

11008x1
11008x4096

11008x1

11008x1
4096x1

4096x1

4096x1

128x32

128x32

128x1x32
128x32

128x32

4096x1 1x4096 128x128x32

128x1x32

128x1x32

W1:4096x1

W2:4096x4096

W3:4096x4096

W4:4096x4096 W6:4096x1

W7:4096x11008

W8:4096x11008
W5:4096x4096

E1:128x32

E2:128x32

4096x1input

output

Figure 5.4: Execution graph of Llama 2-7B LLM when executing on GGML [139]. The exe-

cution involves matrix multiplications, element-wise vector/matrix operations and

some auxiliary or special functions. There is a pattern along the graph highlighted

in dashed blue lines, suggesting a possible optimisation.

5.3 Architecture Assessment from a Quantitative Ap-

proach

This section analyses the different architectures for accelerating the Llama 2-7B model

implemented in the GGML framework [140]. The trade-offs, resource consumption and

latency of various FPGA implementations are evaluated, providing insights into the fea-

sibility of LLM acceleration on FPGAs. The reference hardware includes an AMD Alveo

U250 running at 300 MHz, two AMD EPYC 7H12 with 64 cores each and an NVIDIA

Tesla Volta V100 from the ORFEO cluster at AREA Science Park, Italy.

5.3.1 LLM Execution Graph

Figure 5.4 shows the execution graph of a single transformer layer from the Llama 2-7B

LLM decomposed into vector and matrix operations. The most frequent operations in-

clude element-wise, norms (in green) and matrix multiplications (in red), which align with

Figure 5.2. In this case, they can be accelerated using layer accelerators. Furthermore,

there is a pattern (dashed blue lines) where multiple matrix multiplications receive the

same output from an element-wise multiplication, enlightening an optimisation based on

spatial accelerators, combining an RMS norm, an element-wise multiplication and up to

three matrix multiplications.

Regarding the weight-fixed layer accelerators, the model contains more than 30 trans-

former layers, which implies 270 matrix multiplications and 90 matrix element-wise mul-

tiplications, where this technique becomes unsuitable due to the number of parameters

that need to be stored in the FPGA look-up tables.
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Figure 5.5: Execution times of LLM operations executed by CPU, GPU and FPGA. The GPU

and FPGA times are the kernel execution times, neglecting any communication.

The FPGA implementation is based on the layer accelerator architecture.

5.3.2 Performance Assessment

The initial assessment will consider the layer accelerator inspired by the generic architec-

ture presented in Chapter 2, and the CPU and GPU implementations already available

in GGML in version pre-b3620.

Figure 5.5 presents the execution times of various LLM operations on the CPU, GPU, and

FPGA. The results indicate that the matrix multiplication (MUL MAT ) is the most time-

consuming operation, followed by SOFTMAX, ROPE, and unary and binary element-wise

operations (ADD, MUL, UNARY ). In the CPU, the matrix multiplication execution time

ranges over five orders of magnitude. In contrast, the GPU ranges between two orders of

magnitude, where the maximum execution time of the kernel of the GPU is about 40×
lower than the CPU implementation, leading to a considerable speedup for the worst-case

scenario. The GPU also provides speedups in other operations, except for addition and

RMS normalisation, where the CPU dominates the worst-case measurement. According to

Figure 5.2 and Figure 5.5, accelerating the matrix multiplication will impact the execution

time more significantly than other operations, given its frequency and median execution

time.

Besides, Figure 5.5 also displays the execution times of the kernels executed by the FPGA,

implemented in C++ using High-Level Synthesis and IEEE 754 half-precision floating-



5 FPGAs and LLM-based Inference 77

point. The execution times are competitive with those of GPU implementations in unary

and binary matrix operations, including the softmax. However, the RMS normalisation

and the matrix multiplication are the weakest operations on the FPGA side. At this

point, the layer accelerators for matrix multiplication are a limitation to get a better

performance on the FPGA.

5.3.3 Spatial Acceleration Assessment

Previously, it was unveiled that the matrix multiplication and the RMS normalisation

were the slowest operations in the FPGA, requiring an evaluation of the layer accelerator

architecture and opening room for a new architecture experiment. For the scope of this

work, the focus will be on evaluating matrix multiplication, given its relevance to LLM

execution at the operational level. The impact on the overall LLM inference time will be

left for future work.

Section 5.3.1 highlighted the possibility of using spatial acceleration to fuse the execution

of the RMS normalisation, an element-wise multiplication and matrix multiplications, as

illustrated through the dashed line regions in Figure 5.4. Unlike GPUs, FPGAs offer

an advantage by implementing pipeline data flows, which increases performance when

combining operations as a single module. This work proposes the implementation of a

single spatial accelerator that combines element-wise and matrix multiplication, leaving

the RMS normalisation for future work. This accelerator receives a single input ranging

from 4096×1 and 11008×1, and produces up to three outputs of 4096×1 elements. The

matrix multiplications are conditionally executed on demand, not altering the adequate

computation time, thanks to the parallelism offered by the FPGA. Therefore, the ideal

case is the execution of three matrix multiplications as in the first block of Figure 5.4.

Additionally, it is assumed that the weights and data are transmitted in separate ports

to maximise the parallelism, as illustrated in the diagram 6 (right) in Figure 5.3, where

the weights are transmitted in parallel to the input data.

Figure 5.6 compares the performance of matrix multiplication across different architec-

tures: 1) using layer acceleration (FPGA Layer), 2) using spatial acceleration (FPGA

Fused), and 3) with four replicas of spatial acceleration that can execute independently.

The FPGA with layer acceleration is slower than the CPU in computation, mainly in-

fluenced by clocking and data communication from the host to the card, given that mul-

tiple kernels are launched. Although the communication overlaps with the calculation,

each kernel still requires data transmission, which plays a significant role in performance

degradation. Executing three matrix multiplications implies the triplication of data trans-

mission times and computation, following the timeline expressed on the right of the 6

(Figure 5.3). The execution time also plays a relevant role in the energy consumption.

The CPU consumes, on average, 80 W per socket, the GPU consumes 35 W and the

FPGA 27 W, during execution. Due to the execution times, the FPGA outperforms the

CPU in terms of energy consumption, offering similar performance while consuming a
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(M × K × N) on different architectures. The FPGA uses the layer acceleration

(FPGA Layer), the spatial acceleration (FPGA Fused) and the latter with four

replicas in a single FPGA (FPGA Max). Times include data communication

overhead.

fraction of the power. On the other hand, the GPU is the winner due to its fastest exe-

cution. However, the FPGA can be more suitable than the GPU if the design runs faster

and has lower power consumption.

The spatial acceleration aims to avoid data transmission replication by assigning multiple

ports to feed the accelerator with the weights in parallel and leverage up to three simulta-

neous matrix multiplications, overlapping the data load. It implies a speed up of 2.99× in

4096× 4096× 1 multiplications and 1.99× for other sizes. It makes the FPGA execution

faster than the CPU execution by 1.37×. When placing four spatial acceleration units to

parallelise the processing of multiple layers, the computation times are lower by 12× for

4096 × 4096 × 1 and 8× for other sizes, with respect to the layer acceleration. It leads

to a speed-up of 10.98× concerning the CPU in 4096 × 4096 × 1, only overcome by the

GPU, which is 1.66× faster than this optimised architecture.

The resource utilisation varies across the architectures, as shown in Table 5.1. The layer

acceleration of all the operations combined fills 33% of the FPGA, whereas the spatial

acceleration fills 10% of the FPGA capacity. This optimisation suggests that scaling

the spatial accelerator is more resource-efficient, given that some hardware is reused,

particularly the AXI-protocol interfaces and FIFOs. Until this point, the exploration of

numerical and approximate computing optimisations is left for future work, leaving room
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Table 5.1: Architectures Resource Consumption for single-precision floating-point

Configuration/

Resource

Layer

Accelerator

Spatial

Accelerator

BRAM 90 150

DSP 4036 1277

Flip-Flops 1143511 238519

Look-Up Tables 411098 99290

Overall Occupancy 33% 10%

for better architectures to reach and overcome the GPU execution times, emphasising the

performance per Watt.

5.4 Final Remarks

This chapter studied various architectures for accelerating Large Language Models (LLMs)

on FPGAs, highlighting the challenges and limitations associated with each approach, in-

cluding network mapping, fixed-weight acceleration, layer acceleration, and spatial accel-

erators. A key finding emphasizes the unsuitability of network mapping and fixed-weight

accelerators for LLMs due to the enormous number of parameters involved.

The assessment of individual layer accelerators identified the matrix multiplication as the

slowest operation required for LLM inference. At the execution graph level, it is possible

to determine that creating a spatial accelerator that combines element-wise multiplication

and matrix multiplications significantly enhances performance. This approach resulted in

speed-ups ranging from 1.37× to 10.98× over two AMD EPYC 7H12 CPUs with 64 cores

each. The spatial accelerator was only slightly outperformed by an NVIDIA Tesla V100

GPU, which was 1.66× faster than the best FPGA implementation achieved in this work.

This demonstrates that FPGAs offer a feasible and efficient alternative for LLM infer-

ence, especially when optimised with spatial accelerators. Furthermore, it suggests that

with further refinements, FPGAs could surpass GPUs in performance for this applica-

tion. In future work, it is possible to introduce more optimisation, such as changing data

types from half-precision floating-point to arbitrary-precision numerical representations

tailored to the specific needs of LLMs and the exploration of more comprehensive spatial

accelerators to achieve and potentially beat GPU execution times. All the hardware imple-

mentations for the accelerated layers are available as an open-source contribution in [130].
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Chapter 6
Democratisation of the FPGA

In previous chapters, this manuscript has emphasised that Field Programmable Gate

Arrays (FPGAs) are promising devices for hardware-based acceleration, given their re-

configurability and flexibility in representing new hardware architectures at a lower power

consumption. Nowadays, getting started with FPGAs is becoming increasingly accessi-

ble thanks to the use of untimed C++ to represent hardware designs using High-Level

Synthesis (HLS) tools. However, it remains challenging due to the diverse workflows,

frameworks, tooling, HLS dialects, and the lack of libraries and familiarity with hardware

concepts, which can overwhelm scientists and developers. Moreover, current software

tools for AMD FPGAs are designed to be platform-agnostic, facilitating seamless transi-

tions between edge and cloud environments by supporting legacy OpenCL. However, this

agnosticism has not yet been analysed regarding the possible implications of centralising

the entire support into a single runtime library instance.

In contrast, GPGPUs are more flexible and standardised. NVIDIA, the most popular

GPGPU vendor, offers CUDA, an ecosystem comprising device drivers, daemons, libraries,

and a framework that enables the development of accelerated applications in a single

environment, with API agnosticism among GPU families within the same vendor [19].

This chapter addresses the difficulty of using FPGAs by proposing an open-source runtime

daemon that allows the use of a set of selected generic accelerators that can be accessed

through an API without requiring knowledge of hardware, carrying out:

• Analysis of the XRT and PYNQ regarding latency when scaling in workload size.

• Development of a simplistic Runtime Library with a PYNQ-like API to develop

C/C++ applications.

• Resource scheduling that allows the use of a single accelerator by multiple processes.

• Memory allocation and management with zero-copy mechanisms to avoid additional

overhead and the possibility of arbitrary precision data types.

81
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• Acceleration by using a pre-built set of out-of-the-box reconfigurable accelerators for

common matrix and vector operations, useful for AI and Digital Signal Processing

(DSP) to prevent users from coding their custom kernels unless optimisation is

required.

6.1 Related Work

For GPU development, NVIDIA propose the CUDA framework, which consists of an

ecosystem with device drivers, a scheduling daemon, runtime libraries and compilers

installed altogether that makes the programming experience seamless across the archi-

tecture or platform, imitating pure software development [19], being more friendly to a

vast majority of developers and users. On the other hand, FPGA vendors, particularly

AMD (formerly Xilinx), have tried to follow a similar approach, easing the learning curve

of using FPGA for hardware acceleration through multiple methods, which include the

Xilinx Runtime Library (XRT) [141], the unification of the workflow with Vitis [142],

prototyping with Python using FINN [133] and PYNQ [143], compatibility with OpenCL

and C++ for High-Level Synthesis and libraries included in Vitis [144].

All these solutions simplify the usage of the FPGA to implement custom kernels (accel-

erated code) but still require hardware knowledge during the process to lead to efficient

designs. The Vitis Libraries [144] include a set of algorithms for DSP, AI and Linear Al-

gebra that do not require intervention from the user in the kernel creation; however, some

of the algorithms are closed-source without a chance of using different data types or intro-

duce more aggressive optimisations needed for AI. On the other hand, XRT and PYNQ

do not offer the possibility of using arbitrary precision data types, which are helpful for

FPGAs in reducing communication bottlenecks and design resource consumption.

In the community, the FPGA Operating System (FOS) offers a solution for using FPGA

through multiple processes. It is capable of scheduling resources and managing data,

with support for Python and C++ in Linux applications. Users can develop their custom

kernels using partial reconfiguration, which is launched during initialisation process of

an application [145]. FOS is a promising approach for managing the FPGA as a multi-

accelerator resource, requiring users to develop custom kernels. Moreover, it only targets

edge FPGAs, such as the AMD ZYNQ family, leaving aside other FPGA variants.

A common approach to ease the user in developing custom kernels is using either HLS or

OpenCL with Vitis [142]. From the community, multiple techniques have been used to

improve the use of OpenCL, proposing hot plug-and-play custom kernel usage and par-

tial reconfiguration under the hood [146]. FINN [133] and HLS4ML [89] are frameworks

that particularly ease the development of DL-based inference applications accelerated by

FPGAs. They receive a model and additional hyper-parameters, such as the reuse factor

(related to hardware replication) and quantisation, and map the entire fitted model into

an accelerator for that specific model. Between them, the best-maintained is FINN, with
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the support of AMD. However, these solutions have the inconvenience of mapping the

entire model, depleting FPGA resources aggressively without the opportunity to reuse

the design for another type of computation, which is inconvenient in embedded FPGAs.

Nevertheless, they perform best when they work, thanks to the FPGA data flow optimi-

sations.

During this work, multiple alternatives to the model mapping architecture have been ex-

plored and proposed, such as generic accelerators, which are parameterised in data type,

data width, number of operands, math operators and algorithm implementation (Chap-

ters 3 and 4), and the spatial accelerators for LLMs (Chapter 5). These implementations

are open-source to facilitate development and research on top of them, and some have

been tested against kernels generated by HLS4ML, yielding interesting results, even when

using zero-shot quantisation [62].

When transitioning to the software domain, PYNQ and XRT provide runtime libraries

that utilise the FPGA binary configuration file to configure the FPGA, manage mem-

ory, and interact with the hardware accelerators implemented in the design [141], [143].

They can be installed in the newer Ubuntu distributions offered by Canonical-AMD for

the FPGA-based SoCs, which eases the host development and avoids unnecessary cross-

compilation, as is the case with the homologous GPGPU-embedded platform, the NVIDIA

Jetson [31], allowing more complex development environments in terms of the software

stack than the traditional cross-compilation approach, which uses Petalinux for creating

a custom Linux image [147], [148].

This highlights a fragmentation in contributions and a lack of solutions that facilitate the

development of FPGA-accelerated software applications without expertise in hardware

architecture. This is due to the disconnection of vendor libraries from user needs and the

lack of integration that does not occur in the CUDA environment of NVIDIA GPUs [19].

Additionally, the runtime libraries and workflows have not been analysed in terms of

their overhead and starting latency. This emphasises the need for a compute-centric API,

an analysis of FPGA-host communication, an accelerator manager, and a set of existing

libraries.

6.2 Latency of Host Applications for FPGA Deploy-

ments

This section examines the commonly used host APIs utilised for FPGA-host communi-

cation, highlighting their functionality, strengths, and improvement opportunities, ulti-

mately proposing a framework that combines the strengths of these APIs.
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6.2.1 Current Issues with PYNQ and XRT

PYNQ is a Python framework that enables FPGA configuration from a bitstream (in

AMD: .bit) or a reconfiguration file (in AMD: .xclbin), making PYNQ compatible with

both legacy and the new Vitis workflows. Moreover, it presents wrappers for NumPy

library interoperability and uses XRT for memory management. If PYNQ is configured

with a bitstream, it utilises the Linux FPGA manager for configuration and Memory-

Mapped Input/Output (MMIO) to handle IP transactions; otherwise, it uses XRT [143].

PYNQ suffers from overhead due to Python interpretation, which may significantly impact

low-latency and light workload applications.

XRT, in contrast, is a C++ runtime library compatible with cloud and edge FPGAs that

only takes the reconfiguration file generated by the new Vitis workflow. It introduces

the concept of compute units and provides interoperability with OpenCL. The IPs are

managed by registering transactions using mailboxing. For each register I/O, XRT per-

forms an argument check, computes the offset addresses and performs safe mailboxing

(xrt::mailbox), which polls for every register transaction [141]. The kernel (accelera-

tor or IP) is also abstracted into compute units, implemented through multiple inherited

classes (xrt::run, run impl, kernel command, xrt core::command, command manager)

[141]. During the process, XRT adds various pollings, synchronisation, command mes-

sages, and function calls, which are unnecessary for simple designs but necessary for

complex multi-functional designs.

Comparing the differences between the two frameworks regarding IP control, the MMIO

approach performed by PYNQ is superior to the compute unit approach by XRT. When

executing the same PYNQ MMIO implemented in C, XRT is 2.79× slower than the C

MMIO when configuring the IP and 2.82× slower, on average, when performing synchro-

nisation for a deep learning model inference. This implies that launching the IP core

execution will result in greater startup latency in XRT.

In summary, PYNQ suffers from Python interpretation overhead, adding more time to

the transaction startup. In contrast, XRT suffers from overhead in kernel launching due

to the mailbox, which implements a series of polls, synchronisation, and several function

calls.

6.2.2 CYNQ RT: the best from PYNQ and XRT

This work presents the CYNQ runtime library (CYNQ RT), an open-source library based

on the interface-adapter architecture that makes the API agnostic. The foundation of

the CYNQ Runtime Library (CYNQ RT) is to be as simple as using PYNQ to develop

the host application while having the performance of a C++-based application without

adding unnecessary machinery. CYNQ RT is more flexible than XRT, given that it does

not impose the use of the new Vitis workflow to generate the configuration files.

Figure 6.1 shows the overall CYNQ RT architecture. It consists of four interfaces acces-
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Figure 6.1: CYNQ RT Architecture. The user interacts with the interfaces, implemented

through adapters that meet the hardware-specific details to connect with the

FPGA.

sible to the user, keeping the API agnostic without falling into implementation details.

Every interface has multiple implementations that communicate with vendor-specific li-

braries and/or Linux device drivers, depending on the FPGA model.

• IHardware abstracts the platform into a class that initialises the FPGA interfaces,

registers, and configurations through either a bitstream (.bit) by using the FPGA

Manager or reconfiguration binary file (.xclbin) by using XRT. It also works as a

factory for the other interface instances according to implementation details.

• IDataMover provides an interface for allocating, uploading and downloading mem-

ory (whose host and device addresses are wrapped into IMemory). The implemen-

tation of ZYNQ-based platforms is based on DMA and XRT Buffer Objects.

• IAccelerator facilitates access to the IP core registers. It provides an interface

to start/stop the accelerator, read/write the IP core registers and synchronise ex-

ecution. For ZYNQ-based platforms, it is based on MMIO instead of the XRT

kernel.

The process begins with the IHardware, which performs the FPGA’s configuration ac-

cording to its variant (ZYNQ, PCIe XDMA, or Alveo, where the last two are not part of

the scope of this document) to set up data management, bus communication, clock speed,

and other configurations. Once the FPGA is configured, IP core instantiation (IAcceler-

ator) is performed through MMIO, memory management by XRT, enabling accelerator

execution.

The CYNQ RT achieves three main goals:
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1. provides an agnostic API, making it portable,

2. keeps simplicity, and

3. offers compliance with XRT and PYNQ.

The application can be easily transferred from one FPGA-based system to another with

minimal changes. The interface’s implementations (or adapters) provide this capability

without intruding on the final user application. The final goal includes support for non-

XRT-capable platforms, like low-end and non-AMD FPGAs.

6.3 CYNQ Framework: User-Friendly Ecosystem for

AI FPGA-based Accelerators

To mitigate the fragmentation of the tools, this work proposes an integral solution to

the existing issues regarding the implementation of custom acceleration kernels and the

difficulties of using FPGAs in hardware acceleration by integrating an agnostic API that

focuses on actual computations, a set of pre-built libraries that can be added to an accel-

eration stack through a linker, and a runtime daemon that manages the FPGA, memory

allocation and schedules the execution of the workloads coming from different user ap-

plications. This aims to allow users access to the accelerators rather than managing the

FPGA. Similar proposals have been successfully implemented in HPC CPU and GPU

libraries, such as BLAS, cuBLAS, FFTW, cuFFT, LAPACK, and others [59], [149]–[151].

In these cases, the user configures the execution through a series of parameters passed

as arguments to functions that perform all the configuration required and launch the

computing kernels.

Figure 6.2 shows the proposed architecture as a stack. The FPGA hardware comprises

xfOpenCV [152], Vitis Libraries [144] for Computer Vision, and the Flexible Accelerators

Library (FAL, proposed along this work). With these libraries, the FPGA is equipped

with accelerators for matrix multiplication (GEMM), convolutions (1D and 2D), and

element-wise operations, which are the most common in AI. Unlike HLS4ML, FINN,

and similar work, which map the entire unrolled model to the FPGA, we propose using

reusable designs to accelerate AI simultaneously with other data pre-processing and post-

processing applications, such as image filtering, demosaicing, warping and resizing. This

allows a broader acceleration scope that accelerates more parts of the code rather than

only the inference model, and the use of smaller FPGAs. However, this introduces a

trade-off between a lower inference throughput due to data flow partitioning and a more

granular acceleration throughout the entire code. Beyond that, the hardware layer is

expandable to support additional operations by integrating new execution engines into

the daemon and hardware kernels within the FPGA hardware implementation.

The next step is the FPGA manager, which handles the FPGA hardware at the Operat-

ing System (OS) level, which can be based on CYNQ RT (from the previous section) or
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an API to perform the most common AI operations

XRT. It provides the device drivers, configuration, synchronisation and memory alloca-

tion mechanisms for FPGA-specific transactions, including support for the AXI protocol.

This layer can load the FPGA configuration file with the implemented design, allowing

reconfiguration on demand.

One of the contributions of this work is a Runtime Daemon Stack that sits on top of

the FPGA manager, with modules that administer memory at the user-space level and

facilitate inter-process communication (IPC). It also features a resource scheduler to man-

age and distribute resources when multiple applications attempt to access the same ac-

celerator. The daemon concludes with the operation engines for the most common AI

operations: convolution, matrix multiplication (GEMM), element-wise vector/matrix op-

erations, and a map engine that performs a unary function on each vector/matrix element.

These engines connect to pre-configured hardware on the FPGA, primarily based on the

FAL. For the IPC and Memory Management, POSIX Semaphores and Shared Memory

mechanisms are used to control the memory access and avoid race conditions amongst

processes. The resource scheduler (not considered in this work during experimentation) is

based on the Completely Fair Scheduler (CFS) proposed in the Linux kernel [153], which

allows scheduling resources based on priorities. This can be particularly important when

dealing with multiple processes that have different priority levels.
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The C/C++ Runtime API class is parallel to the daemon, which offers the user’s ap-

plication methods to perform memory transactions, execute the engines and initialise or

finalise the context (connections to the IPC and memory mechanisms). Figure 6.3 shows

the transactions between the user-space application and the daemon. In this case, a del-

egate acts as a library for an AI framework or as a standalone application that performs

initialisation, memory allocation/deallocation, memory writes/reads, and orders the ex-

ecution of the accelerators. This workflow is inspired by other similar runtime libraries,

such as CUDA and Vitis Libraries, which require memory allocation with specific details,

including dimensions, data types, and memory types. It then performs operations in these

memory regions from the host code for later execution of the accelerated kernel.

Unlike other work, the proposed memory allocation also performs arbitrary-precision

fixed-point quantisation/de-quantisation according to the pre-built accelerator configured

in the FPGA, allowing optimisation in communication, device-memory storage and im-

plementation design resource consumption. This is achieved through a quantisation/de-

quantisation engine, which receives the target precision and is attached to the memory

transactions that perform the operations as the data flow, utilising auto-vectorisation

(SIMD). In other approaches, data conversions occur inside the accelerator, consuming

bandwidth, or are performed through the Vitis HLS arbitrary-precision library, which is

not optimised for large data volumes.

At the hardware implementation, in the Vitis Libraries, the data type is fixed to 8-bit

integers for convolutions and floating-point (16 and 32-bit precision) for matrix operations,

without having room for optimisation in terms of memory and design size. In contrast,

the approach followed in this work allows synthesising accelerators for arbitrary-precision

data types, suitable for adequate design sizes and data volumes, according to the user’s

numerical precision requirements. Moreover, it can implement heterogeneous precision

accelerators that support different fixed-point precisions, allowing support for non-uniform

quantisations across the code.

Altogether, the proposal yields an integral solution that integrates the most common

acceleration kernels used in DL inference, allowing for reuse in other applications while

leveraging FPGA resource management and ease of use. This enables users to achieve

acceleration in AI computations without concern for hardware implementation details.

This marks a significant contribution to the democratisation of FPGA use in AI and

HPC, allowing non-FPGA experts to utilise this hardware for offloading computations.

6.4 Experimental Results

The key impact of the framework lies in measuring the execution times when running the

most common algorithms in AI and the impact of the different parts of the code that

may cause degradation compared to standalone applications with managed FPGA, where

the FPGA transactions are fully controlled internally. This work uses AMD Vivado and
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Figure 6.3: Transactions between a user-space application or library (a.k.a. delegate), the

Runtime API Class and the Runtime Daemon.
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Vitis 2022.1 to synthesise the FPGA hardware designs, a certified Ubuntu 22.04 on an

AMD Kria KV260 development kit for evaluation purposes. For the execution times, the

following experiments running at 200 MHz clock speed are performed:

• Convolution 2D: performs a 3 × 3 convolution on a single-channel 8-bit image,

useful for measuring the impact of 8-bit quantised networks and image processing

applications (from xfOpenCV).

• Matrix Multiplication: performs a 16-bit matrix multiplication of two matrices,

assuming the second matrix is transposed, using the standard matrix multiplication

algorithm (from FAL).

• Matrix Element-Wise Addition/Multiplication: performs a 16-bit matrix

element-wise addition and multiplication, using a signed 16-bit fixed-point with

a 6-bit integer part from (FAL).

• Multi-Layer Perceptron Auto-Encoder: integrates the matrix operations afore-

mentioned to quantify the total inference running time (from AxC Executer).

These experiments help to contrast the performance impact of each runtime backend

(CYNQ RT and XRT), the quantisation/de-quantisation overhead (standalone vs our

framework), and the quantisation/de-quantisation method (Vitis HLS/our implementa-

tion). For all the experiments, the standalone applications use the Vitis HLS quantisation/de-

quantisation method, whereas the applications based on our framework will use our

quantisation/de-quantisation engine.

6.4.1 Convolution 2D

This experiment performs image filtering with a 3×3 kernel on 8-bit single-channel images

using the spatial convolution algorithm. This is relevant for 8-bit quantised networks and

image processing applications. In this case, the kernel selection does not affect the overall

execution time or the resources and is fixed to an edge detection filter. Moreover, no

quantisation/de-quantisation is performed during the computations.

Figure 6.4c shows the execution times when performing the convolution on standalone

applications with the FPGA manager included (Stand. CYNQ and Stand. XRT) and on

apps based on the CYNQ framework (Daemon XRT and Daemon CYNQ) for 128×96 to

1280×720 image dimensions. For all cases, those applications that use CYNQ RT show

superiority over those based on XRT, highlighting that CYNQ RT is a good choice for

the platform used for experimentation due to its implementation simplicity. Moreover, it

is possible to observe that, in the absence of quantisation, the performance of the daemon

is quite close to a standalone application, suggesting that the choice for shared-memory

and inter-process communication has a negligible impact on performance.
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Figure 6.4: Execution times of the experiments when using standalone apps on top of the

FPGA managers (Stand. XRT and Stand. CYNQ) and applications running based

on the Runtime API Class with the daemon on top of XRT or CYNQ (Daemon

XRT and Daemon CYNQ). The execution times are the average after 1000 runs.

6.4.2 Matrix Operations

These experiments perform multiplications and element-wise operations on matrices. In

contrast to the Convolution 2D, these operations involve quantisation from single-precision

floating-point (32-bit float) to 16-bit fixed-point with 6-bit integers. In this case, the

standalone applications use the Vitis Library for quantisation, and those based on the
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Table 6.1: Multi-Layer Perceptron Execution Times while processing 100 samples: XRT

(X) and CYNQ RT (C) applications use (de)quantisation using the Vitis HLS

library. Daemon applications use the our (de)quantisation implementation.

All times are in milliseconds and taking the worst-case scenario.

Configuration Standalone (X)) Standalone (C) Daemon (X) Daemon (C)

Mem. Alloc 0.75 ± 0.18 0.75 ± 0.34 0.75 ± 0.18 0.75 ± 0.34

Quant. 4.1 ± 0.4 4.1 ± 0.5 0.8 ± 0.1 0.8 ± 0.1

Exec. Dense 18.32 ± 0.03 14.8 ± 0.06 18.33 ± 0.03 14.9 ± 0.06

Exec. Add. 11.09 ± 1.2 4.78 ± 0.44 11.09 ± 1.2 4.78 ± 0.44

Exec. Mult. 11.03 ± 1.16 4.77 ± 0.40 11.02 ± 1.16 4.78 ± 0.40

Dequant. 1.29 ± 0.04 1.29 ± 0.03 0.097 ± 0.2 0.097 ± 0.2

Critical Path 24.46 20.94 19.977 16.547

CYNQ framework use the custom quantisation engine. Figure 6.4b and 6.4a illustrate

the results obtained for each use case for multiple sizes of input operands. In the case

of Figure 6.4b, the element-wise operation is a matrix addition, with a total number

of elements that corresponds to the product of the matrix dimensions times 2, whereas

Figure 6.4a, the matrix multiplication has a number of input elements which is the sum

of the elements from the two input matrices. For the element-wise multiplication, the

runtime is equivalent to the element-wise addition.

In both experiments, the results converge for standalone and framework-based applica-

tions when the number of operands tends to be large. This is due to the convergence

between XRT and CYNQ RT in runtime when dealing with large volumes of data. More-

over, a gap exists between the standalone and daemon-based applications, making the

framework-based application approximately 6× faster. This is due to the quantisation

method, as our engine is faster than the quantisation based on the Vitis HLS library used

by the standalone applications, thanks to SIMD auto-vectorisation.

6.4.3 Multi-Layer Perceptron Auto-Encoder

The last experiment is a Multi-Layer Perceptron Auto-Encoder. It is based on the AxC

Executer framework running a pre-trained model for audio anomaly detection used in

the MLPerf Tiny Benchmark [95], with six dense layers, batch normalisation decomposed

as matrix element-wise multiplications and additions. It employs a 16-bit fixed-point

Zero-Shot quantisation with a 6-bit integer part [62], resulting in minimal impact on the

final model performance [4]. In this case, it utilises the same quantisation techniques and

accelerators as those in Section 6.4.2 experiments. Table 6.1 shows the results for different

parts of the code regarding the memory allocation (Mem. Alloc), quantisation (Quant.),

the execution of the dense, element-wise addition and multiplication layers (Exec. Dense,

Exec. Add., and Exec. Mult., respectively), which run on the same engines used in

Section 6.4.2, and the de-quantisation (Dequant.).
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According to the results, the experiments that run on top of the CYNQ framework (Dae-

mon (X) and Daemon (C)) demonstrate overall superiority against those that run with

the FPGA Manager directly and use Vitis HLS for quantisation (Standalone (X) and

Standalone (C)). The execution times of the operations and memory allocations for a

single layer are similar between implementations in the worst-case scenario, with a slight

increase of around 100 microseconds. However, the quantisation and de-quantisation oper-

ations significantly impact the final overall results. The CYNQ framework is 5.12× faster

quantising and 13.30× faster de-quantising for the worst-case scenario in the whole net-

work, impacting the overall critical path time (allocation, quantisation, dense execution

and de-quantisation), where the CYNQ framework integrated into AxC Executer is 1.22×
faster than using the AxC Executer with Vitis HLS-based quantisation and the FPGA

Manager integrated into it. These results align with the findings from Section 6.4.2, where

a performance gap is observed between the standalone and framework-based applications.

Likewise, it is worth noting that the model’s numerical performance remains unaffected.

6.5 Final Remarks

This chapter briefly analysed the XRT and PYNQ runtime libraries, enumerating their

weak points and how they affect the overall performance. It has also proposed CYNQ

RT, an agnostic and friendly runtime library for interfacing software applications with the

FPGA, which has demonstrated superiority in all cases studied for image processing and

AI, easing software development with an agnostic and friendly C++ API similar to the

one from PYNQ. CYNQ RT removes the Python interpretation overhead. Moreover, the

performance is better than XRT’s, thanks to its hybrid implementation, which utilises

the Linux FPGA Manager and Linux Device Drivers (MMIO) in conjunction with XRT’s

memory management. It enables low-latency designs to unlock more performance and

reduce accelerator startup latency, eliminating unnecessary complexity and keeping the

design simple and direct.

This work also contributed with the democratisation of the FPGA, presenting a user-

friendly ecosystem for FPGA-based AI acceleration that combines a stack of pre-built

hardware accelerators for FPGAs, a daemon to manage the FPGA resources and memory

allocation, and a compute-centric runtime library for user application development. This

is part of a proposal to ease the development of FPGA-accelerated applications, which

isolate application development from hardware implementation, facilitating a focus on

the application rather than coding hardware accelerators using a computation-oriented

approach.

The CYNQ framework integrates quantisation and de-quantisation engines that demon-

strate superiority over the tools used by Vitis HLS, yielding gains of 5.12× faster quan-

tisation and 13.30× faster de-quantisation in an actual MLP-based autoencoder model

inference. Moreover, the daemon module benefits from FPGA Managers like XRT and

CYNQ RT, keeping execution and allocation times close to standalone applications with
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managed FPGA. It also integrates shared memory, scheduling and IPC mechanisms that

allow user applications to have zero-copy memory transfers to the daemon, keeping the

impact of the inter-process data communication low.

As a work leftover, CYNQ RT can potentially support other platforms not supported by

XRT and PYNQ, such as XDMA-capable PCIe FPGA cards like some variants of AMD

Artix-7, which are usually considered low-end FPGAs due to their resource limitations,

and FPGAs from other vendors. Also, the CYNQ framework resource scheduler and

inter-process communication can be improved. Since the CYNQ framework is modular,

it is possible to integrate additional accelerators and perform benchmarks, making the

ecosystem a promising alternative and well-suited for AI inference acceleration with FP-

GAs, as reflected in future work. The CYNQ repo is available and open-source.
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Chapter 7
Insights for the Next Generation of AI

Computers

Previous chapters of this thesis explored techniques to account for energy based on ex-

ecuted instructions and FPGA-based AI inference acceleration. Chapter 5 finished with

measurements of the best architecture achieved for LLM inference on a high-end FPGA,

where the GPU is still faster. However, there is still room for optimisation, particularly

with approximate computing, arbitrary precision, and sparse matrix operations.

Chapter 6 addressed some of the most common issues in computing using FPGAs, partic-

ularly due to the closed-sourceness of the tools, generalisation, and difficulties in FPGA

development. This work has also proposed an ecosystem of low-latency runtime libraries

(CYNQ RT), a framework with an FPGA administrator (CYNQ framework), and a

compute-centric approach to address these issues.

Still, the possibility of reaching more efficiency and productivity than GPUs and FPGAs

is under discussion. Hence, this chapter focuses on insights for the next generation of AI

computers, which are AI-centric and will improve AI training and inference with better

energy efficiency and performance than the architectures currently used for these tasks.

7.1 Architectures for AI

The design, optimisation and implementation of architectures to accelerate AI develop-

ment and inference is a hot topic in industry and academia. Research work oscillates

between designing and optimising architectures to speed up AI tasks while maintaining

lower power consumption. Within existing architectures, CPUs, GPUs, and ASICs are

the most commonly used, while FPGAs are still emerging with promising results. There

is also research on the use of cooperative heterogeneous computing with Processing in

Memory (PIM) and Near-Data-Processing (NDP), where memory becomes an active pro-

cessing component that helps perform data transformations before and after they arrive

95
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from other larger processing components, such as CPUs and GPUs [26].
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Figure 7.1: LLM (7 billion parameters) decode stage throughput (batch size 1) vs power on

different platforms with different optimisation methods. Retrieved from [26].

Figure 7.1 shows a plot from [26], illustrating the throughput and power consumption for

an LLM of 7 billion parameters of multiple architectures from academia and industry. In

architecture optimisation, it is possible to observe that CPUs reach a similar throughput

as GPUs and FPGAs at the same energy budget. FPGAs have higher throughput than

GPUs with lower power consumption, thanks to quantisation, which firmly supports the

research from Chapter 5. This finding suggests that FPGAs can achieve GPU performance

with more optimisations. Beyond FPGAs, ASICs excel in energy efficiency, offering higher

throughput at the same power consumption. However, the issue with ASICs is that they

are not reconfigurable and cannot be upgraded as AI evolves, making them obsolete over

time.

PIM/NDP offers a more promising approach: equipping the memory with processing

when the operands are either loaded or stored. This allows for online quantisation tech-

niques, mappings (such as activations) and other operations depending on the implemen-

tation [155]. PIM/NDP devices are often insufficient for an entire LLM computation and

require cooperation with other, larger processing architectures, resulting in cooperative
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heterogeneous computing. According to Figure 7.1, they are the most efficient architec-

ture so far, suggesting a possible path for the next generation of AI computers, where

all the processing components can work together to enhance the energy efficiency of AI

processing.

7.2 Cooperative Heterogeneous Computing Paradigms

Cooperative Heterogeneous Computing (CHC) is a paradigm that involves utilising, or-

chestrating, and optimising multiple architectures to collaborate in processing complex

workloads [156]. Some of the most popular combinations of CHC involve CPU + GPU,

CPU + GPU + FPGA or CPU + GPU + ASIC [155], as illustrated in Figure 7.2. CHC

presents several challenges when dealing with multiple architectures, some of which are

mentioned below:

• Workload Partitioning: Selecting where a piece of code should execute is crucial

to optimise runtime, energy consumption, and system occupancy. Poor partitioning

can overload one architecture while leaving others underutilised, or cause unbalanced

energy usage.

• Workload Scheduling: Deciding when and on which device a workload fragment

should be executed is critical to maximising timeline overlap and minimising idle

periods. Improper scheduling can prevent adequate overlap, leading to increased

overall execution time.

• Architecture Consumption Balancing: CPUs are often less energy-efficient

than other architectures when processing workloads. Although GPUs typically com-

plete tasks faster, balancing execution across architectures can reduce energy con-

sumption. For instance, adjusting the power profile of the GPUs allows for longer

execution at lower power, which can be more energy-efficient. A similar strategy

can be applied in the opposite direction, depending on the characteristics of the

workload.

• Memory and I/O Communication: Multi-architecture execution often requires

transferring data between fragments residing on different architectures. If I/O com-

munication is slow and cannot overlap with computation, or if data transfer times

significantly exceed compute times (I/O-bound scenarios), the overall execution time

will increase.

• Software Complexity: Software frameworks and libraries introduce additional

challenges when managing multiple architectures, particularly regarding program-

ming models, specialised APIs, and support for hardware-specific optimisations.

Mitigating the challenges above accelerates workloads, balances energy consumption, and

maximises the utilisation of system components. The extent of these improvements in



7 Insights for the Next Generation of AI Computers 98

Workload scheduling and partition

F13

F7
F3
F1

F9
F4
F2

F8
F6
F5

F12
F11
F10

CPU
Unit off

I/O

PCIe PCIe PCIe

O

O

O
O

O
O

O
O

O
O

O
O
O
O

O

OO

Memory Bandwidth

Bandwidth

Architecture

Consumption 

Balancing

Memory and I/O 
Communication

Unit on
Unit occupied

GPU FPGA ASIC

Work 
queue

Work 
queue

Work 
queue

Work 
queue

F14
t=13 t=13

Clock Clock Clock Clock

System 
Memory

Figure 7.2: Heterogeneous computing architecture with multiple processing systems, such as

CPU, GPU, FPGA and ASIC. It also illustrates multiple critical points for de-

sign, such as the Workload Scheduling and Partition, Consumption Balancing and

Communication.

accelerated workloads depends on the nature of enhancements within the system where

CHC is applied. These enhancements can be classified into two categories: compute-

oriented and memory-oriented improvements [26].

Compute-oriented improvements aim to boost pure computational performance, benefit-

ing compute-bound workloads characterised by high arithmetic intensity, where each da-

tum is used multiple times in compute operations. Conversely, memory-oriented improve-

ments address bottlenecks arising from low arithmetic intensity, which typically lead to

memory-bound workloads. Within the improvements, several fronts can be distinguished,

ranging from local architectural enhancements to broader CHC strategies. Examples

of local architecture improvements include the use of AMX extensions in modern Intel

CPUs [21] and DeepSeek’s DeepGEMM optimisations for NVIDIA Hopper GPUs [27].

At the CHC level, techniques have been developed to schedule layer offloading dynami-

cally across CPUs and GPUs [157]. Furthermore, PIM offers an alternative by absorbing

low-arithmetic-intensity operations near the memory, thereby reducing data movement

overhead. Recent research shows that PIM and NDP architectures can achieve over 3×
speedups compared to GPU-only implementations in GPT workloads [158]–[160].

Memory-oriented improvements, on the other hand, focus on mitigating memory bot-
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tlenecks by either computing closer to memory or increasing memory access bandwidth.

PIM/NDP approaches accelerate operations with low arithmetic intensity, such as ac-

tivations, matrix element-wise operations, and quantization [155]. Increasing memory

bandwidth involves two closely linked strategies: (1) expanding the memory subsys-

tem bandwidth and (2) enhancing interconnect bandwidth. High-Bandwidth Memory

(HBM) technologies have revolutionised memory design by introducing 3D-stacked mem-

ory, widening memory buses, and inspiring new PIM/NDP techniques [161]. However,

increasing memory bandwidth must be complemented by improvements in interconnect

bandwidth to prevent data exchange bottlenecks. NVIDIA NVLink [162] provides a high-

speed interconnect fabric that enables faster GPU-to-GPU communication, outperforming

traditional PCIe. Similarly, Compute Express Link (CXL) builds upon PCIe to reduce

communication overhead and increase bandwidth between CPUs and peripherals, with

early applications notably involving FPGAs [163].

Another promising architecture within the CHC landscape involves RISC-V-based ac-

celerators. Research in this area includes designing accelerators with RISC-V clusters

augmented by vector instruction set extensions [164], [165] and integrated DNN-specific

hardware accelerators [164], [166]. More recent work leverages the Parallel Ultra-Low

Power (PULP) platform, an open-source template for developing energy-efficient RISC-

V-based accelerators.

7.3 Reconfigurable Computing

Throughout this paper, FPGAs have been widely discussed as reconfigurable devices

capable of accelerating workloads due to their ability to adapt the hardware to behave

like any architecture, making them an example of reconfigurable computing devices.

In general, Reconfigurable Computing can adapt the implementation to become more effi-

cient given a particular workload. They can modify internal connections, math operators,

and data types to increase throughput under workload requirements. Often, they tend to

have a better trade-off between energy consumption and computational performance [167].

Within the current state-of-the-art (SOTA) in High-Performance Reconfigurable Comput-

ing (HPRC), the two primary implementations are based on FPGAs and Coarse-Grained

Reconfigurable Arrays (CGRAs) [155]. CGRAs offer a lower degree of reconfigurability

compared to FPGAs. Still, they achieve higher efficiency by organising multi-dimensional

arrays of PEs, each equipped with Arithmetic Logic Units (ALUs) and other specialised

execution units. By operating at a higher hardware abstraction level, CGRAs mitigate the

hardware complexity and programming overheads typically associated with fine-grained

alternatives, such as FPGAs [168]. Furthermore, CGRAs have demonstrated superior

energy efficiency, achieving lower power consumption per unit of throughput compared to

NVIDIA’s V100 GPUs at the time of the study [169].

RipTide represents an innovative, co-designed CGRA architecture paired with a compiler,
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Figure 7.3: RipTide CGRA Fabric and components. This CGRA interconnects several PEs

using a reconfigurable 2D torus interconnection, where each PE is specialised in

either memory, arithmetic, control flow or data exchange. Adapted from [170].

achieving high programmability and energy efficiency. Unlike traditional CGRAs, which

often require hand-crafted assembly code and are restricted to specific code patterns,

RipTide supports arbitrary control flow and memory access patterns without depend-

ing on costly hardware mechanisms. This flexibility enables the efficient execution of a

broad range of applications with complex control structures and irregular memory access

patterns, such as sparse linear algebra operations. RipTide delivers substantial energy

savings, executing code with an order-of-magnitude lower energy consumption compared

to traditional von Neumann cores. It achieves a 25% performance improvement over con-

temporary CGRAs at the time of its release, and up to 490× greater performance-per-watt

compared to the Cortex-M3 (0.13 MOPS/mW) [170]. Other notable CGRA implementa-

tions built on similar foundations include REVAMP [171] and SNAFU [172]. Meanwhile,

X-CGRA introduces an innovative approach by combining CGRA reconfigurability with

Approximate Computing techniques to further boost performance [173].

Beyond fully reconfigurable architectures, several approaches explore partial reconfigura-

bility by extending traditional processing architectures. The Framework for a Dynami-

cally Reconfigurable Accelerator (FDRA) is an open-source platform designed to facilitate

the exploration and development of heterogeneous systems-on-chip (SoCs), integrating a

RISC-V processor with a dynamically reconfigurable accelerator (DRA) based on CGRA

principles [174]. FDRA supports multi-level parallelism (loop-level, instruction-level, and

task-level) to improve computational efficiency and application flexibility, achieving mod-

est performance gains compared to SNAFU [172]. Another notable architecture, FlexBex,

incorporates a small embedded FPGA (eFPGA) within the Ibex RISC-V core, enabling

dynamic reconfiguration of custom instructions at runtime [175]. This design empow-

ers developers to implement specialised operations directly into the processor pipeline,
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enhancing performance for targeted tasks without relying on external accelerators. Ad-

ditional research explores the use of the MOLEN paradigm, employing micro-codes to

configure reconfigurable regions [176], as well as the integration of Approximate Comput-

ing techniques into reconfigurable RISC-V platforms [177].

7.4 Route for Energy-Driven AI Processing Archi-

tectures

Hardware acceleration for AI-related workloads entails addressing several challenges, par-

ticularly those arising from compute- and memory-bound operations. Compute-bound

workloads are commonly tackled using massive GPU parallelism or FPGAs. However,

memory-bound workloads, which involve relatively few operations per data element and

rely heavily on memory bandwidth or I/O communication, often render traditional compute-

bound solutions underutilised. Therefore, it is necessary to develop solutions capable of

handling both fronts: workloads requiring high computational throughput and those de-

manding high memory bandwidth.

Modern CPUs, GPUs, and ASICs have integrated low-precision arithmetic units to ac-

celerate compute-bound tasks and compress AI models. Nonetheless, low-precision arith-

metic alone can represent a suboptimal solution, as AI models continuously evolve, pushing

the boundaries of quantisation, sparsity, and precision. Alternative numerical representa-

tions, such as the POSIT format [62], require different arithmetic unit designs. However,

due to hardware constraints, their adoption often necessitates complex software optimi-

sations, forcing traditional architectures to support new formats inefficiently.

Memory-bound limitations have been partially addressed through the development of

high-speed dynamic memories, such as HBM [161], and fast interconnect technologies

like NVLink [162]. Nevertheless, memory bandwidth remains a bottleneck relative to

computational capabilities.

FPGAs remain a popular option among non-traditional paradigms, although their adop-

tion is often hindered by the complex design expertise required, as discussed in Chapter 6.

7.4.1 Compute-Bound Track

Addressing compute-bound workloads requires adequate numerical support to maintain

result quality while tolerating acceptable computational error rates. Although current

platforms support low-precision computations, the hardware is often underutilised. A

promising approach is execution-level reconfigurability, which enables execution units to

adapt to different numerical precisions and allows optimisations such as approximate

computing. Such reconfigurability has been explored in RISC-V- and CGRA-based ar-

chitectures [174], [175], [177].
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Furthermore, various architectures exhibit natural affinities to specific workload types:

GPUs excel at dense, coalesced memory access patterns, while CPUs handle sparse, ir-

regular access patterns more effectively. ASICs, including TPUs and NPUs, offer superior

performance-per-watt for matrix multiplication through silicon specialisation. FPGAs

also present a compelling alternative for low-latency tasks [155]. Cooperative Heteroge-

neous Computing (CHC) combined with dynamic power profiling presents a promising

strategy for optimising the performance-per-watt trade-offs across different architectures.

Consequently, the path to address the computational demands of AI workloads lies not in

a single architecture, but rather in systems combining multiple specialised architectures,

capable of adapting numerical precision to model requirements through built-in reconfig-

urability. Figure 7.4 illustrates the introduction of a reconfigurable device, composed of

multiple processing elements with Reconfigurable Execution Blocks (REBS) that allow

implementing custom execution micro-architectures to fit specific workload requirements.

In the example, it can extend the RISC-V architecture to adopt a new instruction set

(ISA) to process approximate vector addition of an N/H-element vector with H-bit pre-

cision operators.
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Figure 7.4: Introduction of reconfigurability in the CHC architecture. The reconfigurable de-

vices (Reconf-Dev) are equipped with Reconfigurable Execution Blocks inspired

by the CGRA architecture. They enable the CHC to be adaptable and implement

optimised micro-architectures for a specific workload.
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7.4.2 Memory-Bound Track

Memory-bound computations frequently occur in low-arithmetic-intensity tasks, such as

activations, matrix additions, and layer-wise operations. In these cases, communication

times dominate and cannot be effectively overlapped with computation, resulting in sig-

nificant performance penalties.

As discussed in Chapter 5, implementing dataflow-based layer fusion with FPGAs within

CHC systems effectively improves performance and reduces computation time. Moreover,

PIM and NDC technologies embedded into memory modules (e.g., HBM) provide an ef-

fective strategy to offload low-arithmetic-intensity workloads, bringing computation closer

to the data. Adding reconfigurability to PIM/NDC architectures enhances support for

variable or arbitrary precision computations, enabling further optimisation of memory-

bound and hybrid workloads. Figure 7.5 illustrates the integration of reconfigurable PIM

into the memory module, allowing adaptability for arbitrary-precision computations.
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Figure 7.5: Proposed system memory module to tackle memory-bound workloads on CHC.

The memory module is equipped with multiple banks, following the idea of HBM.

In addition, it is equipped with a reconfigurable PIM module to adapt the memory

modules to perform computation at any numerical precision, allowing arbitrary

precision quantisation, element-wise operations, and element mapping.



7 Insights for the Next Generation of AI Computers 104

7.4.3 Reconfigurability on Cooperative Heterogeneous Comput-

ing

Heterogeneous Computing for AI demands awareness of workload characteristics, energy

consumption, and numerical precision requirements. Effective CHC systems must com-

bine specialised computational units with scheduling mechanisms that optimise workload

distribution while regulating energy use.

Leveraging reconfigurability to CHC involves multiple levels, from execution units to mem-

ory, and shows potential for AI workload demands. It also facilitates the incorporation

of approximate computing techniques, enabling a flexible adjustment of the Quality-of-

Result (QoR) versus energy consumption trade-off and alternative numerical formats,

such as block floating-point computation [178].

Within the key advantages, it is possible to visualise:

• Approaches both compute-bound and memory-bound workload challenges.

• Reduces power consumption for low-arithmetic-intensity operations by leveraging

in-memory processing.

• Optimises energy consumption through energy-aware workload scheduling.

• Offers fine-grained control over numerical precision via reconfigurable execution

units.

• Enhances adaptability to AI model evolution, reducing hardware obsolescence.

• Increases optimisation opportunities through approximate computing and architec-

tural flexibility.

Nevertheless, it also involves a series of challenges and requirements:

• Development of reconfigurable architectures, particularly CGRA-like structures with

coarse granularity.

• Integration of traditional, reconfigurable, and PIM/NDC-based computing tech-

niques.

• Implement energy-aware workload scheduling to select architectures based on task

affinity and power optimisation.

• Deployment of dynamic power management, including clock gating and power-down

strategies for idle components.

• Creation of user- and developer-friendly frameworks to simplify software develop-

ment on reconfigurable CHC platforms.
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Reconfigurable CHC architectures offer a promising solution to the evolving challenges

posed by AI workloads. By addressing both compute- and memory-bound limitations and

enabling systems to adapt over time, they provide a pathway toward extending hardware

lifespans and maintaining relevance amid the rapid pace of AI innovation. This thesis

concludes the research in this direction, providing a foundation for future contributions.



Chapter 8
Conclusions

This chapter concludes this dissertation with a summary of the work presented, and it

provides promising future work directions.

Dissertation Summary

Throughout this dissertation, two critical challenges in sustainable high-performance com-

puting have been addressed: 1) the accurate energy accounting of computational work-

loads, and 2) the development of energy-efficient AI accelerators utilising FPGAs.

First, this work proposed EfiMon, a tool for fine-grained energy consumption analysis,

marking a significant advancement in the ability to monitor and model energy usage in

shared computing environments. It extracts data from multiple sources and combines

them to develop new mathematical models for estimating energy consumption. Unlike

traditional methods that require execution isolation, EfiMon enables energy estimation

at the process level while maintaining low error margins, particularly on CPU and GPU

architectures. This contribution lays the groundwork for more energy-conscious resource

scheduling and system management, essential for the evolution of next-generation super-

computers.

Within Efimon, this work has also presented a mathematical model for estimating the

energy consumption of a running software process, through the analysis of its overall CPU

utilisation and executed instructions, which resulted to be more accurate than traditional

methods that were based only on the utilisation, ignoring the nature of the instructions

dispatched to the CPU. Together with EfiMon, this work achieved energy accounting with

a relative error of 1.93% for the CPU and 9.7% for the GPU, without the need for execution

isolation, thereby pioneering the use of instructions to enhance energy estimations.

Second, this dissertation explored a more sustainable solution for AI inference execution

using FPGAs. The Flexible Accelerator Library (FAL), a novel framework for the auto-

matic generation of FPGA-based AI accelerators, was presented. This library supports
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parameterisation in operand size, numerical precision, approximate computing techniques,

and structural reuse, allowing its adaptability to diverse environments and requirements

in terms of performance and resource constraints. Experimental evaluations have demon-

strated that adopting flexible, multiple algorithms and approximate computing strategies

can significantly reduce hardware resource consumption with minimal impact on con-

trolled accuracy. This study demonstrates an 18.93% reduction in resource consumption,

accompanied by a 9.6% degradation in AI model accuracy, using a LeNet 5. For Mo-

bileNet v2, the resource reduction was approximately 20%, accompanied by an accuracy

improvement of 16.6% due to healthy numerical disturbances in the softmax layer. This

work extends the application of FPGAs into fields traditionally dominated by GPGPUs,

offering a more sustainable alternative.

This exploration was extended by studying the use of FPGA-based architectures for Large

Language Model (LLM) inference. It has been shown that with careful design optimisa-

tions, FPGAs can approach or even surpass GPU performance for specific tasks, particu-

larly when leveraging techniques such as spatial acceleration and precision customisation.

This work achieved a speedup ranging from 1.37× to 10.98× over two AMD EPYC 7H12

CPUs with 64 cores each, outperformed by an NVIDIA Tesla V100 by a factor of 1.66×.

The exploration of FPGAs concluded with a study on mechanisms to democratise the

use of FPGAs in AI inference acceleration, where a framework (CYNQ framework) and

a runtime library (CYNQ) were proposed and open-sourced, laying the groundwork for

further research in this area.

This dissertation closed with a qualitative study of the new trends in computer AI-driven

architectures, emphasising the research of reconfigurability in Cooperative Heterogeneous

Computing. This dissertation proposed the use of heterogeneous systems equipped with

CPUs, GPUs, ASICs, and reconfigurable devices to mitigate high-arithmetic-intensity

tasks (compute-bound) and the insertion of compute units into the memory modules

to address low-arithmetic-intensity workloads (memory-bound). Furthermore, this work

proposed the introduction of reconfigurable components in each component of the hetero-

geneous system, allowing for more aggressive optimisations and making the system more

adaptable and resilient to the rapid pace of AI evolution.

Future Work

Throughout this work, several items have been left for future research, emphasising their

relevance in the field.

Extension of energy models. This work was limited to studying the influence of

instructions dispatched to the CPU by a process on estimating its energy consumption.

The model was derived from a general principle of conservation of energy and multiple

assumptions, such as fixed clock and fan speeds, constant temperature, and homogeneous

power consumption, whereas reality presents more complex patterns. It is necessary
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to integrate more metrics and utilise enhanced relationships to enhance the estimations

under actual system conditions.

Enhanced accelerator design. The architectures and implementations presented in

this thesis show the potential of the FPGA to surpass the GPU capabilities by con-

suming less energy. These architectures can be enhanced by utilising dynamic partial

reconfiguration during runtime to replace accelerators on demand, employing more ad-

vanced approximations, such as frequency scaling through energy-aware scheduling, and

arbitrary-precision floating-point operations.

Expanding the application to training. The overall contributions of this work were

focused on inference, assuming it is the most repetitive task in AI and, thus, the most

power-consuming. Nevertheless, the application of these work ideas can be further ex-

tended by incorporating the frameworks into training tasks, which can be made more

sustainable with the introduction of FPGAs in the loop.

Democratising the FPGAs. One of the most difficult barriers to overcome in FPGA

development is the closed-source nature. Further development of developer-friendly ecosys-

tems, like CYNQ, to lower the barrier to FPGA adoption across diverse AI workloads.

Reconfigurable Cooperative Heterogeneous Computing. This thesis concluded

the research by proposing the combination of Reconfigurable Computing with Cooperative

Heterogeneous Computing. This will allow the systems to mitigate several workloads by

offloading the work to the most suitable architecture for their execution, including the

memory as an active processing element using PIM. However, hard silicon can render

these systems obsolete in a short time due to the rapid evolution of AI algorithms. For

this reason, this work proposes integrating reconfigurability into the processing blocks,

allowing the architecture to adapt to the challenges that future AI workloads may pose,

including new quantisations, memory accesses, and non-linear functions.

Ultimately, this dissertation and future work position reconfigurable and energy-aware

computing architectures as a sustainable and vital foundation for the next genera-

tion of AI systems.
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[17] León-Vega, L., Ávila-Torres, D., Castro-God́ınez, J., CYNQ (v0.2), 2024. [Online].

Available: https://github.com/ECASLab/cynq.

[18] J. J. Dongarra, I. S. Duff, D. C. Sorensen, and H. A. van der Vorst, Numeri-

cal Linear Algebra for High-Performance Computers. Society for Industrial and

Applied Mathematics, 1998. doi: 10.1137/1.9780898719611. eprint: https:

//epubs.siam.org/doi/pdf/10.1137/1.9780898719611. [Online]. Available:

https://epubs.siam.org/doi/abs/10.1137/1.9780898719611.

[19] M. Garland et al., “Parallel Computing Experiences with CUDA,” IEEE Micro,

vol. 28, no. 4, pp. 13–27, 2008. doi: 10.1109/MM.2008.57. [Online]. Available:

https://doi.org/10.1109/MM.2008.57.

https://doi.org/10.1109/CONCAPAN63470.2024.10933896
https://doi.org/10.1109/CONCAPAN63470.2024.10933896
https://doi.org/10.1109/CONCAPAN63470.2024.10933846
https://doi.org/10.48550/arXiv.2501.13379
https://doi.org/10.5281/zenodo.6413238
https://doi.org/10.5281/zenodo.6413238
https://doi.org/10.5281/zenodo.6413243
https://doi.org/10.5281/zenodo.7708216
https://doi.org/10.5281/zenodo.7708216
https://doi.org/10.5281/zenodo.7712042
https://doi.org/10.5281/zenodo.11072569
https://github.com/ECASLab/cynq
https://doi.org/10.1137/1.9780898719611
https://epubs.siam.org/doi/pdf/10.1137/1.9780898719611
https://epubs.siam.org/doi/pdf/10.1137/1.9780898719611
https://epubs.siam.org/doi/abs/10.1137/1.9780898719611
https://doi.org/10.1109/MM.2008.57
https://doi.org/10.1109/MM.2008.57


References 111

[20] T. Hoefler, M. Copik, P. Beckman, A. Jones, I. Foster, M. Parashar, D. Reed,

M. Troyer, T. Schulthess, D. Ernst, and J. Dongarra, “ XaaS: Acceleration as

a Service to Enable Productive High-Performance Cloud Computing,” Comput-

ing in Science & Engineering, vol. 26, no. 03, pp. 40–51, Jul. 2024, issn: 1558-

366X. doi: 10.1109/MCSE.2024.3382154. [Online]. Available: https://doi.

ieeecomputersociety.org/10.1109/MCSE.2024.3382154.

[21] H. Kim, G. Ye, N. Wang, A. Yazdanbakhsh, and N. S. Kim, “Exploiting Intel

Advanced Matrix Extensions (AMX) for Large Language Model Inference,” IEEE

Computer Architecture Letters, vol. 23, no. 1, pp. 117–120, 2024. doi: 10.1109/

LCA.2024.3397747.

[22] Meta Platforms, Inc. “Meta’s 2GW data center: How the company plans to grow

AI.” Accessed: 2025-04-28. (2025), [Online]. Available: https://technologymagazine.

com/articles/metas-2gw-data-centre-how-the-company-plans-to-grow-

ai.

[23] N. Koutsoukos. “OpenAI pitches Biden admin on need to build massive AI data

centers.” Accessed: 2025-04-28. (2024), [Online]. Available: https://nypost.com/

2024/09/25/business/openai-pitches-biden-admin-on-need-to-build-

massive-ai-data-centers/.

[24] P. Campbell. “AI supercomputers could soon consume as much power as en-

tire cities.” Accessed: 2025-04-28. (2025), [Online]. Available: https : / / www .

businessinsider.com/ai-supercomputers-power-2030-city-nuclear-2025-

4.

[25] TOP500.org, TOP 500: November 2023, 2023.

[26] J. Li, J. Xu, S. Huang, Y. Chen, W. Li, J. Liu, Y. Lian, J. Pan, L. Ding, H.

Zhou, Y. Wang, and G. Dai, Large Language Model Inference Acceleration: A

Comprehensive Hardware Perspective, 2025. arXiv: 2410.04466 [cs.AR]. [Online].

Available: https://arxiv.org/abs/2410.04466.

[27] C. Zhao, L. Zhao, J. Li, and Z. Xu, DeepGEMM: clean and efficient FP8 GEMM

kernels with fine-grained scaling, https://github.com/deepseek-ai/DeepGEMM,

2025.

[28] International Energy Agency, World Energy Outlook 2022, https://www.iea.

org/countries/italy/energy-mix, (Accessed on 05/04/2024), 2022.

[29] J. Treibig et al., “LIKWID: A lightweight performance-oriented tool suite for x86

multicore environments,” in Proceedings of PSTI2010, San Diego CA, 2010.

[30] AMD, AMD uProf, 2024. [Online]. Available: %7Bhttps://www.amd.com/en/

developer/uprof.html%7D.

[31] NVIDIA, Jetson Modules, 2024. [Online]. Available: https://developer.nvidia.

com/embedded/jetson-modules.

https://doi.org/10.1109/MCSE.2024.3382154
https://doi.ieeecomputersociety.org/10.1109/MCSE.2024.3382154
https://doi.ieeecomputersociety.org/10.1109/MCSE.2024.3382154
https://doi.org/10.1109/LCA.2024.3397747
https://doi.org/10.1109/LCA.2024.3397747
https://technologymagazine.com/articles/metas-2gw-data-centre-how-the-company-plans-to-grow-ai
https://technologymagazine.com/articles/metas-2gw-data-centre-how-the-company-plans-to-grow-ai
https://technologymagazine.com/articles/metas-2gw-data-centre-how-the-company-plans-to-grow-ai
https://nypost.com/2024/09/25/business/openai-pitches-biden-admin-on-need-to-build-massive-ai-data-centers/
https://nypost.com/2024/09/25/business/openai-pitches-biden-admin-on-need-to-build-massive-ai-data-centers/
https://nypost.com/2024/09/25/business/openai-pitches-biden-admin-on-need-to-build-massive-ai-data-centers/
https://www.businessinsider.com/ai-supercomputers-power-2030-city-nuclear-2025-4
https://www.businessinsider.com/ai-supercomputers-power-2030-city-nuclear-2025-4
https://www.businessinsider.com/ai-supercomputers-power-2030-city-nuclear-2025-4
https://arxiv.org/abs/2410.04466
https://arxiv.org/abs/2410.04466
https://github.com/deepseek-ai/DeepGEMM
https://www.iea.org/countries/italy/energy-mix
https://www.iea.org/countries/italy/energy-mix
%7Bhttps://www.amd.com/en/developer/uprof.html%7D
%7Bhttps://www.amd.com/en/developer/uprof.html%7D
https://developer.nvidia.com/embedded/jetson-modules
https://developer.nvidia.com/embedded/jetson-modules


References 112

[32] A. Yoo et al., “SLURM: Simple Linux Utility for Resource Management,” in Job

Scheduling Strategies for Parallel Processing, Berlin, Heidelberg: Springer Berlin

Heidelberg, 2003, pp. 44–60, isbn: 978-3-540-39727-4.

[33] H. Moazamigoodarzi et al., “Modeling temperature distribution and power con-

sumption in IT server enclosures with row-based cooling architectures,” Applied

Energy, vol. 261, p. 114 355, 2020, issn: 0306-2619. doi: https://doi.org/10.

1016/j.apenergy.2019.114355.

[34] A. Lewis, S. Ghosh, and N.-F. Tzeng, “Run-time energy consumption estimation

based on workload in server systems,” in Proceedings of the 2008 Conference on

Power Aware Computing and Systems, San Diego, California: USENIX Associa-

tion, 2008, p. 4.

[35] W. Dargie, “A Stochastic Model for Estimating the Power Consumption of a Pro-

cessor,” IEEE Transactions on Computers, vol. 64, no. 5, pp. 1311–1322, 2015.

doi: 10.1109/TC.2014.2315629.

[36] O. Sarood et al., “Maximizing throughput of overprovisioned hpc data centers

under a strict power budget,” in SC ’14: Proceedings of the International Confer-

ence for High Performance Computing, Networking, Storage and Analysis, 2014,

pp. 807–818. doi: 10.1109/SC.2014.71.

[37] R. Bertran et al., “A Systematic Methodology to Generate Decomposable and

Responsive Power Models for CMPs,” IEEE Transactions on Computers, vol. 62,

no. 7, pp. 1289–1302, 2013. doi: 10.1109/TC.2012.97.

[38] A. Shahid et al., “Energy Predictive Models of Computing: Theory, Practical Impli-

cations and Experimental Analysis on Multicore Processors,” IEEE Access, vol. 9,

pp. 63 149–63 172, 2021. doi: 10.1109/ACCESS.2021.3075139.

[39] L. Bogdanov and G. Zhelezov, “Energy Consumption of Assembly Instructions

in Load-Store Microprocessor Architectures,” in 2021 12th National Conference

with International Participation (ELECTRONICA), 2021, pp. 1–4. doi: 10.1109/

ELECTRONICA52725.2021.9513670.

[40] Y. S. Shao and D. Brooks, “Energy characterization and instruction-level energy

model of Intel’s Xeon Phi processor,” in International Symposium on Low Power

Electronics and Design (ISLPED), 2013, pp. 389–394. doi: 10.1109/ISLPED.

2013.6629328.

[41] L. Zhang, X. Wu, and Y. Zhao, “Instruction-Level Instantaneous Power Modeling

for VLIW Processor,” in 2015 IEEE (UIC-ATC-ScalCom), 2015, pp. 1451–1456.

doi: 10.1109/UIC-ATC-ScalCom-CBDCom-IoP.2015.261.

[42] Y. Wang and N. Ranganathan, “An Instruction-Level Energy Estimation and Op-

timization Methodology for GPU,” in 2011 IEEE 11th International Conference

on Computer and Information Technology, 2011, pp. 621–628. doi: 10.1109/CIT.

2011.69.

https://doi.org/https://doi.org/10.1016/j.apenergy.2019.114355
https://doi.org/https://doi.org/10.1016/j.apenergy.2019.114355
https://doi.org/10.1109/TC.2014.2315629
https://doi.org/10.1109/SC.2014.71
https://doi.org/10.1109/TC.2012.97
https://doi.org/10.1109/ACCESS.2021.3075139
https://doi.org/10.1109/ELECTRONICA52725.2021.9513670
https://doi.org/10.1109/ELECTRONICA52725.2021.9513670
https://doi.org/10.1109/ISLPED.2013.6629328
https://doi.org/10.1109/ISLPED.2013.6629328
https://doi.org/10.1109/UIC-ATC-ScalCom-CBDCom-IoP.2015.261
https://doi.org/10.1109/CIT.2011.69
https://doi.org/10.1109/CIT.2011.69


References 113

[43] M. Krunic et al., “Instructions energy consumption on a heterogeneous multicore

platform,” in Proceedings of the Fifth European Conference on the Engineering of

Computer-Based Systems, ser. ECBS ’17, Larnaca, Cyprus: Association for Com-

puting Machinery, 2017, isbn: 9781450348430. doi: 10.1145/3123779.3123795.

[44] J. Corbalan, L. Alonso, J. Aneas, and L. Brochard, “Energy optimization and

analysis with ear,” in 2020 IEEE International Conference on Cluster Computing

(CLUSTER), 2020, pp. 464–472. doi: 10.1109/CLUSTER49012.2020.00067.

[45] H. Jagode, A. Danalis, G. Congiu, D. Barry, A. Castaldo, and J. Dongarra, “Ad-

vancements of papi for the exascale generation,” The International Journal of High

Performance Computing Applications, vol. 39, no. 2, pp. 251–268, 2025. doi: 10.

1177/10943420241303884. eprint: https://doi.org/10.1177/10943420241303884.

[Online]. Available: https://doi.org/10.1177/10943420241303884.

[46] T. Allen and R. Ge, “Characterizing power and performance of gpu memory ac-

cess,” in 2016 4th International Workshop on Energy Efficient Supercomputing

(E2SC), 2016, pp. 46–53. doi: 10.1109/E2SC.2016.012.

[47] Y. Wang and H. Kim, “Work-in-progress: Understanding the effect of kernel schedul-

ing on gpu energy consumption,” in 2019 IEEE Real-Time Systems Symposium

(RTSS), 2019, pp. 584–587. doi: 10.1109/RTSS46320.2019.00070.

[48] J. Coplin and M. Burtscher, “Energy, Power, and Performance Characterization

of GPGPU Benchmark Programs,” in 2016 IEEE International Parallel and Dis-

tributed Processing Symposium Workshops (IPDPSW), 2016, pp. 1190–1199. doi:

10.1109/IPDPSW.2016.164.

[49] G. Alavani et al., “GPPT: A Power Prediction Tool for CUDA Applications,” in

2021 36th IEEE/ACM International Conference on Automated Software Engineer-

ing Workshops, 2021. doi: 10.1109/ASEW52652.2021.00054.

[50] G. Alavani et al., “Program Analysis and Machine Learning–based Approach to

Predict Power Consumption of CUDA Kernel,” ACM Trans. Model. Perform. Eval.

Comput. Syst., vol. 8, no. 4, Jul. 2023, issn: 2376-3639. doi: 10.1145/3603533.

[51] M. Dayarathna, Y. Wen, and R. Fan, “Data Center Energy Consumption Modeling:

A Survey,” IEEE Communications Surveys & Tutorials, vol. 18, no. 1, pp. 732–

794, 2016. doi: 10.1109/COMST.2015.2481183.

[52] C. Jin et al., “A review of power consumption models of servers in data centers,”

Applied Energy, vol. 265, p. 114 806, 2020, issn: 0306-2619. doi: 10.1016/j.

apenergy.2020.114806.

[53] T. L. Vasques, P. Moura, and A. de Almeida, “A review on energy efficiency and

demand response with focus on small and medium data centers,” Energy Efficiency,

vol. 12, no. 5, pp. 1399–1428, Jun. 2019, issn: 1570-6478. doi: 10.1007/s12053-

018-9753-2.

https://doi.org/10.1145/3123779.3123795
https://doi.org/10.1109/CLUSTER49012.2020.00067
https://doi.org/10.1177/10943420241303884
https://doi.org/10.1177/10943420241303884
https://doi.org/10.1177/10943420241303884
https://doi.org/10.1177/10943420241303884
https://doi.org/10.1109/E2SC.2016.012
https://doi.org/10.1109/RTSS46320.2019.00070
https://doi.org/10.1109/IPDPSW.2016.164
https://doi.org/10.1109/ASEW52652.2021.00054
https://doi.org/10.1145/3603533
https://doi.org/10.1109/COMST.2015.2481183
https://doi.org/10.1016/j.apenergy.2020.114806
https://doi.org/10.1016/j.apenergy.2020.114806
https://doi.org/10.1007/s12053-018-9753-2
https://doi.org/10.1007/s12053-018-9753-2


References 114

[54] I. Alan, E. Arslan, and T. Kosar, “Energy-Aware Data Transfer Tuning,” in 2014

14th IEEE/ACM International Symposium on Cluster, Cloud and Grid Comput-

ing, 2014, pp. 626–634. doi: 10.1109/CCGrid.2014.117.

[55] F. Chen et al., “Experimental analysis of task-based energy consumption in cloud

computing systems,” in Proceedings of the 4th ACM/SPEC International Confer-

ence on Performance Engineering, ser. ICPE ’13, Prague, Czech Republic: Asso-

ciation for Computing Machinery, 2013, pp. 295–306, isbn: 9781450316361. doi:

10.1145/2479871.2479911.

[56] X. Qi and D. Zhu, “Power Management for Real-Time Embedded Systems on

Block-Partitioned Multicore Platforms,” in 2008 International Conference on Em-

bedded Software and Systems, 2008, pp. 110–117. doi: 10.1109/ICESS.2008.43.

[57] NVIDIA, CUDA C++ Programming Guide, May 2024. [Online]. Available: %7Bhttps:

//docs.nvidia.com/cuda/cuda-c-programming-guide/#%7D.

[58] NVIDIA, NVML API Reference, Mar. 2024. [Online]. Available: %7Bhttps://

docs.nvidia.com/deploy/nvml-api/nvml-api-reference.html%7D.

[59] Q. Wang et al., “AUGEM: Automatically generate high performance Dense Linear

Algebra kernels on x86 CPUs,” in SC ’13: Proceedings of the International Con-

ference on High Performance Computing, Networking, Storage and Analysis, 2013,

pp. 1–12. doi: 10.1145/2503210.2503219.

[60] NVIDIA, NVIDIA TESLA V100 GPU ARCHITECTURE, Aug. 2027. [Online].

Available: %7Bhttps://images.nvidia.com/content/volta-architecture/

pdf/volta-architecture-whitepaper.pdf%7D.

[61] D. Mahajan et al., “TABLA: A Unified Template-based Framework for Acceler-

ating Statistical Machine Learning,” in 2016 IEEE International Symposium on

High Performance Computer Architecture (HPCA), 2016, pp. 14–26. doi: 10 .

1109/HPCA.2016.7446050.

[62] G. K. Thiruvathukal, Y.-H. Lu, J. Kim, Y. Chen, and B. Chen, Low-power com-

puter vision: Improve the efficiency of artificial intelligence. CRC Press, 2022,

p. 36. doi: 10.1201/9781003162810. [Online]. Available: https://doi.org/10.

1201/9781003162810.

[63] Xilinx, Zynq-7000 SoC, u.d. [Online]. Available: https://www.xilinx.com/

products/silicon-devices/soc/zynq-7000.html.

[64] Xilinx, Kria K26 SOM: The Ideal Platform for Vision AI at the Edge, 2021. [On-

line]. Available: https://www.xilinx.com/content/dam/xilinx/support/

documentation/white_papers/wp529-som-benchmarks.pdf.

https://doi.org/10.1109/CCGrid.2014.117
https://doi.org/10.1145/2479871.2479911
https://doi.org/10.1109/ICESS.2008.43
%7Bhttps://docs.nvidia.com/cuda/cuda-c-programming-guide/#%7D
%7Bhttps://docs.nvidia.com/cuda/cuda-c-programming-guide/#%7D
%7Bhttps://docs.nvidia.com/deploy/nvml-api/nvml-api-reference.html%7D
%7Bhttps://docs.nvidia.com/deploy/nvml-api/nvml-api-reference.html%7D
https://doi.org/10.1145/2503210.2503219
%7Bhttps://images.nvidia.com/content/volta-architecture/pdf/volta-architecture-whitepaper.pdf%7D
%7Bhttps://images.nvidia.com/content/volta-architecture/pdf/volta-architecture-whitepaper.pdf%7D
https://doi.org/10.1109/HPCA.2016.7446050
https://doi.org/10.1109/HPCA.2016.7446050
https://doi.org/10.1201/9781003162810
https://doi.org/10.1201/9781003162810
https://doi.org/10.1201/9781003162810
https://www.xilinx.com/products/silicon-devices/soc/zynq-7000.html
https://www.xilinx.com/products/silicon-devices/soc/zynq-7000.html
https://www.xilinx.com/content/dam/xilinx/support/documentation/white_papers/wp529-som-benchmarks.pdf
https://www.xilinx.com/content/dam/xilinx/support/documentation/white_papers/wp529-som-benchmarks.pdf


References 115

[65] S. Zeng, J. Liu, G. Dai, X. Yang, T. Fu, H. Wang, W. Ma, H. Sun, S. Li, Z. Huang,

Y. Dai, J. Li, Z. Wang, R. Zhang, K. Wen, X. Ning, and Y. Wang, “FlightLLM:

Efficient Large Language Model Inference with a Complete Mapping Flow on

FPGAs,” in Proceedings of the 2024 ACM/SIGDA International Symposium on

Field Programmable Gate Arrays, ser. FPGA ’24, Monterey, CA, USA: Associ-

ation for Computing Machinery, 2024, pp. 223–234, isbn: 9798400704185. doi:

10.1145/3626202.3637562. [Online]. Available: https://doi.org/10.1145/

3626202.3637562.

[66] E. Mohsen, “Performance and Bandwidth in a Cost-Optimized,” vol. 423, pp. 1–

14, 2018.

[67] T. Liang, J. Glossner, L. Wang, S. Shi, and X. Zhang, Pruning and Quantization for

Deep Neural Network Acceleration: A Survey, 2021. arXiv: 2101.09671 [cs.CV].

[68] Xilinx Inc., DPUCAHX8L for Convolutional Neural Networks, 2021.

[69] D. Rongshi and T. Yongming, “Accelerator Implementation of Lenet-5 Convolution

Neural Network Based on FPGA with HLS,” 2019 3rd International Conference

on Circuits, System and Simulation, ICCSS 2019, pp. 64–67, 2019. doi: 10.1109/

CIRSYSSIM.2019.8935599.

[70] M. A. Arshad, S. Shahriar, and A. Sagahyroon, “On the Use of FPGAs to Im-

plement CNNs: A Brief Review,” Proceedings - 2020 International Conference on

Computing, Electronics and Communications Engineering, iCCECE 2020, pp. 230–

236, 2020. doi: 10.1109/iCCECE49321.2020.9231243.

[71] Y. Chen, J. He, X. Zhang, C. Hao, and D. Chen, “Cloud-DNN: An Open Frame-

work for Mapping DNN Models to Cloud FPGAs,” in Proceedings of the 2019

ACM/SIGDA International Symposium on Field-Programmable Gate Arrays, ser. FPGA

’19, Seaside, CA, USA: Association for Computing Machinery, 2019, pp. 73–82,

isbn: 9781450361378. doi: 10.1145/3289602.3293915. [Online]. Available: https:

//doi.org/10.1145/3289602.3293915.

[72] C. Zhang, G. Sun, Z. Fang, P. Zhou, P. Pan, and J. Cong, “Caffeine: Toward

uniformed representation and acceleration for deep convolutional neural networks,”

IEEE Transactions on Computer-Aided Design of Integrated Circuits and Systems,

vol. 38, no. 11, pp. 2072–2085, 2019. doi: 10.1109/TCAD.2017.2785257.

[73] G. Zervakis, H. Saadat, H. Mrouch, A. Gerstlauer, S. Parameswaran, and J. Henkel,

“Approximate Computing for ML: State-of-the-art, Challenges and Visions,” Pro-

ceedings of the Asia and South Pacific Design Automation Conference, ASP-DAC,

pp. 189–196, 2021. doi: 10.1145/3394885.3431632.

[74] A. Lavin and S. Gray, Fast algorithms for convolutional neural networks, 2015.

arXiv: 1509.09308 [cs.NE].

[75] D. Miyashita, E. H. Lee, and B. Murmann, “Convolutional Neural Networks using

Logarithmic Data Representation,” 2016. arXiv: 1603.01025. [Online]. Available:

http://arxiv.org/abs/1603.01025.

https://doi.org/10.1145/3626202.3637562
https://doi.org/10.1145/3626202.3637562
https://doi.org/10.1145/3626202.3637562
https://arxiv.org/abs/2101.09671
https://doi.org/10.1109/CIRSYSSIM.2019.8935599
https://doi.org/10.1109/CIRSYSSIM.2019.8935599
https://doi.org/10.1109/iCCECE49321.2020.9231243
https://doi.org/10.1145/3289602.3293915
https://doi.org/10.1145/3289602.3293915
https://doi.org/10.1145/3289602.3293915
https://doi.org/10.1109/TCAD.2017.2785257
https://doi.org/10.1145/3394885.3431632
https://arxiv.org/abs/1509.09308
https://arxiv.org/abs/1603.01025
http://arxiv.org/abs/1603.01025


References 116

[76] J. Li and A. Louri, “AdaPrune : An Accelerator-aware Pruning Technique for

Sustainable CNN Accelerators,” vol. XX, no. XX, 2021. doi: 10.1109/TSUSC.

2021.3060690.

[77] X. Chang, H. Pan, W. Lin, and H. Gao, “A Mixed-Pruning Based Framework

for Embedded Convolutional Neural Network Acceleration,” IEEE Transactions

on Circuits and Systems I: Regular Papers, pp. 1–10, 2021, issn: 15580806. doi:

10.1109/TCSI.2020.3048260.

[78] K. Bhardwaj, N. Suda, and R. Marculescu, “EdgeAI: A Vision for Deep Learning

in IoT Era,” IEEE Design and Test, vol. 2356, no. c, pp. 1–6, 2019, issn: 21682364.

doi: 10.1109/MDAT.2019.2952350.

[79] X. Zhang, H. Ye, J. Wang, Y. Lin, J. Xiong, W.-M. Hwu, and D. Chen, “Dnnex-

plorer: A framework for modeling and exploring a novel paradigm of fpga-based dnn

accelerator,” in 2020 IEEE/ACM International Conference On Computer Aided

Design (ICCAD), 2020, pp. 1–9.

[80] F. Fahim, B. Hawks, C. Herwig, J. Hirschauer, S. Jindariani, N. Tran, L. P. Carloni,

G. D. Guglielmo, P. Harris, J. Krupa, D. Rankin, M. Blanco, V. J. Hester, Y. Luo,

J. Mamish, S. Orgrenci-Memik, T. Aarestaad, H. Javed, V. Loncar, M. Pierini,

A. A. Pol, S. Summers, J. Duarte, S. Hauck, S.-C. Hsu, J. Ngadiuba, M. Liu, D.

Hoang, E. Kreinar, H. Herndon, Z. Wu, M. Blanco Valentin, and J. Hester, “hls4ml:

An Open-Source Codesign Workflow to Empower Scientific Low-Power Machine

Learning Devices,” in TinyML Research Symposium, 2021. arXiv: 2103.05579v1.

[81] S. Williams, A. Waterman, and D. Patterson, “Roofline: An insightful visual perfor-

mance model for multicore architectures,” Commun. ACM, vol. 52, no. 4, pp. 65–

76, Apr. 2009, issn: 0001-0782. doi: 10.1145/1498765.1498785.

[82] M. Blott, T. B. Preußer, N. J. Fraser, G. Gambardella, K. O’brien, Y. Umuroglu,

M. Leeser, and K. Vissers, “FINN-R: An end-to-end deep-learning framework for

fast exploration of quantized neural networks,” ACM Transactions on Reconfig-

urable Technology and Systems (TRETS), vol. 11, no. 3, pp. 1–23, 2018.
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