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Abstract

Modern multi-core architectures and accelerators have become the cornerstone for
accelerating many workloads in scientific computing and engineering. Many efforts
have been made to accelerate HPC applications on modern hardware architectures such
as CPUs and GPUs, as well as FPGAs and custom accelerators (ASICs) for specific
workloads. Hence, HPC platforms are increasingly sought after to handle large-scale
workloads that exploit different levels of parallelism available in the accelerators.

However, there is an emergent class of workloads that cannot fully exploit the mas-
sively parallel capabilities of mainstream accelerators. Many HPC applications are often
bottlenecked by the execution of sequential workflows composed of rather small compute-
intensive kernels that implement complex dependency patterns. This is particularly
noticeable in life science and healthcare applications, which implement long workflows
of data-processing kernels. Often based on stencil and dynamic programming compu-
tations, these dependency-bound kernels tend to be moderate in size and implement
complex data-dependency patterns that ultimately restrict parallelism exploitation.

Precision medicine aims to improve healthcare by exploiting genomic information.
In recent years, the sharp reduction in genome sequencing costs has driven a dramatic
increase in the amount of data generated for processing, which has posed a significant
computational and storage challenge. Sequence alignment, one of the most demanding
computational problems addressed in sequencing studies, has numerous applications,
including read mapping. The goal of read mapping is to align the reads extracted from
the sequencing systems against a reference genome. A dynamic programming scheme is
used to assign an alignment score for each of the candidates, which leads to poor data
parallelization due to its dependency-bound patterns.

The main objective of this work is to improve the performance of genomic workloads
through software and hardware acceleration. We present four contributions to the field.
The first three are software enhancements, including an algorithm proposal, software
optimizations, and kernel porting to the ARM architecture. In the last one, we expand
our field of study and propose a new hardware accelerator for dependency-bound kernels,
which targets dynamic programming algorithms used in genomic pipelines.





Resumen

Las arquitecturas multinúcleo y los aceleradores modernos se han convertido en la piedra
angular para acelerar muchas cargas de trabajo en aplicaciones científicas y de ingeniería.
Se han realizado muchos esfuerzos para acelerar aplicaciones HPC en arquitecturas
hardware modernas como las CPUs y las GPUs, así como las FPGAs y los aceleradores a
medida (ASICs) para cargas de trabajo específicas. De ahí que cada vez se busquen más
plataformas HPC para manejar cargas de trabajo a gran escala que exploten los distintos
niveles de paralelismo disponibles en los aceleradores.

Sin embargo, hay una clase emergente de cargas de trabajo que no pueden explotar
plenamente las capacidades de paralelismo masivo de los aceleradores convencionales.
Muchas aplicaciones HPC se ven a menudo limitadas por ejecuciones secuenciales
compuestas de pequeñas secciones de cálculo intensivo que incluyen patrones complejos
de dependencias. Esto es especialmente notable en las aplicaciones de ciencias de la
vida y de la salud, que implementan largos flujos de trabajo de procesamiento de datos.
A menudo basados en cálculos stencil y de programación dinámica, estos algoritmos
dependency-bound tienden a ser de tamañomoderado e implementan patrones complejos
de dependencias de datos que, en última instancia, restringen el aprovechamiento del
paralelismo.

La medicina de precisión pretende mejorar la asistencia sanitaria utilizando datos
genómicos. En los últimos años, la fuerte reducción de los costes de la secuenciación
genómica ha impulsado un aumento espectacular de la cantidad de datos generados
para su procesamiento, lo que ha planteado un importante reto computacional y de
almacenamiento. La alineación de secuencias, uno de los problemas computacionales
más exigentes abordados en los estudios de secuenciación, tiene numerosas aplicaciones,
entre ellas el mapeo de reads. El objetivo del mapeo de reads es alinear las lecturas
extraídas de los sistemas de secuenciación contra un genoma de referencia. Se utiliza
un esquema de programación dinámica para asignar una puntuación de alineamiento a
cada uno de los candidatos, lo que conduce a una paralelización sub-optima de los datos
debido a los patrones dependency-bound.
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El objetivo principal de este trabajo es mejorar el rendimiento de las aplicaciones
genómicas mediante la aceleración software y hardware. Presentamos cuatro contribu-
ciones a este campo. Las tres primeras son mejoras software, incluida la propuesta de un
algoritmo, optimizaciones software y la adaptación de varios algoritmos a la arquitec-
tura ARM. En la última, ampliamos nuestro campo de estudio y proponemos un nuevo
acelerador hardware para algoritmos dependency-bound, el cual aborda algoritmos de
programación dinámica utilizados en pipelines genómicos.



Resum

Les arquitectures multinucli i els acceleradors moderns s’han convertit en la pedra angu-
lar per a accelerar moltes càrregues de treball en aplicacions científiques i d’enginyeria.
S’han fet molts esforços per a accelerar aplicacions HPC en arquitectures hardware mod-
ernes com les CPUs i les GPUs, així com les FPGAs i acceleradors a mida (ASICs) per a
càrregues de treball específiques. D’aquí ve que cada vegada es busquin més plataformes
HPC per a manejar càrregues de treball a gran escala que explotin els diferents nivells de
paral·lelisme disponibles als acceleradors.

No obstant això, hi ha una classe emergent de càrregues de treball que no poden
explotar plenament les capacitats de paral·lelismemassiu dels acceleradors convencionals.
Moltes aplicacions HPC es veuen sovint limitades per execucions seqüencials compostes
de petites seccions de càlcul intensiu que inclouen patrons complexos de dependències.
Això és especialment notable en les aplicacions de ciències de la vida i de la salut, que
implementen llargs fluxos de treball de processament de dades. Sovint basats en càlculs
stencil i de programació dinàmica, aquests algorismes dependency-bound tendeixen a ser
d’una mida moderada i implementen patrons complexos de dependències de dades que,
en última instància, restringeixen l’aprofitament del paral·lelisme.

La medicina de precisió pretén millorar l’assistència sanitària utilitzant dades
genòmiques. En els últims anys, la forta reducció dels costos de la seqüenciació
genòmica ha impulsat un augment espectacular de la quantitat de dades generades
per al seu processament, la qual cosa ha plantejat un important repte computacional i
d’emmagatzematge. L’alineació de seqüències, un dels problemes computacionals més
exigents abordats en els estudis de seqüenciació, té nombroses aplicacions, entre elles
el mapatge de reads. L’objectiu del mapatge de reads és alinear les lectures extretes
dels sistemes de seqüenciació contra un genoma de referència. S’utilitza un esquema
de programació dinàmica per a assignar una puntuació d’alineament a cadascun dels
candidats, la qual cosa condueix a una paral·lelització sub-optima de les dades a causa
dels patrons dependency-bound.

L’objectiu principal d’aquest treball és millorar el rendiment de les aplicacions
genòmiques mitjançant l’acceleració software i hardware. Presentem quatre contribu-



xii

cions a aquest camp. Les tres primeres són millores software, inclosa la proposta d’un
algorisme, optimitzacions software i l’adaptació de diversos algorismes a l’arquitectura
ARM. En l’última, ampliem el nostre camp d’estudi i proposem un nou accelerador
hardware per a algorismes dependency-bound, el qual aborda algorismes de programació
dinàmica utilitzats en pipelines genòmics.
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Chapter 1

Introduction

Modern multi-core architectures and accelerators have become the cornerstone for
accelerating many workloads in scientific computing and engineering [3]. Many efforts
have been made to accelerate HPC applications on modern hardware architectures such
as CPUs and GPUs, as well as FPGAs and custom accelerators (ASICs) for specific
workloads [4]. Hence, HPC platforms are increasingly sought after to handle large-scale
workloads that exploit different levels of parallelism available in the accelerators.

However, there is an emergent class of workloads that cannot fully exploit the mas-
sively parallel capabilities of mainstream accelerators. Many HPC applications are often
bottlenecked by the execution of sequential workflows composed of rather small compute-
intensive kernels that implement complex dependency patterns (dependency-bound).
This is particularly noticeable in life science and healthcare applications, which imple-
ment long workflows of data-processing kernels [5]. Often based on stencil and Dynamic
Programming (DP) computations, dependency-bound kernels tend to be moderate in size
and implement complex data-dependency patterns that ultimately restrict parallelism
exploitation.

Precisionmedicine aims to improve healthcare by exploiting genomic information [6].
In recent years, the sharp reduction in genome sequencing costs has driven a dramatic
increase in the amount of data generated for processing, which has posed significant com-
putational and storage challenges [7]. Sequence alignment, one of the most demanding
computational problems addressed in sequencing studies, has numerous applications,
including read mapping. The goal of read mapping is to align the reads extracted from
the sequencing systems against a reference genome, i.e., for each read the objective is to
find the best matching locations when compared to a reference genome [8].

The time required for DNA sequencing and data processing remains a critical factor
in both research and clinical applications. Depending on the technology, sequencing
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can take from several hours to multiple days [9, 10]. These delays can hinder timely
diagnosis, slow research progress, and limit the responsiveness of forensic or epidemio-
logical investigations. Therefore, optimizing sequencing workflows is essential to reduce
processing times without compromising data quality.

In order to restrict the search space, a common strategy is to use a seed-and-extend
approach [11]. Reads are partitioned into small pieces that are searched using exact
matching in order to find seeds in the reference genome. Then, a dynamic programming
scheme, typically based on the Smith-Waterman algorithm, is used to assign an alignment
score for each of the candidates [12, 13].

1.1 Objectives and Contributions
The main goal of this work is to improve the performance of genomic workloads through
software and hardware acceleration. We present four contributions to the field. The
first three are software enhancements, including an algorithm proposal, software opti-
mizations, and kernel porting to the ARM architecture. In the last one, we expand our
field of study and propose a new hardware accelerator for dependency-bound kernels,
including the dynamic programming algorithms used in genomic pipelines. Each of the
four proposals is explained in more detail below.

1.1.1 COFI
COFI is a COmpressed FM-Index for large k-steps. K-steps define how many symbols
(base pairs in genomics) can be searched in a single iteration [14]. COFI enables a 15-step
FM-index requiring less than 16 GB for a human genome reference of 3 giga base pairs.
An algorithm based on this new layout is evaluated on both a Knights Landing (KNL)
and a Skylake-based system (SKX). We achieve average speedups of 1.46× and 1.39×,
respectively, with respect to a state-of-the-art FM-index implementation that is already
well optimized. COFI is available at https://gitlab.bsc.es/rlangari/cofi.

1.1.2 Porting and Optimizing BWA-MEM2
We port BWA-MEM2 [15] to the ARM architecture using the ARMv8-A specification, and
we compare the resulting version with an Intel Skylake system in terms of both perfor-
mance and energy-to-solution. The porting effort entails numerous code modifications,
since BWA-MEM2 implements certain kernels using x86_64 specific intrinsics, e.g., AVX-

https://gitlab.bsc.es/rlangari/cofi
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512. To adapt this code, we use the recently introduced ARM Scalable Vector Extensions
(SVE). More specifically, we use Fujitsu’s A64FX processor, the first to implement SVE.
The A64FX powers the Fugaku Supercomputer, which led the Top500 ranking from June
2020 to November 2021. After porting BWA-MEM2 we define and implement several
optimizations to improve performance in the A64FX target architecture. We show that
while the A64FX performance is lower than that of the Skylake system, A64FX delivers
11.6% better energy-to-solution on average. All the code used in this contribution is
available at https://gitlab.bsc.es/rlangari/bwa-a64fx.

1.1.3 GenArchBench
GenArchBench is a benchmark suite that consists of 13 computationally-demanding CPU
kernels from themost widely-used genomic tools. This work introduces code adaptations
and optimizations for the genomic kernels targeting ARM HPC CPUs. Notably, we have
optimized some kernels by utilizing the latest ARM Scalable Vector Extensions (SVE) to
leverage the potential of the latest ARM HPC processors. In addition to the benchmark
suite porting and optimization, this work presents a performance characterization of
GenArchBench on four HPC machines (two ARM-based and two x86-based nodes).
Ultimately, we evaluate the performance impact of these optimizations by integrating
two of the accelerated kernels in a production-ready tool used in a myriad of genome
analysis pipelines.

This work has been performed in collaboration with a research team coordinated by
Lorién López-Villellas. I have contributed to this work by porting and optimizing three
kernels. GenArchBench is available at https://github.com/LorienLV/genarchbench/
releases/tag/1.0.0.

1.1.4 Squire
Squire is a general-purpose accelerator designed to effectively exploit fine-grain paral-
lelism on dependency-bound kernels. Our proposal incorporates one Squire per core
in a typical multi-core system, connecting it to the memory hierarchy to directly access
the virtual memory space. Each core controls one Squire, rapidly offloading workloads
when necessary. We evaluate Squire on a simulated multicore SoC, obtaining speedups
of up to 7.64× in dynamic programming kernels, and an acceleration for an end-to-end
application of 3.66×. We also evaluate resource usage, showing that Squire reduces
energy consumption by up to 56% with an area overhead of 10.5% per core.

https://gitlab.bsc.es/rlangari/bwa-a64fx
https://github.com/LorienLV/genarchbench/releases/tag/1.0.0
https://github.com/LorienLV/genarchbench/releases/tag/1.0.0
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1.2 Thesis Structure
The contents of this thesis are organized as follows:

• Chapter 2 presents the background and state-of-the-art in genomics, such as se-
quencing systems, algorithms, and hardware.

• Chapter 3 presents the experimental methodology used within the four contribu-
tions of this thesis. It includes applications, hardware platforms, and inputs.

• Chapter 4 presents COFI, the first contribution of the thesis. COFI is a new data
layout and an alternative algorithm for the FM-Index structure used in exact
matching algorithms.

• Chapter 5 presents the second contribution of the thesis, which consists of several
software optimizations and the porting of the read mapping application BWA-
MEM2.

• Chapter 6 presents the third contribution of the thesis. This work is a project that
comprises the porting and the evaluation of several kernels to the ARMarchitecture.
Among all the kernels, I contributed to the porting of three of them.

• Chapter 7 presents Squire, the last contribution of the thesis. Squire is a
general-purpose accelerator designed to effectively exploit fine-grain parallelism
on dependency-bound kernels.

• Chapter 8 concludes by summarizing the contributions of this thesis, listing the
publications resulting from it and considering what future potential research direc-
tions it suggests.

1.3 Key Results
In this thesis, we focus on the acceleration of genomic workloads. We did this in a
progressive manner. First, we propose a new algorithm (COFI); then, we perform system-
level optimizations (BWA-MEM2 on ARM) and benchmarking (GenArchBench); and
finally, incorporating all the lessons learned, we design a novel hardware architecture to
address the bottlenecks of the genomic tools.

Along this journey, we found that genomic kernels have several distinctive character-
istics. First, the large amount of data requires systems with enough memory to process
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this data. The human genome consists of 3 Gbase-pairs which translates into an ASCII
file of 3 GB and other auxiliary structures that can occupy up to 50 GB. In addition to this,
the dependency-bound algorithms and the random access patterns make the traditional
parallel strategies, such as GPUs and SIMD, inefficient in terms of energy and resource
utilization.

We conclude the thesis by proposing Squire, a hardware accelerator that exploits
everything learned from the other three contributions. Moreover, we expand the scope
of Squire to target other dependency-bound kernels, such as algorithms used in signal
processing and sorting.





Chapter 2

Background

This chapter presents the state of the art in the field of genomics. First, sequencing
systems are outlined. Then, the execution environment for genomic applications is
described, and themain tools are listed, pointing out their main strengths and limitations.
Finally, the execution phases of read mapping pipelines are detailed. As we progressed
in our research, we found it interesting to expand the use cases beyond genomics. We
introduce two additional use cases in our last contribution: data sorting and signal
processing. Finally, proposals for hardware acceleration for genomics are presented.

2.1 Sequencing Systems
The first step to obtain theDNAof an individual is to introduce a sample into a sequencing
system (Figure 2.1-1). Three generations of sequencing systems are usually distinguished.
The first generation uses the Sanger sequencing method, which was used to sequence
the first human genome in 2003. These systems are being replaced by the second, third,
and fourth generations.

The second generation is able to read fixed length sequences, usually around 100 base-
pairs (bps), with a high throughput. The third and fourth generations read variable length
sequences, usually with a size in the order of kilobase-pairs or megabase-pairs, however,
their throughput is much lower. The quality of the third generation read sequences
was extremely low some years ago [16], which has been mitigated by reading the same
chunk multiple times, and then going through a consensus process, leading to final read
sequences that have higher quality. This technology was named High Fidelity (HiFi).
Nowadays, Oxford Nanopore and PacBio have improved their process achieving an
accuracy above 99%. Table 2.1 shows the attributes for each sequencer system generation.
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Figure 2.1: Workflow diagram of common genome analysis pipelines. Going from (1) sequencing,
through (2) basecalling, to (3.a) genome resequencing, (3.b) genome assembly, or (3.c) metage-
nomics. The figure shows the different computational kernels used within each stage or tool.
This thesis focuses on the tools and algorithms of the read mapping process (3.a.1).

2.2 Genome Data Analysis Pipelines and Tools
Before any processing can be performed, the sequencing systems’ raw signals must be
transformed into sequences of nucleotides (A, C, G, T). This process is called basecalling
(Figure 2.1-2). Typically, a specialized basecalling tool is used to perform this process
tailored to each sequencing technology.

For Illumina sequencing, each DNA fragment is replicated 1000 times. Then, two
nucleotides are labeled with the same fluorescent dye and added to the fragment. This
process is done twice, with green and red fluorescent dyes. For each dye, a photo is taken,
and depending on whether light is emitted, the system can interpret which base is being
read: adenine, cytosine, guanine, or thymine [17].

For Oxford Nanopore Technologies, each DNA fragment passes through a nanoscale
protein pore (nanopore) that has an electrical current passing through it. The machine
measures changes in the electrical current. Then, neural network models are used to
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Table 2.1: Sequencing systems generations.

Generation Systemmanufacturers Read lengths Read accuracy Throughput
First Applied Biosystems 400-900 bps 99.7% 20 bps/sec

Second Illumina 100-400 bps 99.9% 40 Mbps/sec
Third Oxford Nanopore 20 kbps - 2 Mbps 98% 1 Mbps/sec

Third/Fourth PacBio 1-25 kbps 99.9% 1 Mbps/sec

convert these signals into bases. Bonito [18] and Guppy [19] are two of the most widely
used tools for basecalling Oxford Nanopore’s raw-signal output.

For PacBio sequencing, a movie with fluorescent light pulses is recorded. The PacBio
basecalling workflow is called circular consensus sequencing (CCS)[20], which includes
KSW2 [21] and Edlib [22] among other steps.

Once the sequences of nucleotides have been decoded, sequenced reads must be
processed and analyzed to derive meaningful biological insights. Although many differ-
ent genome analyses can be performed using sequenced data, most analyses begin with
either genome resequencing (Figure 2.1-3.a) or genome assembly (Figure 2.1-3.b). Both
analyses seek to reconstruct the sample’s genome by putting together all the sequenced
reads.

2.2.1 Genome resequencing
Themost common approach to reconstruct a sample’s genome is resequencing (Figure 2.1-
3.a), which involves reconstructing the sample’s genome using a previously known
reference genome. To do this, each sequenced read is located and matched to the most
likely originating position in the reference genome, allowing small differences such as
mismatches, insertions, and deletions (Figure 2.1-3.a.1). Then, a post-processing step
determines the variants and mutations between the donor’s genome and the reference
genome (Figure 2.1-3.a.2).

The process of locating the reads on a reference is called read mapping (Figure 2.1-
3.a.1), and it is implemented bymany tools, such as: BWA-MEM2 [15, 23], Minimap2 [24],
Bowtie2 [25, 26], and GEM [27]. Read mapping is one of the most computationally
expensive steps in all genome sequencing pipelines. Consequently, read mapping has
been extensively studied and optimized.

Most read mappers are based on the seed-chain-extend technique (Figure 2.1-3.a.1).
This technique implements three algorithmic steps to swiftly locate and align a sequence
with a reference genome. During the first step, known as seeding (Figure 2.1-3.a.1.1), the
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mapper searches small subsequences of the reads (seeds) on the reference, leveraging an
index structure. The most commonly used indexes for seeding are FM-Index [28] and
hash tables [11, 29]. Seeding reduces the potential number of locations in the reference
where a sequence can match, decreasing the amount of work performed in subsequent
steps. Subsequently, a chaining step (Figure 2.1-3.a.1.2) is performed to further reduce
the list of possible matching locations in the reference. During the chaining step, all
mapped seeds are processed to find a colinear chain of seeds that can potentially match
the input sequence. Finally, during the extension or alignment step (Figure 2.1-3.a.1.3),
the input sequence is aligned against the candidate location in the reference genome,
identifying the differences between the donor’s sequence and the reference genome.
Usually, a dynamic programming-based algorithm, such as Needleman-Wunsch [30] or
Smith-Waterman-Gotoh [31, 32], is used to compute the alignment.

After sequencemapping, once the reads are located in the reference genome, a variant
calling algorithm (Figure 2.1-3.a.2) determines the variants and mutations between the
donor’s genome and the reference genome. These variations provide crucial insights
into the genetic makeup of the sequenced individual, potentially revealing genetic varia-
tions that may be associated with diseases and health conditions. Notable examples of
widely used variant callers are GATK Haplotype-Caller [33], Platypus [34], Clair [35, 36],
DeepVariant [37] and Medaka [38].

2.2.2 Genome assembly
Despite the simplicity and effectiveness of genome resequencing, there is still a lack of
high-quality reference genomes for many species. In those situations, de novo genome
assembly (Figure 2.1-3.b) is used to reconstruct the donor’s genome from scratch by
jigsawing the sequenced reads together.

The most popular de novo assembly methods rely on de Bruijn graphs. For a given
set of sequences, its corresponding de Bruijn graph contains a node for each sequence’s
k-mer (i.e., a substring of length 𝑘 nucleotides) and an edge that connects adjacent and
overlapping k-mers. Before constructing the de Bruijn graph of a set of input sequences,
the number of unique k-mers in the reads is counted (Figure 2.1-3.b.1) to prune the least
frequent ones (likely artefacts of the sequencing process). Afterwards, the de Bruijn
graph is constructed (Figure 2.1-3.b.2). The consensus sequence is then derived using
multiple sequence alignment (MSA) algorithms (Figure 2.1-3.b.3) and the constructed
de Bruijn graph. Notable examples of de Bruijn graph based assemblers are Flye [39],
Canu [40], and Racon [41].
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Figure 2.2: Genomic pipeline with the throughput of each phase. Image source: [1].

2.2.3 Metagenomics
Beyond genome resequencing, variant calling, and de-novo assembly, many previously
described analysis steps and tools can be found in other genome analysis pipelines. This
is the case for many metagenomic analysis pipelines (Figure 2.1-3.c). Metagenomic
pipelines seek to analyze genomic information from mixed microbial communities,
providing insights into the diversity, interactions, and functions of microorganisms
present in an environmental sample. Metagenomic analysis is performed using tools such
as Centrifuge [42], RawMap [43], UNCALLED [44], ReadFish [45], Kraken2 [46] and
Clark [47]. These tools employ k-mer counting (Figure 2.1-3.c.1) and seeding techniques
(Figure 2.1-3.c.2) for their analyses. Moreover, variant callers like GATK Haplotype
Caller [33] and Platypus [34] are used to construct de Bruijn graphs (Figure 2.1-3.c.3) and
correct artifacts produced during the mapping process (Figure 2.1-3.a.1). Furthermore,
the chaining process (Figure 2.1-3.c.4) is also utilized for genome assembly when using
alternative approaches based on de Bruijn graphs [48].

2.3 Read Mapping Pipelines
In this thesis, we focus on read mapping, as it is one of the most demanding phases in
genomic pipelines. Figure 2.2 shows the throughput of each phase in genomic pipelines.
We can observe that read mapping is the main bottleneck in Illumina systems, and the
third and second bottlenecks in ONT and PacBio systems, respectively.

Read mapping is highlighted by a dashed line and a red background in Figure 2.1.
Figure 2.3 provides a zoomed-in view of the read mapping region. Read mapping tools
employ sequence alignment algorithms to find the place in the reference (e.g., the human
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Figure 2.3: Read-mapping pipeline. This figure is a zoomed-in view of the region highlighted by
a dashed line in Figure 2.1.

genome) where a sequence fits better. Read mapping has several applications. Among
them are finding mutations in a sequenced animal, differences among species, or finding
human cancer cells.

Since alignment algorithms are computationally expensive, read mappers usually
follow a seed-and-extend approach. During the seeding stage, the tool searches for partial
matches between the sequence and the reference. These partial matches are hints (seeds)
for the next stages, where dynamic programming algorithms are used to find the best
location for each sequence.

2.3.1 Seeding stage
In order to find seeds,mostmappers are based on one of these two algorithmic approaches:
FM-Index or hash tables (Figure 2.3.1). The FM-Index can search for a variable-sized
chunk and is typically employed if input read sequences are short, as search time is
proportional to the input read length. In contrast, hash tables define a fixed size to be
searched for and are often employed for long reads, as it yields better results [24]. Both
algorithms are memory bound due to their irregular memory access patterns and require
a large amount of memory capacity to store the data structures.

There are multiple approaches that are used to improve the performance of the
seeding stage. A common approach is to perform multiple seed searches in parallel
for different input reads, as these are independent. Due to the irregular access pattern
nature of these algorithms, some approaches co-locate data within the same cache line
in order to have better locality [49], while other approaches redefine the data structure to
compress its memory footprint and enable more aggressive multi-base search steps [50].
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Hash tables

Tofind seeds, one option is to build a hash table that contains the positions in the reference
for combinations of 𝑘 base pairs (k-mer). When the application indexes the hash table
with a k-mer, the hash table returns a list of positions in the reference. Typically, the
sequences are split in k-mers following a given algorithm.

The first implementation of a hash table can be found in BLAST [11, 29] tool. It
establishes a k-mer size of 11 base-pairs by default. The basic BLAST algorithm has been
improved since its creation.

Minimap2 [24] implements a sliding window that scrolls along the sequence and
extracts the lowest k-mer in each window. It starts by establishing a window of w base-
pairs. Then, it extracts the k-mer with the smallest hash value. It shifts the window one
position to the right and repeats the process. The hash table is formed by the k-mers as
the keys and the positions as the values.

Ma et al. [51] show that k-mers with non-consecutive matches improve sensitivity.
Instead of searching for 10 consecutive matches, it is more efficient to search for 10
matches with gaps between them.

These hash tables are considerably large. To cut off the number of entries, k-mers that
appear more than a given threshold are removed from the hash table since a repetitive
k-mer does not give useful information. To use the hash table, Minimap2 applies the
same process to the sequences.

In the case of Minimap2, it establishes the window and extracts the k-mers in the
same way as for the reference genome. Minimap2 searches the k-mers in the hash table
and creates a set of anchors. An anchor is a tuple of position in the sequence and position
in the reference genome. After obtaining all the anchors, a lot of them are part of the
same alignment. In order to gather anchors from the same alignment, Minimap2 utilizes
the chain algorithm, which is described in Section 2.3.2.

FM-Index

The FM-index is a data structure that allows fast string searches over large texts [28]. It
is widely used in multiple genomic pipelines to find exact matches of DNA sequences on
a reference genome [52, 53]. In particular, in genome sequence alignment where query
sequences typically have a few hundred bases and references can range from a subset
of chromosomes to entire genomes. As an indication, the human genome is around 3
gigabase pairs (Gbp). Given a fixed alphabet, the complexity of a sequential search is
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Figure 2.4: Procedure to build the FM-index. (a) Step 1: cyclic rotations to generate matrix𝑀. (b)
Steps 2 and 3: sort𝑀 alphabetically and extract the last column (𝐵𝑊𝑇) and the suffix array (SA).
(c) Step 4: build 𝐶 and 𝑂𝑐𝑐 structures.

𝑂(𝑛), where 𝑛 is the length of the reference, while a query based on the FM-index has
complexity 𝑂(𝑚), where𝑚 is the length of the sequence to be searched.

To construct the FM-index of a reference string, its Burrows-Wheeler Transform
(BWT) has to be computed [54]. This is achieved by appending a special symbol $, which
is lexicographically smaller than all other symbols, and by performing all the circular
shifts as shown in Figure 2.4a for the string "AGATGCCAGGCCAT". Then, all the rows
of the resulting matrix𝑀 are sorted lexicographically, as shown in Figure 2.4b. The last
column of𝑀 is the BWT of the reference string. For each row of𝑀, its starting position in
the original reference is stored in a structure called suffix array (SA) [55], see Figure 2.4b.
When a query finishes, the suffix array is looked up to locate the matching positions in
the original reference.

The two structures that constitute the FM-index, C and Occ, can be generated from
the BWT (see Figure 2.4c). C is an array of size 𝜎+1, where 𝜎 is the number of symbols
in the alphabet. Since DNA has 4 symbols (bases) {𝐴,𝐶,𝐺,𝑇}, the size of 𝐶 is 5. 𝐶[𝑠]
contains the number of bases alphabetically smaller than 𝑠 in BWT. 𝑂𝑐𝑐 has a column
for each base, and a row for each BWT symbol. Each row corresponds to a BWT position
and contains the number of bases of each type in the BWT up to (but not including) that
position. Hence, 𝑂𝑐𝑐[𝑝,𝑠] contains the number of occurrences of the base 𝑠 in the BWT
range [0,𝑝). For example, in Figure 2.4c, the 𝑂𝑐𝑐[6,3] cell indicates the number of 𝑇s
until the 6th position of the BWT, that is, in the range [0-5).
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Figure 2.5: Backward search example. (a) sp and ep initialization. (b) LF operation for sp and ep.
(c) Final state of the query.

The backward search (BS) is an algorithm based on the FM-index that performs exact
matching of a query 𝑄[1..𝑛]. BS defines two pointers (start and end, sp and ep) that
indicate the range where are all the possible candidates of the current search appear in
the matrix𝑀. Note that𝑀 is not a necessary data structure, we show its instantiation for
clarity. BS starts processing the last base in 𝑄, i.e., 𝑠 = 𝑄[𝑛−1]), by initializing the sp and
ep pointers with 𝐶[𝑠] and 𝐶[𝑠+1], respectively (see Equations 2.1 and 2.2). Figure 2.5a
shows an example of this stage for the sequence GCC. For each of the remaining bases in
the query string, two Last-to-First Mapping operations (LF) are performed, one for each
pointer (sp and ep). LF is defined in Equation 2.3 for a pointer 𝑝 and a base 𝑠 [28].
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Figure 2.6: Chain algorithm dependencies. To calculate the score of anchor 4 (𝑓(4)), we add all
the previous scores to row 4 and perform a maximum. In the next iteration, 𝑓(4) will be added to
row 5.

𝑠𝑝 = 𝐶[𝑠] (2.1)

𝑒𝑝 = 𝐶[𝑠+1] (2.2)

𝑝 = 𝐿𝐹(𝑝,𝑠) = 𝐶[𝑠]+𝑂𝑐𝑐[𝑝,𝑠] (2.3)

Following the example, Figure 2.5b shows the effect of the LFs corresponding to the
second base 𝑄[𝑛−2] = 𝐶. The updated pointers indicate the range of rows in𝑀 that
would contain the partial query we have searched so far. Finally, Figure 2.5c shows the
final position of the pointers after performing all the LF operations. The range [𝑠𝑝,𝑒𝑝)
indicates the first and last rows of𝑀 prefixed by the query 𝑄[1..𝑛].

Each row of𝑀 corresponds to one rotation of the original reference. With the SA, we
can obtain the starting positions in the original reference of the matches found between
sp and ep.

2.3.2 Filtering: Chain
The seeding stage returns a set of seeds to start the alignment stage. However, this set
can be pruned even further with other algorithms. In the case of the Minimap2 tool [24],
the seeding stage returns anchors. An anchor is a tuple of position in the reference and
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Figure 2.7: Graphical representation of the anchors generated by an execution. Each point
represents an anchor, i.e., a match of 𝑘 base pairs (15 in this example) between the sequence and
the reference. All the anchors form a chain.

position in the query, which indicates an exact match of k base pairs (15 by default)
between the reference and the query.

Chain is a dynamic programming algorithm that combines several anchors to create a
more extensivematching region, thus creating a chain (Figure 2.3.2). The chain algorithm
receives a set of sorted anchors and scores each pair of anchors. The match-up score of
the anchor 𝑖 is calculated with the following formula:

𝑓(𝑖) = max
(𝑖−𝑇)≤𝑗<𝑖

{𝑓(𝑗)+𝛼(𝑖,𝑗)−𝛽(𝑖, 𝑗)} (2.4)

Where 𝑓(𝑖) is the score of the anchor 𝑖, 𝛼(𝑖,𝑗) is the bonus score between anchors 𝑖
and 𝑗, 𝛽 is the penalization score between the anchors 𝑖 and 𝑗, and 𝑇 is the chain iteration
threshold. Notice that the 𝑓(𝑖) calculation depends on 𝑓(𝑖 −1). On the other hand, the
calculation of 𝛼 and 𝛽 can be entirely computed in parallel for all 𝑖 and 𝑗 values.

Figure 2.6 represents the dependencies inside the chain kernel. The score array (𝑓
in Equation 2.4) is added to the match-up scores (𝛼 and 𝛽 in Equation 2.4). Then, a
maximum of the row is calculated, and the score of anchor 4 is obtained. Notice that
𝑓(4) will be added to subsequent rows, thus creating a dependency in the outer loop.

In addition to the score array, we compute a predecessor array, where we store the
index of the best match-up for each anchor. With both arrays computed, we perform
the backtrack. For the best score in the score array, we pick its predecessor recursively.
The list of predecessors forms a chain. Figure 2.7 shows a graphical representation of an
output generated by the chain stage where each point represents an anchor.
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Figure 2.8: Cell computation dependencies in Smith–Waterman algorithm. Image source: [2].

2.3.3 Extend Stage: Align Algorithms
For the extend part, the most popular algorithm is Smith-Waterman [31, 32] and variants
that improve its performance based on observations [12, 13, 56] (Figure 2.3.3). The
algorithm builds a matrix to score inexact matches of the reference and the input read.
To compute the (i,j) cell of the matrix, it needs the (i-1,j), (i,j-1) and (i-1,j-1) cells, which
causes a heavily-constrained computation due to these dependencies (see Figure 2.8).

The seed-and-extend strategy allows limiting the search space of the Smith-Waterman
algorithm by only populating the matrix around the seeds. Moreover, most seeds end up
with a low score in the extend process, which adds significant compute overhead that is
later discarded. For this reason, some approaches identify and discard low quality seeds,
e.g., FastHASH [57], GateKeeper [58], and Shouji [59].

As in the seeding step, alignments for different seeds are independent and can be
efficiently distributed across different threads. In addition, since this is a compute bound
algorithm over a matrix, there has been a significant effort to vectorize it. We can differ-
entiate two ways of vectorization: intertask and intratask. Intertask vectorization places
a different alignment on each element of the vector. However, this leads to imbalance
due to the variable size of the matrices the algorithm needs to compute, and quickly
becomes inefficient. In contrast, intratask vectorization tries to apply vectorization to a
single alignment. However, this again proves difficult due to the constraints imposed by
the algorithm in terms of dependencies. The straightforward implementation vectorizes
the antidiagonal [60], but it delivers limited performance as the access pattern is strided.
Some approaches vectorize the columns, ignoring certain constraints [61, 62], or rebuild-
ing vertical constraints in a second run [63]. Finally, as proposed by Rognes [64], each
lane of the vector could be used for one different sequence. This proposal is the most
used in read mapping tools [15, 24], however, it entails problems derived from the load
unbalance among the sequences.
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Since vectorizing this algorithm is not straightforward, all implementations resort
to hand-written ISA-dependent intrinsics, as the compiler is not able to auto-vectorize
it. As a result, most aligners only have these vectorized versions for what has been the
dominant ISA in the last decades, i.e., x86-64. Therefore, the optimized versions of
the aligners only work out-of-the-box on x86-64 machines, and the Smith-Waterman
algorithm needs to be ported in order to make it run with other ISAs.

The extend stage takes each one of the produced seeds as input and aligns them
with the reference to obtain an alignment score. The gap-affine model is used to score
an alignment. This model scores matches and mismatches with a given value and the
gaps with a linear function, where there is a fixed penalty when the gap starts and an
increment for each base pair. The scores are configurable, so biologists can change them
to model mutations and events in the genome.

Smith-Waterman (SW) [31, 65] is the algorithm selected by most tools to implement
the gap-affinemodel. It calculates a dynamic programmingmatrixwith a cost of𝑂(𝑛×𝑚),
where 𝑛 and 𝑚 are the lengths of the sequences to align. Since this is an expensive
computation, most tools implement heuristics to reduce execution time. However, this
leads to suboptimal alignments and could harm the result.

Recently, the Wavefront Alignment algorithm (WFA) has been proposed [56]. WFA
computes the alignment between two sequences with cost 𝑂(𝑛 × 𝑠), where 𝑛 is the
sequence length, and 𝑠 is the alignment error. Hence, if two strings are identical, WFA
only computes the main diagonal. It supports the gap-affine scoring scheme, and the
result is identical to SW. In addition, WFA also allows optimizations and heuristics.

Other scoring schemes are available in the literature, like the edit distance model, a
subset of the gap-affine model, where each error (insert, deletion, or mismatch) has the
same penalization. They are not used in modern tools since they are not configurable by
biologists. Two examples of algorithms implementing edit distance are Bitap [66, 67]
and Bit-Parallel Myers [68].

Edit distance has been chosen for some hardware accelerators. GenASM [69] is a
software-hardware co-design based on the Bitap algorithm. However, GenASM does not
provide the optimal score (and hence, neither the alignment) since it is an edit distance
algorithm.

2.4 Dependency-Bound Use Cases
This thesis focuses mainly on genomics. Among other algorithms, we study and optimize
Smith-Waterman and Chain, two dependency-bound kernels. As we progressed in our
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research, we found it interesting to expand our set of dependency-bound kernels with
more use cases. In this section, we discuss two additional use cases utilized in our last
contribution: data sorting, and signal processing.

2.4.1 Data Sorting
Sorting [70] is a widely studied problem in computer science, fundamental to various
applications such as search engines, data mining, databases, and numerical methods.
The importance of sorting spans from energy-efficient devices [71, 72] to GPGPUs and
data centers [73–75].

Radix sort [70] is an efficient sorting algorithm with a time complexity of 𝑂(𝑛𝑘),
where 𝑛 is the number of elements in the array and 𝑘 is the length of the key. This makes
it particularly effective to sort arrays of 32-bit or 64-bit integers. In the first iteration, the
algorithm uses the eight most significant bits to divide the array into 28 buckets. This
process is repeated recursively for subsequent bits until all bits are processed.

2.4.2 Signal Processing
Signal processing focuses on analyzing various types of signals, including sound, images,
potential fields, seismic data, altimetry, and scientific measurements. A signal represents
a flow of information originating from a source and can take many forms, such as
mechanical, optical, magnetic, electrical, or acoustic. Signals can be digital, characterized
by discrete values, such as semaphores, Morse code, or the contents of computer memory.
Conversely, signals can also be analog, encompassing continuous values like pressure,
temperature, or velocity.

Dynamic TimeWarping (DTW) is a 2D dynamic programming algorithm designed
to align two signals to measure their similarity. It is widely used in applications such
as speech recognition, speaker recognition, and music recognition. DTW constructs a
dynamic programming matrix with a computational complexity of 𝑂(𝑛𝑚), where 𝑛 and
𝑚 represent the lengths of the signals being aligned.

Figure 2.9 provides an example of a DTWmatrix. Each cell in the matrix is computed
using the following equation:

𝑀[𝑖,𝑗] = 𝑎𝑏𝑠(𝑆[𝑖]−𝑅[𝑗])+𝑚𝑖𝑛{𝑀[𝑖 −1,𝑗 −1],𝑀[𝑖 −1,𝑗],𝑀[𝑖,𝑗 −1]} (2.5)

Where𝑀[𝑖,𝑗] is the cell in row 𝑖 and column 𝑗, while 𝑆 and 𝑅 are the aligned signals.
The equation calculates the value of the cell [𝑖, 𝑗] as theminimumvalue of the neighboring
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Figure 2.9: DTWmatrix representation. The samples from signal 1 are set at the top of the matrix,
while samples from signal 2 are set at the left. For each cell DTW computes Equation 2.5. Arrows
indicate the minimum value from Equation 2.5.

left, top, and top-left cells plus the absolute difference between 𝑆[𝑖] and 𝑅[𝑗]. This
dependency on the left, top, and top-left cells complicates parallelization.

2.5 Genomic Hardware Accelerators
GPGPUs have been widely used for parallel applications. In the field of sequence align-
ment, CUDASW++ [76] is a CUDA library for Smith-Waterman. Also, the DPX extension
for dynamic-programming kernels has recently been released [77, 78]. In the field of
seeding algorithms, Guo et al. provide a detailed analysis of the GPU limitations when
accelerating the chain kernel [79]. When programming the GPU version, 16.3% of the
instructions in the kernel are control instructions for synchronizing warps. They use an
NVIDIA Tesla P100 [80] for the evaluation. The P100 GPU achieves a 3.17× speedup
with respect to a 14-core CPU while consuming 300 W and occupying 610 mm2.

Some seed filters in hardware have been proposed as an intermediate stage between
the seeding and alignment phases. The objective is to reduce the computation during
the align stage by filtering out the least promising seeds. In this regard, we can highlight
Shouji [59], Gatekeeper [58], and FastHASH [57].

Other proposals, like GenASM [69], accelerate the alignment process. The authors
of GenASM propose a new hardware-friendly algorithm for edit distance alignments.
GMX [81] has been recently proposed as an ISA extension for dynamic programming
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kernels. And,more generally, GenDP [82] has been proposed as a framework for dynamic-
programming algorithms.

There are several proposals for accelerating read mapping pipelines, like GenAx [83],
Darwin [84], Olson et. al. [85], and FHAST [86]. It is also worthmentioning SeGraM [87],
the first hardware accelerator for sequence-to-graph alignments. Other proposals use
in-cache or in-memory operations, like GenCache [88], PARC [89], and GenPIP [90].
We should also mention AIM [91], a PIM framework for sequence alignment that uses
UPMEM [92] for the evaluation.

We identify some general-purpose hardware accelerators that inspire this thesis. For
example, Meet the Walkers [93], a programmable hardware accelerator for traversing
hash tables in a database. UPMEM [94] is the first publicly available general-purpose
programmable PIM system. Versa [95], a multiprocessor system whose memories can be
reconfigured as a cache, a scratchpad, or to mimic a systolic array.



Chapter 3

Methodology

This chapter describes the methodology used to evaluate the proposals of this thesis.
First, the read mapping tools are presented. Then, the characteristics of the systems used
for the experimentation are detailed. Next, the simulation environment is presented.
Finally, the executed workloads are described.

3.1 Read mapping tools
Here, we present the two readmapping tools we have used in the thesis: BWA-MEM2 [15]
and Minimap2 [24].

3.1.1 BWA-MEM2
BWA-MEM2 [15] follows a seed-and-extend approach. To profile the application, we
define three regions of interest:

• Super Maximal Exact Matches (SMEM): uses an FM-Index structure to find
seeds based on exact matching.

• Suffix Array Lookup (SAL): translates FM-Index positions of the seeds to their
locations in the reference genome using a suffix array.

• Banded Smith-Waterman (BSW): extends the seeds and scores the alignments.

These three regions account for between 76% and 86% of the total user execution time
of BWA-MEM2. The remaining time accounts for thread synchronization, rearranging
data between phases (converting structure of arrays to arrays of structures, and vice
versa) and allocating data structures.
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Figure 3.1: SMEM process scheme.

To obtain the seeds, BWA-MEM2 queries an FM-Index structure to perform exact
search on portions of the input reads and the reference genome. This structure occupies
nearly 10 GB for the human genome. This process tries to find Super Maximal Exact
Matches (SMEM). AMEM is a fragment of the read input that matches with the reference
and it cannot be further extended. A SMEM is a MEM that is not contained in any other
MEM.

Figure 3.1 shows the process of getting the SMEMs. First, we fix a point in the
read input sequence to start from, the leftmost blue base in the figure. By querying the
FM-Index, we keep expanding the seed (forward extension) until we have no hits in
the reference, the red base at the end of the forward extension. During this forward
extension, we store the positions where the number of hits changes. These points are
called left extension points (LEP). In Figure 3.1, there are three LEPs, when going from
four hits to three hits (LEP1), going from three hits to one hit (LEP2) and going from one
hit to no hits (LEP3). Then, the algorithm expands backwards the LEPs until there are
no hits in the reference genome. Finally, to obtain the SMEMs, we discard the MEMs
that overlap with other MEMs. In our example, the MEM produced by LEP2 is discarded
since it overlaps with the MEM produced by LEP3. Therefore, two SMEMs are found,
those originating from LEP1 and LEP3. These two seeds will later be extended during
the extend phase implemented in the BSW region.

For each base-pair, the application performs a random access to the FM-Index struc-
ture. The value read determines the row of the next access, which produces a chain of
dependent random accesses. Since the size of the FM-Index structure is usually pro-
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hibitive, BWA-MEM2 trades computation for memory storage, like many other proposals.
This is achieved by only storing one out of every 64 entries of the FM-Index. The missing
values are restored using an auxiliary data structure (BWT) that is encoded using two
bits for each base-pair and additional computation. The closest counter for the required
FM-Index row is read, and then with the help of the BWT, it counts the base-pairs needed
to reach the final row. This process is in the critical path between two dependent random
accesses; therefore, performing this additional computation quickly is essential to the
overall performance. In BWA-MEM2 this computation consists of a vector comparison
and a population count instruction to count the occurrences of a base-pair in the BWT.

The use of the FM-Index produces a memory bound execution, since one iteration
depends on the previous one, and each iteration requires a long latency random access
to the structure. In this case, the limitation is not memory bandwidth but its latency.
To mitigate the effects of this latency, BWA-MEM2 implements software prefetching
in order to load the data in advance, thus reducing the time that the CPU pipeline
is blocked. Software prefetching is implemented both for the forward and backward
extensions. In the case of the backward extension, the code is written in such a way
that the different LEPs are independent and can be interleaved. Since the LEPs can be
computed independently, the backward extension memory accesses do not block the
CPU pipeline.

The SMEM region finds the seeds based on exact matching that will be later extended
using BSW. However, the position in the FM-Index found in the SMEM phase has to
be translated to obtain the position of the seed in the reference. This is done through
the Suffix Array (SA). For the human genome, an uncompressed SA requires 48 GB,
a considerable size that will not fit in certain systems. For this reason the SA is also
compressed. BWA-MEM2 offers a configurable compression factor 𝑥, that samples the
SA by 2𝑥. This means that the SA will store one out of 2𝑥 entries, potentially performing
2𝑥 operations to recover the original value. We choose a compression factor of 3, i.e., our
SA occupies 6 GB (48∕23) of memory.

Finally, for the extend part, BWA-MEM2 uses the Banded Smith-Waterman (BSW)
algorithm and the affine-gap penalty model [32]. The alignment is done by populating
a matrix with as many columns/rows as the input read. Instead of computing all cells
in the matrix, BSW only computes the cells around the main diagonal, i.e., a band [96].
The width of this band depends on the score of the previous rows. If the score of one row
drops drastically, the width of the band is reduced or even the algorithm can stop. The
affine-gap penalty model adds a penalty for opening a gap. This means that two separate
gaps produce a worse score than two consecutive gaps.
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Figure 3.2: The 3-stage Minimap2 pipeline. For each stage, the most time-consuming kernel is
indicated.

3.1.2 Minimap2
Minimap2 [24] is a widely used state-of-the-art mapper for long sequences. Figure 3.2
shows how Minimap2 splits work into coarse-grain tasks, where each thread operates
on a different sequence and performs a 3-stage pipeline:

• Seeding: uses a hash table to find seeds. The bottleneck in this stage is a sorting
algorithm to order the seeds.

• Chain: combines seeds to create the largest possible matching region. The main
kernel comprises a 1D dynamic programming algorithm.

• Align: extends the seeds and scores the alignments. The alignment algorithm is a
2D dynamic programming algorithm.

Tofind seeds,Minimap2 builds a hash table that contains the positions in the reference
genome for combinations of 𝑘 base pairs (k-mers). To split the reference genome into k-
mers, Minimap2 establishes a sliding window that moves along the reference. Inside this
window, Minimap2 selects the k-mer with the smallest hash value in each window. Then,
it shifts the window by one position and repeats the process until the entire reference is
processed. Each one of these k-mers is called a minimizer. When Minimap2 indexes the
hash table with a k-mer, the hash table returns a list of positions in the reference.

When Minimap2 is processing a sequence, it splits the sequence in k-mers in the
same way as in the reference with the sliding window. Then, it indexes the hash table
with all the minimizers and extracts a list of tuples, called anchors, which consist of
the position in the sequence and the position in the reference. Finally, the anchors are
sorted by their position in the reference so following stages can easily traverse the list.
For this purpose, Minimap2 uses a sorting algorithm, which depends on the input: heap
merge for short reads and radix sort for long reads. This sorting process is the most
time-consuming step of the entire seeding stage.
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Table 3.1: Target hardware platform specifications.

SKX KNL A64FX Graviton3 Rome
Processor 2 × Intel Xeon Platinum 8160 Intel Xeon Phi 7230 Fujitsu A64FX AWS Graviton 3 AMD EPYC 7742
Architecture x86 x86 ARM ARM x86
Cores[×Threads] 24×2 64×4 48 64 64
Base frequency 2.1 GHz 1.3 GHz 2.2 GHz 2.6 GHz 2.25 GHz
Vector Extension AVX-512 AVX-512 SVE 512 SVE 256 AVX2
L1 instr. and data 32 KB (8-way) 32 KB (8-way) 64 KB (4-way) 64 KB 32 KB (8-way)
L2 1 MB (16-way) - - 1 MB 512 KB (8-way)
LLC 2×33 MB (11-way) 32 MB 4×8 MB (16-way) 32 MB 16×16 MB (16-way)
Mem. technology DDR4 2667 MHz DDR4 2400 MHz | MCDRAM HBM2 DDR5 4800 MHz DDR4 3200 MHz
Mem. capacity 2×48 GB 192 GB | 16GB 4×8 GB 8×16 GB 16×64 GB
Mem. bandwidth 2×120 GB/s 90 GB/s | 480 GB/s 4×256 GB/s 300 GB/s 204.8 GB/s

To filter out the repeated seeds, Minimap2 uses the chain algorithm. Chain joins
partial exact matches between the sequence and the reference (anchors) to obtain a
larger matching region. To chain two anchors, Minimap2 uses Equation 2.4 described
in Section 2.3.2. A 1D dynamic programming array is used to obtain the optimal chain
of anchors. The resulting chain leaves unaligned gaps between the chained seeds. The
alignment algorithm is in charge of aligning these gaps.

As the aligning algorithm, Minimap2 uses KSW2 [21, 24, 97], a modified SW with
heuristics to reduce the computation time. That is, KSW2 only computes a certain
number of diagonals around the main diagonal, also known as banded SW [96]. In
addition, it uses a z-drop heuristic, i.e., it stops computing if the score drops below a
given threshold.

3.2 Target Hardware Platforms
Wehave evaluated our proposals in several systems, twoARMand three x86HPC systems:
a compute node featuring an ARM-A64FX processor (A64FX) [98–100], a c7g.16xlarge
Amazon-EC2 instance (Graviton3) [101, 102], a node with two x86-64 Intel Xeon Skylake
Platinum 8160 (SKX) [103, 104], a compute node with one x86-64 AMD EPYC 7742
Rome processor (Rome) [105–107], and a compute node with an x86-64 Intel Xeon Phi
7230 (KNL) [108]. Table 3.1 presents an overview of the main characteristics of the five
systems.

All the evaluated systems are CPU-based platforms. This choice is motivated by
two main reasons. Firstly, the majority of algorithms and tools used in genomics are
developed for CPUs, such as BWA-MEM2 [15] and Minimap2 [24]. Secondly, GPU
implementations of these algorithms are generally inefficient, as GPUs are not well-
suited to the dependency-bound computation patterns typical of dynamic programming
kernels [79, 109–112]. Moreover, a significant part of the work presented in this thesis
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focuses on porting existing tools to the ARM architecture, which is rapidly emerging
in HPC and server environments. The previously mentioned A64FX and Graviton3
processors have only recently been released, and they already appear in the Top500
ranking [113] and in Amazon Web Services (AWS) instances. Finally, the systems were
selected based on two criteria: (i) they represent state-of-the-art HPC platforms available
at the time of each publication, and (ii) they provide sufficient memory capacity to handle
genomic workloads.

In terms of computing cores, the A64FX is based on four Non-Uniform Memory
Access (NUMA) domains within the chip, also referred to as core memory groups (CMG).
Each NUMA domain has 12 cores, plus one assistance core not used for general comput-
ing (running daemons, I/O, asynchronous MPI, etc.). In total, the A64FX implements 48
computing cores. Graviton3 implements 64 cores in a single NUMA domain. The AMD
Rome CPU comprises eight core chiplets, known as core cache dies (CCD), and a central
I/O die that controls all the I/O and memory functions of the chip. A CCD has two
core complex (CCX) clusters, each with four cores. Any pair of CCDs can communicate
through the I/O die. SKX contains two NUMA chips, each with 24 physical cores. Each
core supports two-way SMT, totaling 96 virtual cores. KNL is composed of 64 physical
cores disposed in a mesh with the possibility of activating four-way SMT per core.

Graviton3 presents the highest frequency among the systems with 2.6 GHz. A64FX,
Rome, and SKX systems’ frequencies are very similar, ranging between 2.1 and 2.25 GHz.
While KNL has a frequency of 1.3 GHz.

Concerning main memory, each A64FX’s NUMA domain has its own local on-chip
8 GB HBM2 main memory and can access the other three NUMA domains’ local memo-
ries via a ring bus. Graviton3 is connected to 8×16 GB DDR5 channels, for a total of 128
GB of memory. Each chip of the SKX is connected to 6×8 GB DDR4 local channels and
can access the other chip’s local memory. The Rome CPU is connected to 16×64 GB
DDR4 channels, totalling 1 TB of memory. KNL has a MCDRAM of 16 GB, which can be
used as main memory or as a cache, with an extension of 196 GB of DDR4 memory.

The cache hierarchy organization of the processors is relatively different. Both ARM
machines have two 64 KB private L1 caches per core (instructions and data), while the
x86 CPUs feature two 32 KB private L1s per core. Graviton3 and SKX include one private
1 MB L2 cache per core, and Rome has one 512 KB private L2 per core. The A64FX has
one 8 MB last-level cache (LLC) per NUMA domain, Graviton3 and KNL include one
32 MB LLC, SKX has two 33 MB LLCs (one per NUMA domain), and Rome includes
one 16 MB LLC per each 4-core CCX.
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Table 3.2: Simulated architectural parameters.

Cores 8 Neoverse-N1-like ARMv8 out-of-order cores 2.4 GHz
Structure entries ROB: 224 | LD/ST queues: 96/96 | Inst. queue: 120

OoO Private L1 I&D 64 KB, 4-way, 1 cycle data access, 32 MSHRs
Private L2 512 KB, 8-way, 4 cycle data access, 64 MSHRs
Shared L3 Mostly exclusive, 8 slices of 1 MB, 16-way,

10 cycles data access, 128 MSHRs

Coherence protocol MOESI-like AMBA 5 CHI specification
Network topology 4×4 2D mesh, 1 cycle routers, 1 cycle links (Figure 7.2a)

Memory 1 HBM2 stack, 300 GB/s

Concerning memory bandwidth, the A64FX is designed to achieve good performance
executing high memory bandwidth-demanding applications, with a peak bandwidth of
4×256 GB/s. The KNL MCDRAM is the second fastest memory with 480 GB/s, while
its DDR4 has 90 GB/s. Graviton3, with 300 GB/s, is the third system among the studied
in terms of memory throughput. It is followed by SKX, reaching up to 120 GB/s per
chip (240 GB/s in total), and Rome holds the last position with a peak bandwidth of
204.8 GB/s.

3.3 Simulation Platform: Gem5
Gem5 [114, 115] is an open source full-system simulator released in 2011. It has the
support of big companies, such as Arm, AMD, and Google. With Gem5, we can configure
and simulate a full-system SoC. We can tune up the parameters of the CPU, such as the
size of the hardware structures or the frequency of the chip. We can combine different
caches andmemory systems, changing the parameters like the capacity or the technology.
Also, we can create new modules and attach them to the system.

For the experiments, we simulate a multicore system consisting of 8 Neoverse-N1-like
out-of-order cores, three levels of cache, 4 HBM2e memory channels, and a mesh-based
network-on-chip modeling the AMBA 5 CHI protocol, as shown in Figure 7.2a. The
modeled system seeks to match the state-of-the-art HPC ARM systems at publication
time: the Neoverse-N1 core is present in Graviton3 systems. The simulated system
runs Ubuntu 22.04 with Linux kernel 5.4.65. Table 3.2 summarizes the architectural
parameters.
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Table 3.3: Details for the reference genomes.

Download link Accession number Length Used in sections
GRCh37 [52] [116] GCA_000001405.14 2.86 Gbp 4 and 5
GRCh38 [53] [117] GCA_000001405.15 3.05 Gbp 5 and 6

T2T [118] [119] GCA_009914755.4 3.16 Gbp 7

3.4 Inputs: Genomes and Sequences
We differentiate two kinds of inputs when dealing with read-mapping tools: a reference
genome used to guide the read-mapping process (see Section 2.3) and the sequences to
be aligned by the tool.

We perform experiments using three human reference genomes: GRCh37 [52],
GRCh38 [53], and the human genome T2T [118]. Table 3.3 shows more details about
these genomes. Note that the T2T genome is the first human genome completed with no
missing parts.

We use the state-of-the-art genome at the time of publication of each article. The first
contribution (Section 4) uses GRCh37 and GRCh38 genomes. The second contribution
(Section 5) uses the GRCh38 genome. The third contribution (Section 6) use the GRCh38
genome for the evaluation of the end-to-end application. The micro-benchmarks are
evaluated using intermediate results extracted from read-mapping tools. The fourth
contribution (Section 7) uses the T2T genome.

The input sequences are described individually for each contribution in their corre-
spondent chapters. We observe two types of sequences read: real reads and simulated
reads. Real reads come from sequencer systems such as the ones described in Table 2.1.
On the other hand, simulated reads are generated with a software such as Mason [120]
or PBSIM [121].
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Large K-steps
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COFI is a new data layout and algorithm for FM-Index used in the seed stage

The FM-Index is a data structure used in genomics for exact search of input sequences
over large reference genomes. It is widely used by short read aligners such as BWA-
MEM2 [15], Bowtie2 [26], and HISAT2 [122]. The FM-Index is more suitable for short
reads since it can adjust freely the size of the seed, unlike a hash table, enabling more
sensitivity. As we see in Figure 5.8, BWA-MEM2 spends around 60% on the SMEM stage,
that utilizes the FM-Index structure. Therefore, optimizing the FM-Index is key for an
efficient alignment process.

Algorithms based on the FM-Index show an irregular memory access pattern, result-
ing in a memory bound problem. We analyze a recent implementation of the FM-Index
and highlight existing throughput-memory trade-offs, showing that memory require-
ments limit implementation of large k-steps. We show that while a linear improvement in
computational throughput can be achieved by increasing the number of bases searched
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per step (k), the memory requirements quickly become prohibitive as they increase expo-
nentially. We propose COFI, a COmpressed FM-Index for large K-steps. COFI enables a
15-step FM-Index using less than 16 GB for a human genome reference of 3 giga base
pairs. We evaluate COFI on both a Knights Landing (KNL) and a Skylake-based system
(SKX). We achieve average speedups of 1.46× and 1.39×, respectively, with respect to a
state-of-the-art FM-Index implementation that is already well optimized.

COFI is available at https://gitlab.bsc.es/rlangari/cofi.

4.1 State-of-the-Art FM-Index implementations
As we show in Section 2.3.1, FM-Index is a data structure that allows exact searching
over a large genome with a computational complexity of 𝑂(𝑚), where𝑚 is the length of
the sequence to be searched. FM-Index is comprised of the matrix Occ and the table C,
which have been created using the BWT of the reference genome (see Figure 2.4). The
algorithm to search a sequence using the index is shown in Figure 2.5 and Equation 2.3.

In this section, we show the state-of-the-art technics used to improve FM-Index based
searches, these are sampling and k-steps. Then, we show bvSFM, an FM-Index version
that combines these techniques and performs a data structure transformation to speed
up the reconstruction of the sampled entries. Finally, we perform a memory footprint
analysis to find out opportunities of improvement.

4.1.1 Sampled FM-Index
The 𝑂𝑐𝑐 structure requires as many rows as the length of the reference (Figure 4.1a),
leading to a large memory footprint. As an example, for the human genome, the 𝑂𝑐𝑐
structure would occupy around 48 GB. To reduce this footprint, a sampling technique
that stores one row out of every 𝑑 rows of 𝑂𝑐𝑐 can be applied [50]. The reduced structure,
called 𝑟𝑂𝑐𝑐 (see Figure 4.1b), can be defined by the following expression: 𝑟𝑂𝑐𝑐[𝑝,𝑠] =
𝑂𝑐𝑐[𝑝 ×𝑑,𝑠]. This reduction in memory footprint comes at a computational cost. In
order to reconstruct the discarded entries, both the reduced 𝑟𝑂𝑐𝑐 and the original BWT
are needed. The additional computation reads the BWT to count the bases from the last
sampled counter in 𝑟𝑂𝑐𝑐 to the desired position, as in Equation 4.1.

𝑂𝑐𝑐[𝑝,𝑠] = 𝑟𝑂𝑐𝑐[𝑝∕𝑑,𝑠]+𝑜𝑐𝑐𝑢𝑟(𝑠,𝐵𝑊𝑇[(𝑝−𝑝 mod 𝑑)..𝑝]) (4.1)

For instance, to compute the number of A symbols up to the tenth row of 𝑂𝑐𝑐, we
add the counter corresponding to the A base found in the second row of the 𝑟𝑂𝑐𝑐, i.e., 0

https://gitlab.bsc.es/rlangari/cofi
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Figure 4.1: Several FM-Index implementations. (a) Full FM-Index with reference length 𝑛. (b)
Sampled FM-Index, one out of 𝑑 counters is stored. (c) 2-step sampled FM-Index, uses an alphabet
of 16 symbols. (d) Split bit-vector FM-Index, each bit indicates whether a base is in a given BWT
position or not.

(see A counter in blue in Figure 4.1b), to the number of occurrences of that base in the
first two positions of its corresponding BWT block, i.e., 1 (see coloured BWT-block in
Figure 4.1b).

4.1.2 K-step Sampled FM-Index
The k-step sampled FM-Index (see Figure 4.1c) searches 𝑘 bases in a single step [14].
𝑘 bases per iteration are processed instead of one, and the rest of the algorithm remains
the same.

For example, for 𝑘 = 2 the alphabet changes from {A,C,G,T} to {AA, AC, AG, AT, CA,
..., TT}. The size of 𝐶 and 𝑟𝑂𝑐𝑐 structures increases by a factor of four (the size of the
original alphabet), every time 𝑘 is incremented by one. In this case, the trade-off is an
exponential memory footprint increase for a linear increase in computation throughput
as 𝑘 increases.

4.1.3 bvSFM: Improving Data Locality
The split bit-vector sampled FM-Index (bvSFM) speeds up computation by improving
data locality [49]. The sampled FM-Index layout is changed in order to store all the data
needed to compute an LF in a single cache block. The counter for a base in a sampled
𝑟𝑂𝑐𝑐 row is placed close to a bit-vector that encodes the occurrences of that base in
the corresponding BWT block. The length of each bitmap in a 𝑟𝑂𝑐𝑐 row is equal to
the sampling rate. A bit set to one indicates that the BWT contains the symbol at that
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9 0 0 0 0

9 1 0 0 1

11 1 0 0 1

13 0 0 0 0

Figure 4.2: bvSFM column for the symbol 𝐺. Each bvSFM entry has a counter (blue boxes, left)
and a bit vector (right, 4 bits). 𝐶[𝐺] = 9 is already added to the counters, so there is no need to
add it during the LF operation as in Equation 2.3.

position, as shown in Figure 4.1d. Instead of iterating the BWT to count the occurrences
of a base, we just need to count the number of bits set in the bit vector. This operation
can be efficiently implemented by the popcount instruction. We term 𝑏𝑣𝑆𝐹𝑀𝑒𝑛𝑡𝑟𝑦 the
set of sampled counters and their corresponding bitmaps in a 𝑟𝑂𝑐𝑐 row (see Figure 4.1d).
As proposed in Chacón et al. [14], a preprocessing step adds the 𝐶 values to the 𝑟𝑂𝑐𝑐
counters in order to avoid a 𝐶 read and an addition operation for each LF.

bvSFM example

To illustrate how this approach works, let us consider the FM-Index shown in Figure 4.1b.
We take as example the last LF operation of the example shown in Figure 2.5b. The
current values of the pointers are 𝑠𝑝 = 7 and 𝑒𝑝 = 9, and the next symbol to be processed
by the backward search algorithm is 𝑄[𝑖] = 𝐺. Figure 4.2 shows the bvSFM column
corresponding to the symbol 𝐺.

The two LF operations, one for sp and one for ep, required for each symbol 𝑠 in the
query are performed as follows:

• Calculate the bvSFM entry indexes: 𝑝∕𝑑 (7∕4 = 1 for sp, and 9∕4 = 2 for ep).

• Load the bvSFM entries, which contain the sampled counters 𝑟𝑂𝑐𝑐[𝑝∕𝑑,𝑠]
(𝑟𝑂𝑐𝑐[1,𝐺] = 9 for sp and 𝑟𝑂𝑐𝑐[2,𝐺] = 11 for ep), and its corresponding bit-vectors
in contiguous memory locations (1001 for both sp and ep).

• Calculate the bit-vector indexes: 𝑝 mod 𝑑 (7 mod 4 = 3 for sp and 9 mod 4 = 1 for
ep).

• Select the bits to perform the 𝑝𝑜𝑝𝑐𝑜𝑢𝑛𝑡. These bits, shaded in Figure 4.2, are
obtained by performing a bitwise 𝑎𝑛𝑑 operation between the bit vector and a mask
of < 𝑝 mod 𝑑 > 1s (1110 and 1000masks for sp and ep, respectively).
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• Perform a popcount over the selected bits
(𝑝𝑜𝑝𝑐𝑜𝑢𝑛𝑡(1002) = 1 for sp and 𝑝𝑜𝑝𝑐𝑜𝑢𝑛𝑡(12) = 1 for ep).

• The number of occurrences of the symbol 𝐺 up to each pointer position is com-
puted by adding the sampled counter to the result of the 𝑝𝑜𝑝𝑐𝑜𝑢𝑛𝑡 operations:
𝑟𝑂𝑐𝑐[𝑝∕𝑑,𝑠]+𝑝𝑜𝑝𝑐𝑜𝑢𝑛𝑡(𝑚𝑎𝑠𝑘𝑒𝑑_𝑏𝑖𝑡_𝑣𝑒𝑐𝑡𝑜𝑟) (9+𝑝𝑜𝑝𝑐𝑜𝑢𝑛𝑡(1002) = 9+1 = 10

for sp, and 11+𝑝𝑜𝑝𝑐𝑜𝑢𝑛𝑡(12) = 11+1 = 12 for ep).

The values of sp and ep will be 10 and 12, respectively.

4.1.4 State-of-the-Art Summary
The FM-Index algorithm is widely used in genomic tool-flows, as it enables linear-
cost exact matching over large references with manageable memory footprints. The
most efficient way to increase computational throughput is by increasing the number
of symbols searched per step (𝑘). However, it quickly imposes prohibitive memory
consumption. With 𝑘 = 2, the full FM-Index is almost 200 GB for the human genome.
Therefore, sampling techniques must be used to lower the memory footprint, trading-off
some of the performance gains, as additional computation is necessary. Finally, bvSFM,
a state-of-the-art technique, proposes an FM-Index layout that uses bitmaps to speedup
this additional computation while improving memory locality.

The bvSFM structure of an FM-Index with a sampling rate of 𝑑 = 64 and 𝑘 = 2 steps
occupies 12 GB. This was found to be the best configuration, as increasing 𝑘 further
led to worse memory management. Moreover, increasing the sampling rate to keep the
memory footprint in check requires a chain of dependentmod and popcount operations
that degrade performance.

We selected a CPU-based implementation rather than a GPU-based one because
current state-of-the-art FM-index implementations are predominantly CPU-oriented.
Widely adopted aligners such as BWA-MEM2 [15], Bowtie2 [26], and HISAT2 [122] all
rely on CPU-based FM-index implementations, as these are mature, stable, and fully
integrated into complex read-mapping workflows. In practice, FM-index involves highly
irregular, pseudo-random memory access patterns, which are difficult to optimize effi-
ciently on GPUs and often negate the expected benefits of massive parallelism. Although
GPU implementations such as NVIDIA’s NVBIO library [123] and research systems like
SOAP3-dp [124] or CUSHAW2-GPU [125] demonstrate promising speedups, they remain
relatively specialized and are not yet widely adopted in production pipelines.
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Figure 4.3: Size, useful, and redundant data of the 𝑏𝑣𝑆𝐹𝑀 structure for 𝑑 = 64 and different
values of 𝑘.

4.1.5 Memory Footprint Analysis
The FM-Index memory usage grows exponentially with 𝑘. However, the difference
between two consecutive rows of the 𝑂𝑐𝑐 structure is just on one of the counters (see
Figure 2.4c). For instance, with 𝑘 = 5, each 𝑂𝑐𝑐 row has 1024 counters (4𝑘) but only one
changes its value from one row to the next. Thus, the fraction of useful counters is 1∕4𝑘,
i.e., one per row. With a sampled FM-Index, at most 𝑑 counter increments occur over
consecutive rows of the 𝑟𝑂𝑐𝑐. Hence, the maximum fraction of useful counters is 𝑑∕4𝑘.
A key observation is that the maximum number of useful counters in a 𝑟𝑂𝑐𝑐 row is equal
to 𝑑, regardless of the value of 𝑘. Therefore, as 𝑘 grows, the fraction of useful counters
decreases exponentially.

For 𝑏𝑣𝑆𝐹𝑀, the 4𝑘 bitmaps in a 𝑏𝑣𝑆𝐹𝑀𝑒𝑛𝑡𝑟𝑦 have a constant number of set bits,
equal to the sampling factor 𝑑 (length of each bitmap). That is, if 𝐵𝑊𝑇[𝑖] is equal to the
symbol 𝑠, the bitmap of the symbol 𝑠 contains a set bit (1) in the 𝑖𝑡ℎ position, and the rest
of the symbols have an unset bit (0) in the 𝑖𝑡ℎ position of their bitmaps (see Figure 4.1d).
The fraction of useful bits in the bitmaps is 1∕4𝑘, and the total number remains constant
regardless of the value of 𝑘. For instance, with 𝑘 = 10 and 𝑑 = 64, each 𝑏𝑣𝑆𝐹𝑀 entry
contains 64 Mb (64×410 bits), of which only 64 are set.

Figure 4.3 shows how the size of a sampled (𝑑 = 64) 𝑏𝑣𝑆𝐹𝑀 structure increases
with 𝑘 (black line, right y-axis), quickly becoming intractable. Stacked bars show the
percentage of the 𝑏𝑣𝑆𝐹𝑀 size dedicated to counters (white background) and bitmaps
(gray background). Moreover, we also show the percentage of the 𝑏𝑣𝑆𝐹𝑀 size allocated
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to useful and redundant counters, and to useful and redundant bits in the bitmaps. We
can observe that the amount of redundant data quickly becomes dominant. Almost all
the data is redundant for 𝑘 ≥ 5, because the amount of useful data stays constant while
the size of the data structure increases. Therefore, there is an opportunity to devise a
new data structure and an accompanying algorithm that can perform large k-steps if we
are able to store only useful data.

4.2 COFI: Compressed Sparse FM-Index
A large 𝑘 leads to better throughput. However, memory usage grows exponentially with
𝑘, quickly becoming unmanageable. By leveraging the observation that the amount of
useful information stored in the FM-Index remains constant, we propose to use a large
k-step and compress the sparse FM-Index information while keeping a low overhead to
reconstruct the index from the compressed data structures. The following subsections
introduce COFI, a COmpressed FM-Index for large K-steps.

4.2.1 COFI Data Structures: Offsets and Changes
If we take as a reference the full FM-Index 𝑂𝑐𝑐 structure (see Figure 2.4c), we propose
to store only the row indexes where a counter changes for each symbol in the alphabet.
In other words, a column would now store the indexes where its corresponding symbol
appears in the BWT. We call this new structure Changes. The size of Changes is constant
for any value of 𝑘: there are as many elements as in the BWT. The size of the columns
is now variable, we store them consecutively as shown in Figure 4.4. In order to find
where each column starts and ends, we can reuse the 𝐶 structure, no modifications are
needed. In COFI, we call this structure Offsets despite being the same as the original 𝐶.
If we count the occurrences of the symbol 𝑠, the limits of its column are Offsets[s] and
Offsets[s+1]. The final layout of COFI is shown in Figure 4.4.
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Figure 4.6: Histogram of column sizes for the human reference GRCh38. Both axis are in
logarithmic scale.

4.2.2 Memory Footprint Analysis
In previous proposals, the size of the main data structures increases exponentially with
𝑘. In COFI, the size of Offsets also increases exponentially at the same rate. However, it
is a small structure, only 4 entries for 𝑘 = 1, or 16 entries for 𝑘 = 2. On the other hand,
Changes is an array with the same number of elements as the BWT, keeping its size
manageable for any value of 𝑘. Figure 4.5 shows the size of the proposed data structures
for a full human genome reference (GRCh38, 3 giga base pairs) and different values of 𝑘.
Changes occupies a constant amount of 12 GB. For 𝑘 = 15, Offsets occupies 4 GB, totaling
16 GB. As a comparison point bvSFM requires 12 GB with 𝑘 = 2 and 𝑑 = 64.

An important consideration of COFI is that the columns in the Changes structure
have different sizes, leading to non-uniform search times for different symbols. Figure 4.6
shows the distribution of the column sizes for the human reference GRCh38 with 𝑘 = 15.
The X axis represents the column size in bins that follow a logarithmic scale. The Y axis,
also in logarithmic scale, indicates the number of columns within each bin. The size of
most columns is smaller than that of a 64-byte cache block: 98% of the columns have 0
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Algorithm 1 Backward Search in COFI
1: function backward_search(Q[N], Changes, Offsets)
2: sp = Offsets[Q[N-1]]
3: ep = Offsets[Q[N-1]+1]
4: for i = N − 2 to 0 do
5: left = Offsets[Q[i]]
6: right = Offsets[Q[i]+1]
7: sp = find_col_index(Changes, left, right, sp)
8: ep = find_col_index(Changes, left, right, ep)
9: return 𝑠𝑝,𝑒𝑝

to 16 elements. Nevertheless, large columns can impose a large overhead and are more
likely to appear during the search, as we show in our evaluation. Hence, the proposed
search algorithm has to take large columns into account, even if they represent a small
fraction of the total number of columns.

4.2.3 Backward Search in COFI
To perform the two LF operations for symbol 𝑠 and pointers sp and ep in COFI, the
following steps need to be taken:

1. LoadOffsets[s] andOffsets[s+1] to obtain the start and end positions in the Changes
array of the column corresponding to symbol 𝑠.

2. Find in Changes the first element of the column that is equal or greater than the
values of sp and ep.

3. Return the indexes of the Changes array for the found elements.

Algorithm 1 shows the pseudocode to perform a backward search for one sequence
and 𝑘 = 1. After initializing sp and ep in lines 2 and 3, two LF operations are performed,
one for sp and one for ep, for each one of the remaining symbols. First, the start and end
indexes of the column are read in lines 5 and 6. Then, the first element greater or equal
than sp and ep is searched. The find_col_index function in lines 7 and 8 returns the index
of the found element in Changes. In the case of sp, this index is the starting position
of the found sequences so far in matrix𝑀 (defined in Section 2.3.1), while ep indicates
the first sequence that is not a match. Therefore, all sequences between sp and ep in𝑀
would currently be query matches. Finally, we return the pointers with the indexes that
delimit the found sequences in𝑀 (line 9).
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As shown in Figure 4.6, the size of the columns represented in Changes can be
significantly large. Therefore, in order to perform the search operation quickly, the
function find_col_index implements a simple binary search algorithm. The current
implementation takes advantage of the fact that columns are already sorted in ascending
order. The function receives as parameters:

• 𝑎𝑟𝑟𝑎𝑦: array to search in.

• 𝑙𝑒𝑓𝑡: left limit of the binary search.

• 𝑟𝑖𝑔ℎ𝑡: right limit of the binary search.

• 𝑝𝑜𝑖𝑛𝑡𝑒𝑟: element to search.

As mentioned above, sp and ep keep track of the found sequences; therefore, after
each iteration the distance between both pointers (𝑑 = 𝑒𝑝−𝑠𝑝) will decrease or remain
the same. Thus, we can modify the left and right limits in line 7 to perform the search
over a subset of the column.

We can illustrate this optimization with the query shown in Figure 2.5. At the
beginning of the second loop iteration, the values of sp and ep are 7 and 9, respectively
(see Figure 2.5b). This indicates that 𝑑 = 2 contiguous rows start with 𝐶𝐶, a suffix of the
pattern being queried. In the last iteration, once the new value of sp is calculated in line
6 of the algorithm (𝑠𝑝 = 10, see Figure 2.5c), the [𝑙𝑒𝑓𝑡,𝑟𝑖𝑔ℎ𝑡] = [9,13] range for the ep
search can be constrained: (i) we can set the left limit to the recent computed sp value,
𝑙𝑒𝑓𝑡 = 𝑠𝑝 = 10, and (ii) we can set the right limit according to the maximum distance
between sp and ep: 𝑟𝑖𝑔ℎ𝑡 = 𝑠𝑝+𝑑 = 10+2 = 12. This is possible because Changes is
sorted in ascending order and has no repeated elements. Note that this optimization is
very effective because the distance between the left and right limits becomes smaller
as the query progresses. This optimization can be implemented by changing line 7 of
Algorithm 1 to:

𝑒𝑝 = 𝑓𝑖𝑛𝑑_𝑐𝑜𝑙_𝑖𝑛𝑑𝑒𝑥(𝐶ℎ𝑎𝑛𝑔𝑒𝑠, 𝑠𝑝,𝑠𝑝+𝑑,𝑒𝑝) (4.2)

where 𝑑 is calculated as 𝑑 = 𝑒𝑝−𝑠𝑝 at the beginning of the for loop.

4.2.4 COFI Example
We show how the previous example shown in Figure 4.2 for bvSFM takes place in COFI.
As a reminder, the initial values of the pointers are 𝑠𝑝 = 7 and 𝑒𝑝 = 9, and the next symbol
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Figure 4.7: Depicts four interleaved sequences to hide memory latency. OP denotes the time spent
computing the limits of the columns,MEM is the time spent waiting for a response frommemory,
and BS stands for the time spent on binary search. BS depends on column size, therefore, some
sequences finish this phase before others (red boxes).

to be processed by the backward search algorithm is 𝑄[𝑖] = 𝐺. Figure 4.4 shows COFI
data structures with the pertinent information for column 𝐺. The operations followed in
COFI are:

• Read the start and end indexes of the 𝐺 column in Changes: Offsets[G] = 9 and
Offsets[G+1] = 13.

• Apply binary search over the 𝐺 column to find the elements greater or equal than
sp and ep. The elements found have values 7 and 11 for sp and ep, respectively.

• Update sp and epwith the indexes of the found elements, i.e., 10 and 12, respectively.

Although COFI has a higher computational complexity in typical cases, it enables
larger k-steps. We can increase 𝑘 to 15 in COFI while keeping a manageable FM-Index
size of 16 GB.

4.2.5 Performance Optimizations
The memory access pattern to perform an LF calculation does not present good locality.
By inspecting Algorithm 1, we can observe that the LF loop first performs an access to
Offsets, which is dependent on the current symbol, and then performs binary search over
a subset (column) of the Changes array. The accessed column is unlikely to be visited in
the near future in the current or subsequent searched sequences, precluding temporal
locality. In addition, the access pattern in binary search does not present spatial locality.
Therefore, each memory access is likely to be long latency as it will miss in the caches.

Sequence interleaving: in order to hidememory latency, as previously implemented
in the bvSFM proposal, we search multiple sequences at the same time, overlapping
long-latency memory requests. Figure 4.7 shows four overlapped searches in COFI, i.e.,
each iteration of the LF loop operates over four different query sequences. As can be seen
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in the figure, the size of the Changes column determines the number of binary search
steps for each pointer. Therefore, overlapped searches can finish at different steps in the
binary search algorithm.

Software prefetching: with the same objective to reduce memory access latency,
we also employ a simple software prefetching scheme. When processing the current
symbol, prefetch operations are issued for the next symbol to retrieve from memory the
necessary Offsets elements. Additionally, the first pivot point for sp’s binary search is
prefetched once the column to be accessed is known.

Conditional moves: finally, COFI’s LF computation is slightly more complex since
it involves executing binary search. Binary search is known to exhibit poor branch
prediction performance, as branches are difficult to predict, i.e., there is a 50% chance to
take the branch. A branch misprediction flushes the pipeline and causes a significant
performance penalty in processors with deep pipelines. Conditional move instructions
can be an alternative to branches. These instructions write the contents of one register
over another only if the defined predicate value is true, and can be executed speculatively
on a processor’s pipeline without the associated predication of branches. Therefore,
in order to avoid branches, we have implemented our binary search algorithm with
conditional moves.

Section 4.4.2 evaluates each optimization separately, and reports their contribution
to performance improvements.

4.3 Performance Analysis
A common metric used to measure the theoretical peak performance a workload can
exhibit on a particular target machine is the arithmetic intensity [126]. This metric
defines the number operations, typically floating-point operations, performed per byte
brought from off-chip memory. In our study, we will employ search intensity (SI) for this
purpose. Defined as the number of LFs performed per byte brought from memory [49].
Equation 4.3 computes the SI of a search for a k-step FM-Index:

𝑆𝐼 =
2×𝑘

𝛼×𝐵
(4.3)

where 2×𝑘 is the number of LFs performed per iteration, 𝛼 is the average number of
cache misses per iteration, which depends on the algorithm, and 𝐵 is the cache block
size (typically of 64 bytes).
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Figure 4.8: Search intensity for different column sizes.

Backward search algorithms are typically memory bound, i.e., little computation is
done per byte brought frommemory. Therefore, increasing search intensity is paramount
in order to increase performance. In the case of 𝑏𝑣𝑆𝐹𝑀, it has 𝑘 = 2 and computes four
LFs per iteration. We need to bring two cache blocks, one for sp and another one for ep.
The ep pointer could produce a cache hit if it is close enough to sp. For this algorithm,
the reported 𝛼 is 1.088 [49]. Therefore, 𝑏𝑣𝑆𝐹𝑀 has a search intensity of 2×2

1.088×64
= 0.057.

In COFI, SI is input dependent as iterations over large columns result in low SI values
due to additional memory accesses. Contrarily, iterations over small columns result in
high SI values. To calculate 𝛼, we have to take into account the number of memory
accesses in Offsets and Changes.

For Offsets, two 4-byte accesses are required, one for the left index and another one
for the right index. Since both values are stored in contiguous memory positions, the
probability of having a cache miss for the second element is 1∕16. Hence, an average of
1.0625 memory operations are performed due to the two Offsets accesses. For Changes,
the number of accesses depends on the number of 4-byte elements in the column, 𝑛𝑒.
When 𝑛𝑒 is 0 or 1, the number of Changes accesses is 0 and 1, respectively. When 𝑛𝑒
is 16 or less, the worst case results in two cache misses, and each time we double the
size of the column, one extra cache miss has to be added. Hence, when 𝑛𝑒 is larger than
16, the number of cache misses is ⌈𝑙𝑜𝑔2(𝑛𝑒)−2⌉ for the worst case. Using 𝑘 = 15, SI is

2×15

(1.0625+𝑎)×64
, where 𝑎 is the number of cache misses caused by the Changes accesses, and

it is defined in Equation 4.4.
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Figure 4.9: Percentage of accesses per column size.

𝑎 =

⎧
⎪

⎨
⎪

⎩

𝑛𝑒, if 𝑛𝑒 = 0,1

2, if 2 ≤ 𝑛𝑒 ≤ 16

⌈𝑙𝑜𝑔2(𝑛𝑒)−2⌉ , otherwise

(4.4)

Figure 4.8 shows the bvSFM SI (dotted black line) and COFI’s SI (grey bars) for
different column sizes. Note that the SI numbers for COFI represent the worst case
behaviour of the binary search algorithm, as the searched element could be found in one
of the pivot points. We can see that COFI presents higher SI than bvSFM for values of 𝑛𝑒
lower than 1024 elements. This metric is directly correlated with performance.

In order to calculate SI for each input, we measure the size of the columns that the
algorithm accesses during execution. We can see the percentage of accesses per column
size in Figure 4.9 for the inputs sanger, ocily7-s and ocily7-1 and the reference genome
GRCh38. For sanger, we can observe that there are no accesses to empty columns, this is
because sanger was extracted from GRCh38 without introducing errors. The percentage
of accesses to columns bigger than 1024 elements is 10.54%, 0.1% and 4.55% for sanger,
ocily7-s and ocily7-1, respectively.

By using the SI values from Figure 4.8 and the number of accesses per column type,
as shown in Figure 4.9, we plot the calculated SI for each input in Figure 4.10. We can
observe that the SI in COFI is significantly higher than that of bvSFM, up to 3.28× for
ocily7-s input. This is likely to lead to better performance as the workload is memory
bandwidth bound.
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Figure 4.10: Search intensity for each input.

4.4 Evaluation
For the evaluation of COFI, we use two hardware platforms: SKX andKNL (see Table 3.1).
It is worth mentioning that KNL has 16 GB of high bandwidth MCDRAM, which is ideal
for fitting a 15-step COFI structure of a human genome. To see these systems in more
details, see Section 3.2.

First, we present the inputs used for the evaluation. Then, we evaluate the perfor-
mance impact for each of the optimizations described in Section 4.2.5. We compare COFI
against a state-of-the-art proposal, bvSFM [49]. bvSFM is a 2-step 64 sampled FM-Index
that uses a bitmap to recover the original Occ values (see Section 4.1.3). We discuss
how inputs affect performance by relating time spent in large columns and SI with
performance. Finally, we describe other experiments we performed and our findings.

4.4.1 Inputs Sequences
We use 11 representative sets of inputs sequences selected from different use cases;
including reads from particular cell lines, as well as sequences generated using Mason
[120], a read simulator.

• sanger: it has been extracted from the GRCh38 reference using Mason, simulating
the Sanger process [127] without errors. This input has been also used to evaluate
bvSFM [49].

• Five inputs coming from real reads made by an Illumina HiSeq 2000 system, which
outputs sequences with a length of 101 bases.

– ocily7-s: reads from the cell line OCI-LY7 over RNAs smaller than 200 nu-
cleotides [128].
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Table 4.1: Error rates for Mason inputs.

Inputs Modifications Insertions Deletions
mason1 3% 0% 0%
mason2 1% 1% 1%
mason3 6% 0% 0%
mason4 0% 6% 0%
mason5 0% 0% 6%

Table 4.2: Number of sequences, length of each sequence and occurrences in GRCh37 and
GRCh38 for each input.

Input Nº seqs Length Occu. GRCh37 Occu. GRCh38
sanger 20M 200 15.49M 46.71M
ocily7-s 35.21M 101 13.09M 26.41M
ocily7-1 70.38M 101 46.04M 54.45M
ocily7-2 70.89M 101 34.27M 39.21M
a375-1 115.32M 101 61.54M 79.81M
a375-2 115.27M 101 57.11M 106.96M
mason1 10M 150 103,432 384,139
mason2 10M 150 109,470 385,207
mason3 10M 150 898 3,431
mason4 10M 150 758 3,402
mason5 10M 150 1,005 3,407

– ocily7-1 and ocily7-2: reads from the same cell line OCI-LY7, but over RNAs
greater than 200 nucleotides [129].

– a375-1 and a375-2: reads from the cell line A375 over RNAs greater than 200
nucleotides [130].

• mason{1..5}: we use Mason over GRCh38, simulating an Illumina system to gener-
ate five inputs. We replicate the simulations described on the appendices of Alser
et al. [58] with adjusted error rates. Table 4.1 shows the error introduced for each
simulation.

Table 4.2 shows the total number of sequences, their length, and the occurrences on
each reference for all the inputs. The number of occurrences is higher for GRCh38, as it
contains around two million bases more than GRCh37, and all inputs generated using
Mason employ GRCh38 as input. In addition, we note that the number of occurrences is
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Figure 4.11: Average performance across all inputs for different numbers of interleaved sequences.

higher formason1-2 than formason3-5 because the error introduced is lower, 3% and 6%
respectively (see Table 4.1).

Our inputs are based on short reads because FM-Index methods dominate in this
scenario. However, COFI would perform similarly for any read length, as the algorithm
and data structures are read length agnostic, and the performance characteristics would
not change.

For each experiment, we perform 128 executions. For each execution, we search all
sequences on the target reference. To measure the throughput, we use the number of LF
operations performed per second (LFOPs/s). We discard the first execution in order to
avoid cold start effects of hardware structures. We calculate the arithmetic mean with
the rest of the executions.

4.4.2 Optimizations
We evaluate the performance impact when applying each of the three optimizations
described in Section 4.2.5. Therefore, we analyze the impact on the number of interleaved
sequences, the benefits of the software prefetching scheme, and the impact of conditional
moves in binary search. We use software prefetching and conditional moves in these
experiments except when evaluating their own impact. For this set of results, we just
show numbers with the GRCh38 reference, since results with GRCh37 are similar and
lead to the same conclusions.
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Figure 4.12: Speed-up when using software prefetching.

Number of Interleaved Sequences

Figure 4.11 shows average performance across all inputs when changing the number
of interleaved sequences from 1 to 32. In both test machines, KNL and SKX, we obtain
the best average performance with 16 interleaved sequences. After 16 sequences, perfor-
mance remains stable because the memory subsystem is already saturated. A few inputs
behave slightly better with 8 or 32 interleaved sequences; however, to be consistent we
employ 16 interleaved sequences for all inputs from now on.

Software Prefetching

Figure 4.12 shows the speedup when using the described software prefetching scheme.
As previously specified, we are prefetching accesses to the Offsets vector and the first
pivot of the binary search, but not the remaining pivots. On average, we obtain a speedup
of 10% and 14% for KNL and SKX, respectively. Therefore, we consider this optimization
useful and we will apply it throughout the rest of the evaluation.
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Figure 4.13: Speed-up when employing conditional moves in the binary search algorithm.

Conditional Moves

Figure 4.13 shows the speedup of using conditional moves in the binary search algorithm.
We can observe a significantly different impact on each of the test machines. For SKX,
we obtain speedups of up to 1.85× (1.48× on average). This is because the Skylake
core is heavily penalized by branch mispredictions due to its aggressive speculative
execution on predicted branches, which in this case have a high probability of being
mispredicted. These mispredictions are likely to perform additional memory accesses on
the wrong execution path, further hindering performance. Prior work already showed
that conditional moves are an effective way to speedup binary search algorithms for the
mentioned reasons [131].

For KNL, however, performance is not altered significantly, leading to a marginal
1% slowdown on average. Branch mispredictions do not impose such a large penalty in
KNL due to a shallower pipeline and less aggressive speculative execution. Since this
optimization fails to deliver performance improvements in KNL we chose not to enable
it from now on in KNL experiments. It will be used only on SKX experiments.
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Figure 4.14: Speed-up of COFI with respect to bvSFM for all inputs, two references, and two test
machines.

4.4.3 Throughput
Figure 4.14 shows the speedup of COFI with respect to the best performing bvSFM (2-
step 64-sampled), for references GRCh37 and GRCh38. For KNL, we observe speedups
of up to 1.81× (1.46× on average) when using the GRCh38 reference. Performance
differences across inputs come from the different column access profiles in the Changes
data structure (see Figure 4.9 for examples). The obtained results correlate well with
these profiles. For example, ocily7-s presents the lowest amount of accesses to large
columns and attains the best performance. On the other hand, sanger has more accesses
to larger columns and COFI has the same performance as bvSFM. We present further
details on input sensitivity in Section 4.4.4. The results for the GRCh37 reference show
the same trends, with an average performance improvement of 1.5×.

For SKX, we obtain speedups of up to 1.64× (1.39× on average) when using the
GRCh38 reference. Here we also find similar trends for the different inputs. However,
since the binary search component of the algorithm performs significantly better in
SKX due to the conditional move optimization, we can see that performance differences
between inputs with different column access profiles (i.e., sanger and ocily7-s) are much
narrower. In fact, COFI is 1.19× faster than bvSFM with sanger on SKX. Again, similar
trends can be seen for the CRCh37 reference, with an average improvement of 1.44×.

Table 4.3 shows the raw throughput measured in GLFOPs/sec for each input and
the GRCh38 reference genome. In KNL, the bvSFM version maintains a constant per-
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Table 4.3: Raw throughput in GLFOPs/sec using GRCh38.

KNL SKX
Input bvSFM COFI bvSFM COFI
sanger 10.26 10.25 5.65 6.73
ocily7-s 11.69 21.16 12.55 17.81
ocily7-1 11.25 17.45 7.58 9.59
ocily7-2 11.11 17.60 7.56 9.74
a375-1 11.46 18.93 7.97 10.39
a375-2 11.52 19.16 7.98 10.44
mason1 9.61 12.51 5.86 8.57
mason2 10.00 13.59 5.87 7.86
mason3 9.92 14.10 5.83 9.42
mason4 10.05 15.07 5.87 9.65
mason5 10.01 14.25 5.88 9.36

Geometric mean 10.60 15.51 6.94 9.68

formance among the inputs. However, in SKX, the ocily7-s input shows a much higher
throughput than the others. This is due to two reasons. Firstly, ocily7-s contains a high
number of repeated sequences. Secondly, SKX has larger last-level cache slices per core
and it can exploit data locality for these repeated sequences.

4.4.4 Input Sensitivity
There is a noticeable difference on performance depending on the input. We have
previously mentioned that performance is correlated with the SI associated to an input,
and consequently, with the number of accesses for each column size.

In Figure 4.15, we can see the percentage of time spent on each column size for sanger,
ocily7-s and ocily7-1 inputs. In order to obtain representative results of the cost to perform
a search for a given column size, we perform this experiment using one thread and one
interleaved sequence on the KNL using the GRCh38 reference. Multiple interleaved
sequences would slowdown searches over small columns when they interleave with
searches over big columns.

As expected, the time spent searching on large columns is directly correlated to the
performance differences seen across inputs. That is, inputs that spend more time on
larger columns obtain lower performance. sanger is the input that spends more time
in large columns, 37.5% of the time spent on columns larger than 1024 elements, while
ocily7-s and ocily7-1 spend 0.81% and 22.58%, respectively.
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Figure 4.15: Execution time spent on each column size.

An important observation is that some exact search algorithms avoid or even filter-out
large columns [57]. The reason is that these columns contain sequences that appear a
lot of times, and they provide redundant locations that other columns already find. It
is also the reason our inputs based on real read data from cell lines (e.g., ocily7-s and
ocily7-1) access less large columns in percentage than sanger, which is produced using a
read simulator over the entire genome reference. Therefore, COFI could further benefit
from this fact if columns with small SI are filtered-out.

Finally, to illustrate how higher SI improves performance in COFI, we show the
roofline models [126] for both test machines in Figure 4.16. Our roofline model ties
together throughput, SI, and memory performance in a two-dimensional graph. The
Y-axis is GLFOPS per second (throughput) and the X-axis is SI, i.e., LF per byte of off-chip
memory traffic. Theoretical ceilings can be derived using hardware specifications. The
diagonal black line (memory ceiling) depends on memory bandwidth available and
determines the maximum performance achievable for a given SI value. Horizontal lines
denote compute ceilings for each input, calculated by dividing the number of executed
instructions to perform all LF operations and the number of instructions each machine
can retire per cycle. Note that the compute ceilings are input dependent.

We can observe that bvSFM performs close to the memory ceiling in both machines,
and it is therefore memory bound rather than compute bound. However, COFI manages
to increase SI significantly, and for the ocily7-s input we are able to break the computa-
tional ceiling of bvSFM on both machines.

Even though SI has increased, the achieved performance with COFI is far from the
theoretical compute ceilings. Therefore, we can conclude that the main performance
limitation has now shifted from memory bandwidth to the algorithm itself, due to
branches and data dependencies in the code.
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Figure 4.16: Roofline models for bvSFM (input independent) version and three inputs of COFI.

4.4.5 Discussion
We have tried to apply other ideas to improve performance even further. Among these
ideas, we highlight two: (i) to rearrange the columns of Changes in order to be cache-
friendly, and (ii) the use of larger k-steps using SKX.

When performing binary search we can imagine the columns of Changes as trees.
When the column is large, cache misses arise when traversing the first levels of the
tree. In order to avoid this problem, we thought of two approaches. Firstly, to place
the children together as in the Eytzinger layout [131]. This would allow us to apply
software prefetching to several levels in advance. The main drawbacks that made this
implementation not feasible are irregular column sizes, and that the algorithm to recover
the original index becomes too costly. Secondly, to group several levels of the tree together
[132]. We place 𝑛 levels of the tree at the center of the column, and perform binary search
(in this case n-ary search) for 𝑛 pivots knowing that they are close in memory. Then, we
have to search into one of the 2𝑛 subtrees applying recursion. We have a threshold from
which we do not rearrange the column, at which point we use the normal binary search
algorithm. The problem is that with this layout we cannot limit the end pointer search,
because the columns are not sorted in ascending order. Therefore, we have to repeat the
binary search for the whole column for ep, precluding any performance improvements.

We also did experiments using 𝑘 = 16 and 𝑘 = 17 for SKX,we already fill up completely
the MCDRAM of the KNL with 𝑘 = 15. In both versions, we obtain a small slowdown
due to the size of the FM-Index causing a large amount of TLB misses, as the amount
TLB entries for huge pages is exceeded.
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Porting and Optimizing BWA-MEM2
using the Fujitsu A64FX Processor
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We port to ARM and optimize BWA-MEM2, a widely used read-mapping tool

When we began working on this contribution, the A64FX processor [98] had only
recently been released. The A64FX was the first processor to implement the Scalable
Vector Extension (SVE) instruction set, featuring 512-bit vector units. It was also deployed
in the Fugaku Supercomputer, whichwas ranked first in the Top500 list from June 2020 to
November 2021 [113]. At that time, the ARM architecture was starting to gain traction in
the HPC and server ecosystems. This trend has continued to strengthen, particularly with
the adoption of Amazon’s Graviton processors [101, 102] in its cloud servers. Therefore,
porting applications to the ARM architecture was an essential step toward supporting
and accelerating its adoption.

In this contribution, we port the BWA-MEM2 tool [15] to the ARMv8-A architec-
ture specification and leverage the newly introduced ARM Scalable Vector Extension
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Figure 5.1: A64FX scheme. We can distinguish the four different core memory groups (NUMA
domains), each one with 12 cores, and four HBM2 stacks. Everything is in the same package.

(SVE) [133]. We provide details of the porting process, which mainly involves translating
x86_64 vectorization intrinsics into SVE-compatible code. SVE code is vector-length
agnostic, meaning that it can be executed on any architecture implementing SVE, with
vector lengths ranging from 128 to 2048 bits. Finally, we evaluate the ported version on
Fujitsu’s A64FX processor.

In addition, we propose several optimizations to improve the performance of BWA-
MEM2 on the A64FX. Some of these optimizations are generic while others take ad-
vantage of the A64FX underlying architecture. Finally, we compare performance and
energy-to-solution of optimized implementations running on the A64FX and an Intel
x86_64 Skylake architecture (SKX) that features AVX-512 (see Section 3.2). We show that
the A64FX performance is below that of the Skylake system, since sequence alignment
applications are heavily constrained by memory latency and the Skylake architecture is
better optimized in this regard; whereas the A64FX is optimized to provide high memory
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Figure 5.2: SKX scheme. The system is composed of two Intel Xeon Skylake Platinum 8160 and
two DDR4 memories interconnected in the same board.

bandwidth. However, we also show that the A64FX presents better energy-to-solution
results than the Skylake system.

The code of this contribution is available at https://gitlab.bsc.es/rlangari/bwa-a64fx.

5.1 Target Machine: Fujitsu’s A64FX
In this work we make use of the Fujitsu A64FX. Some of the software optimizations we
propose in Section 5.3 take advantage of the A64FX architecture, which differs signifi-
cantly from conventional x86_64 architectures. Therefore, in this section we describe
and characterize the A64FX architecture to better understand its trade-offs and optimize
for them.

TheA64FXwas launched in 2019, however, accessibility to themachinewas restricted
until the second half of 2020. Figure 5.1 shows an overview of the chip, which features a
total of 48 compute cores and four HBM2 stacks. The A64FX chip has been designed to
perform well under HPC workloads with stringent memory bandwidth requirements.
Its architecture is based on four Non-Uniform Memory Access (NUMA) domains within
the same chip and was the first to implement SVE [133–135].

In this section, we present an overview of the A64FX and compare its main features
against an Intel Xeon Skylake Platinum 8160 (SKX), also HPC oriented. Figures 5.1
and 5.2 show a scheme of both systems with all the specifications.

https://gitlab.bsc.es/rlangari/bwa-a64fx
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5.1.1 Core Out-of-Order Resources
The A64FX has moderate out-of-order resources, as we see in Figures 5.1 and 5.2. The
number of entries in the ROB is nearly the double for SKX. A64FX divides its 79-entry
instruction window in 5 different reservation stations, one for each execution path:
two paths for arithmetic operations (20 entries for each path), two paths for memory
operations (10 entries for each path), and one path for branch operations (19 entries). In
contrast, SKX has 97 entries in a unified instruction window. In addition, the number of
physical registers is lower in the A64FX: 96 vs. 180 physical scalar registers, 128 vs. 168
physical vector registers, for A64FX and SKX, respectively. Both architectures implement
512-bit vector functional units.

5.1.2 The A64FXMemory Hierarchy
The A64FX memory hierarchy differs significantly from the traditionally employed in
x86_64 platforms like SKX. The A64FX chip is organized in four NUMA domains, also
known as core memory groups (CMG), each with 12 cores for general compute. Each
domain has its own local memory interface, but it can also use the interfaces of the near
domain and the two far domains (Figure 5.1). The SKX system has two interconnected
sockets, which translates into two NUMA domains with 24 cores each, also totaling 48
cores (Figures 5.2).

Despite the A64FX having a larger L1 cache, we can see that the cache hierarchy of
the SKX system has an additional cache level with large private L2 cache of 1 MB per
core, totaling 48 MB of cache in this additional level. The A64FX has 8 MB of last level
cache (LLC) for each core group (12 cores), a total of 32 MB, while the SKX has 33 MB
per socket (NUMA node), a total of 66 MB of LLC. Also, the associativity of the L1 is
bigger in SKX, 8 ways versus 4 ways in A64FX.

Each of the four NUMA domains of the A64FX are connected to 8 GB of on-package
memory implemented using HBM2 technology, leading to a total of 32 GB of main
memory that cannot be extended via conventional off-chip DIMMs. In contrast, the
SKX system has 48 GB of main memory per NUMA domain, 96 GB in total. In the case
of SKX, the amount of memory can be further extended if higher capacity DIMMs are
used. This memory capacity limitation is a negative factor for the A64FX, especially for
genomic applications, where memory capacity can usually be traded for computation.
However, bandwidth is the strong point of the A64FX, as it has a peak bandwidth of
256 GB/s per NUMA domain, reaching 1 TB/s total peak bandwidth. The SKX system
has a peak bandwidth of 120 GB/s per NUMA domain, 240 GB/s in total.
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Figure 5.3: Memory latencies measured by the lmbench benchmark for A64FX and SKX.

5.1.3 Memory Hierarchy Latencies
To obtain the differentmemory latencies, we have executed the lmbench benchmark [136].
lmbench instantiates an array with a fixed capacity and performs random accesses to it. If
the array fits in a given cache level and not in lower ones, lmbench can obtain the latency
for that level, since the random access ensures that the data is not in a lower level.

Figure 5.3 shows the obtained results, which present a stair shape. Each step in
the plots corresponds to a different memory level, and the array capacity of each slope
matches with the capacity described in Figures 5.1 and 5.2. For example, for the A64FX,
we can see a step between 0.0625 (64 KB) and 8 (8 MB), the capacity of L1 and a slice of
LLC respectively, which means that this latency corresponds to the LLC.

We observe that the LLC latency is 31% lower in A64FXwith respect to SKX. However,
SKX has 1 MB of L2 cache per core with a compelling latency. When accessing memory,
the latency is almost 50% higher in the A64FX for the local domain. In addition, accessing
a far NUMA domain in the A64FX is very costly, nearly twice the latency of the local
memory. Memory latency has less importance in regular applications that can benefit
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Table 5.1: lmbench bandwidth benchmark results in GB/s for A64FX and SKX.

A64FX SKX
Mean Std Dev Mean Std Dev

Local 228.9 0.028 116.8 0.048
Near 130.0 0.125 34.4 0.029
Far 130.0 0.005 - -
All 522.4 1.352 124.8 1.476
All-split 915.2 0.141 233.3 0.049

from spatial or temporal locality, however, genomic applications can suffer a significant
penalty due to their irregular access patterns.

5.1.4 Memory Bandwidth
We also employ lmbench to measure bandwidth per NUMA domain. lmbench runs a
simple STREAM benchmark to obtain the bandwidth. We explore several configurations:

• Local: threads from a NUMA domain request data to their local memory.

• Near: threads from a NUMA domain request data to their near memory.

• Far (only in A64FX): threads of a NUMA domain request data to a far memory.

• All: threads from all domains request data. The memory is interleaved among all
NUMA domains.

• All-split: in order to obtain the peak theoretical bandwidth, we instantiate one
process on each NUMA domain (four in A64FX and two in SKX) using the local
configuration.

We can see the results in Table 5.1, where we perform three executions for each con-
figuration, and we report the average and the standard deviation. We can see that for the
local configuration, the results are consistent with the peak bandwidth specified for each
memory technology on both machines. The near and far configurations are influenced
by the characteristics of the network-on-chip and the socket-to-socket connection in
the SKX case; consistently obtaining lower performance. In the All configuration, we
observe that the measured bandwidth is far from the peak theoretical bandwidth. Since
the memory is allocated in an interleaved manner, the requests from different NUMA
domains are hindering memory performance. Finally, with the All-split configuration,
we obtain a bandwidth close to the peak theoretical bandwidth.
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5.2 Porting the code to ARM architecture
The main challenge when porting BWA-MEM2 to the ARMv8-A specification is that
the BSW algorithm is implemented exclusively using x86_64 intrinsics, that is: SSE,
AVX and AVX-512. Therefore, the main task is to port this algorithm to an ARMv8-A
compatible ISA. We undertake this task and port the BSW algorithm to SVE, ARM vector
extension that is vector length agnostic (VLA), i.e., one implementation fits all lengths,
and supports vector registers of up to 2048 bits.

Since none of the existing implementations uses features present in SVE such as
predication or VLA, we selected the SSE implementation to do the porting; as it has a
cleaner interface and the code is easier to reason about. Certain intrinsics like arithmetic
or load/store operations have a 1-to-1 translation, in these cases we overload the SSE in-
trinsic name with an inline function that reimplements its functionality using equivalent
SVE intrinsics.

For this purpose, we create a header file called sse2sve.h that implements all the
code related to SVE direct translations. Additional details on how these functions work
and an example can be found in Section 5.2.3. However, complex code regions such as
boolean operations or vector-width dependent code are translated in a case-by-case basis,
since SVE instructions have a different structure and can benefit from features such as
predication. Section 5.2.4 includes further details.

5.2.1 Data Types
The first step is to translate the data types between the two architectures. SSE has only
one data type __m128i, and the data type of the lanes is selected using the intrinsic suffix.
For example, it would use epi16 for signed 16-bit integers, and epu8 for unsigned 8-bit
integers. However, SVE specifies the data type of the lanes but not the vector length.
For example, the svint64_t data type indicates that the vector lanes will be signed
64-bit integers, but it does not specify how many elements the vector has, i.e., VLA
programming. In our translations, we generalize the data types to always be signed 64-bit
integers:

typedef svint64_t __m128i;

Later, we use a reinterpret intrinsic in the translation function to convert this generic
data type (svint64_t) to the data type of the operand in the original instruction being
translated. For example, we would use the intrinsic svreinterpret_s8 to convert the
variable to a signed 8-bit integer. Note that while we use multiple intrinsics, the final
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result of the translation is a single assembly instruction, as we explain in the following
example.

5.2.2 Porting Effort
In Table 5.2, we show all the SSE intrinsics we have translated in sse2sve.h and their
corresponding SVE translation. All the functions are marked and forced to be inline to
avoid function calls and achieve 1-to-1 assembly translations.

5.2.3 add Translation Example
SSE instructions start with the prefix _mm, followed by the instruction type, and the lane
width. For example, _mm_add_epi8 indicates an addition instruction with signed 8-bit
integers. We translate this intrinsic by declaring a function that overloads its name:

inline svint64_t _mm_add_epi8(svint64_t a, svint64_t b) {
svint8_t a_aux = svreinterpret_s8(a);
svint8_t b_aux = svreinterpret_s8(b);
svint8_t r_aux = svadd_x(svptrue_b8 (),a_aux ,b_aux);
return svreinterpret_s64(r_aux );

}

We reinterpret the source vector operands as signed 8-bit integers, perform the svadd
operation, and finally reinterpret the result back to signed 64-bit integers. svptrue_b8
indicates that all lanes are active, since SSE instructions cannot be predicated. By doing
this, the original SSE code remains unmodified. Even though there are 4 lines of C++
code, this function translates to a single SVE assembly instruction that performs the
vector addition:

add z7.b, p0/x, z7.b, z26.b

SVE architectural registers are {z0..z31} and the .b suffix in a register name indi-
cates that the register is interpreted as a vector of signed 8-bit integers. The p0 register
contains the predicate with all lanes active. The compiler sets p0 only once for all SVE
instructions within a function block. The end result for all translations performed this
way is a 1-to-1 assembly instruction correspondence.
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Table 5.2: Translations in the sse2sve.h file.

SSE intrinsic SVE translation Functionality
_mm_malloc aligned_alloc Allocate memory
_mm_free free Free memory
__rdtsc cntvct_el0 Count cycles
_mm_prefetch __builtin_prefetch Software prefetch
_mm_setzero_si128 svdup_s64(0) Set the register to zero
_mm_set1_epi{8,16} svdup_s{8,16} Set the register to a given value
_mm_blend_epi{8,16} svsel Select from two registers with a predicate
_mm_add_epi{8,16} svadd_x Addition
_mm_adds_epu{8,16} svqadd Addition with saturation
_mm_sub_epi{8,16} svsub_x Subtraction
_mm_subs_ep{i,u}{8,16} svqsub Subtraction with saturation
_mm_max_ep{i,u}{8,16} svmax_x Maximum
_mm_min_epu{i,u}{8,16} svmin_x Minimum
_mm_and_si128 (arithmetic) svand_z Bit-wise AND
_mm_and_si128 (predicate) svand_x Logical AND
_mm_or_si128 (arithmetic) svorr_z Bit-wise OR
_mm_or_si128 (predicate) svorr_x Logical OR
_mm_xor_si128 (arithmetic) sveor_x Bit-wise XOR
_mm_andnot_si128 (arithmetic) svbic_x Bit-wise ANDNOT
_mm_andnot_si128 (predicate) svbic_z Logical ANDNOT
_mm_cmpeq_epi{8,16} svcmpeq Equal comparison
_mm_cmpgt_epi{8,16} svcmpgt Greater than comparison
_mm_cmpge_epi16 svcmpge Greater or equal comparison
_mm_load_si128 svld1 Memory load
_mm_store_si128 svst1 Memory store

5.2.4 Boolean Translation Example
BWA-MEM2 uses two ways of storing boolean data types:

• A vector variable with all bits of each lane set to 1 if true, or 0 if false. This is used
to mask off elements in vector operations.

• A scalar variable with single bits set to 1 or 0. It uses these scalar variables to create
boolean expressions.

SVE has a predicate data type, svbool_t, to store booleans. We take as example the
following code snippet:

uint32_t cval = _mm_movemask_epi8(cmp1);
if (cval == 0x00) break;

cmp1 is a vector variable, previously generated, which acts as a boolean predicate
to perform masking operations. _mm_movemask_epi8moves the least significant bit of
each lane to a scalar variable cval. Then, cval is checked as an exit condition for a loop.
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Therefore, this code requires the creation of the scalar cvalmask and then a comparison
operation. However, we can translate this code to SVE in a way that the comparison can
be done directly using cmp1:

if (! svptest_any(svptrue_b8 (),cmp1)) break;

cmp1 is already of type svbool_t, hence, there is no need of converting it to a scalar
data type. We use svptest_any to check if any lane is active, and then, we negate the
result. Note that the result of the boolean expression is the same as for the SSE version.

5.2.5 Challenges
BWA-MEM2 was not ready to execute on any ARMmachine since certain parts (BSW)
are exclusively written using x86_64 intrinsics. Moreover, A64FX was the first to imple-
ment SVE and employs a non-conventional memory subsystem. Therefore, we found
challenges at the application code, system software, and machine level.

Application Code

BWA-MEM2 is widely used in the genomic community. It was released in 2019 as
an upgrade of BWA. Since then, it remains in continuous development. The authors
continue solving issues and giving support to the users.

The main difficulty during the porting was to translate the BSW x86_64 intrinsics to
SVE. Most of the code is translated using a header file created for this purpose, which
contains one-to-one intrinsics translations to SVE. However, in some cases, we had to
rewrite the original code to maintain the semantics, as masks behave differently in SVE
(see Section 5.2.4).

System Software

Since the A64FX software stack is not mature yet, we have found issues with compilers
and libraries.

A64FXwas the first processor to implement SVE. Due to the novelty of SVE at the time
this work was carried out, not many compilers supported SVE intrinsics. For example,
the native Fujitsu compiler (FCC) has many optimizations that target the A64FX but
still lacks SVE intrinsics support and we were not able to use it for our experiments.
However, FCC has a clang back-end mode that does support intrinsics but at the cost of
certain A64FX-specific optimizations. Both GCC11 and Arm HPC compiler also support
intrinsics. Therefore, for this work we have employed the FCC compiler with clang
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Table 5.3: Execution time relative standard deviation for 10 runs using D3, D4 and D5 inputs (see
Section 3.4) and the three code regions, with and without the thread affinity.

D3 D4 D5
SMEM SAL BSW SMEM SAL BSW SMEM SAL BSW

w/o affinity (%) 10.2 15.8 8.5 11.3 22.0 8.9 11.2 15.4 10.7
w/ affinity (%) 0.15 0.11 0.42 0.17 0.09 0.65 0.15 0.12 0.38

backend, as it showed better performance than the rest of the compilers. FCC obtained
3.46%, 4.10%, and 6.07% better performance with respect to GCC11 (the second best
compiler) for D3, D4, and D5 inputs (see Section 3.4), respectively.

Large memory pages are essential in applications with irregular access patterns to
lower the cost of virtual to physical address translations. To use the larger 2 MB virtual
pages, the compiler needs a specific large page library. This library had a bug that lead to
performance inefficiencies, and needed additional configuration steps via environment
variables that are not trivial. Once the library was fixed and configured properly, the
performance of the code compiled with the FCC compiler improved considerably.

Execution Time Variance

We observed a lot of variability when comparing multiple executions using 48 threads.
Since the chip has multiple NUMA domains, the custom thread scheduler tries to op-
timize thread placement, which leads to unexpected thread migrations that were not
observed on other machines. These migrations would happen even among different core
memory groups, leading to significant performance variation across multiple executions.

We solved this problem by using the pthread affinity functionality, pinning each
thread to a core. The C code snippet is as follows:

for (int i = 0; i < n_threads; i++) {
cpu_set_t cpus;
CPU_ZERO (&cpus);
CPU_SET(i, &cpus); // Bind this thread to CPU i
pthread_attr_setaffinity_np (&attr , sizeof(cpu_set_t),

&cpus);
pthread_create (&tid[i], &attr , function , args);

}

Table 5.3 shows the relative execution time standard deviation for 10 different runs,
with and without the thread affinity functionality.
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5.3 Optimizations
This section describes several optimizations we have tried over the ported code. First
we describe optimizations that apply to the entire application, and then those that
target a particular code region. These optimizations try to take advantage of the A64FX
architecture, but are likely to perform well on most systems. Some of the optimizations
we tried did not yield the expected result, but are explained regardless to provide the
lessons learned. Each of the optimizations that had a positive effect is later evaluated in
Section 5.4.

5.3.1 General Optimizations
Split Input

The A64FX has 4 core memory groups, each of them with 12 cores and 8 GB of shared
HBM memory. Each core group sees one group as a near domain, and the other two
groups as far domains. Accessing the near domain has a significantly lower latency
as shown in Section 5.1.3 compared to the far domain. In order to avoid accesses to
far domains, we have tried to split the input, and execute two different processes, each
one on two near domains. By doing this, we would have two processes using 24 cores
each (2 CMGs), but each process would require copy of the index and all necessary data
structures. After trying multiple combinations and compression schemes, we concluded
that this is not a feasible option on the A64FX due to its total memory capacity of 32 GB.

Large Pages

In the A64FX, the default page size is 4 KB. Such small pages are very inefficient on
irregular memory accesses since each access will likely go to a different page, requiring
a new virtual to physical address translation. Larger 2 MB pages can be enabled when
using the FCC with a specific library. The amount of memory covered by these larger
pages makes it more common to have temporal page address translation hits, leading
to better overall performance. The random accesses into the large FM-Index would
benefit from support of even larger page sizes. Most x86_64 HPC systems have support
for so-called huge pages of 1 GB, but the A64FX does not support pages larger than 2 MB.
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5.3.2 SMEMRegion
For the SMEM region, we have tried four optimizations, from which three have lead to
positive results.

Aggressive Inlining

We detected a performance issue when calling the function backwardExt that performs
the backwards extension to find SMEMs. This function performs an access to the FM-
Index and then reconstructs the missing entries with a comparison and a population
count operation. Besides the negligible overhead of the branch needed to do the function
call, this function has large struct parameter passed by value. In addition, the code
before and after the function call that manipulates parameters is significant.

While the compiler did not inline this function by using the regular inline keyword
due to its size, we forced inlining by using the always_inline attribute:

inline __attribute__ (( always_inline )) SMEM
backwardExt(SMEM smem , uint8_t a);

By forcing this function to be inlined, the movement of data on the stack is avoided,
and the compiler is able to optimize the code beyond the function limits. The code
reduction is substantial as the creation of the SMEM struct that was passed by value is
no longer needed.

Population Count (popcnt)

Counting the number of bits set in a register (the popcnt operation) is a critical op-
eration for the FM-Index algorithm as it is on the critical path between two depen-
dent irregular memory accesses. BWA-MEM2 relies on the compiler built-in function
__builtin_popcount, that on x86_64 translates into a single instruction as the hardware
supports this operation. However, on the A64FX the built-in performs the operation
using bitwise operations with masks and sums to obtain the result [137]. As opposed
to modern x86_64 architectures, the ARMv8.2-A specification does not include an in-
struction to perform a popcnt over a scalar register. However, SVE does have a specific
vectorized popcnt instruction. Therefore, we rewrote the code using SVE intrinsics by
moving the scalar register into a vectorial one, performing the popcnt using the svcnt
intrinsic, and moving back the result to a scalar register again.
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Figure 5.4: Interleaving four SMEM processes for different input reads.

Interleaved Sequences

The A64FX has a high memory access latency compared with HPC systems. However, it
does have a significant advantage in terms of memory bandwidth. As we explained in
Section 3.1.1, the forward extension used to obtain SMEMs leads to chains of dependent
long-latency memory accesses. Therefore, the latencies of each individual access cannot
be hidden. To solve this issue and allow hiding these latencies, we propose to interleave
multiple accesses to the FM-Index from different input reads, effectively performing
several forward extensions in parallel, as shown in the Figure 5.4. This exposes more
memory level parallelism as more accesses are in-flight, hiding their latencies; and the
core pipeline has additional work to do with multiple forward extensions running. Prior
work showed this is an effective technique when memory bandwidth is abundant (see
Section 4.4.2).

Manual Loop Fission

The A64FX has less out-of-order resources than other HPC processors. Limiting the
number of instructions within a loop is very important to save resources, such as reorder
buffer storage or physical registers. To enable aggressive loop unrolling the FCC compiler
has an automatic loop fission feature that can be configured via a specific pragma. By
using this technique loops can be split, providing smaller loop bodies, which leads to a
better utilization of the out-of-order resources [138].

Unfortunately, support for automatic loop fission via the specific pragma using the
FCC compiler is not compatible with the use of SVE intrinsics. The compiler cannot
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determine how to split the loop in the presence of intrinsics. Therefore, we have decided
to split manually the SMEM region in three loops. However, this is a difficult process to
performmanually and we did not achieve any performance improvement. Therefore, we
defer this optimization to future work, and will test again this feature once its support is
extended to accept SVE intrinsics within the loop body.

5.3.3 BSW Region
We focused on improving the port by taking advantage of the predication feature present
in SVE.

BWA-MEM2 uses a selection instruction for zeroing useless results within a vector.
We can eliminate these instructions by predicating the instruction that produces the
result. As an example, we will take the following piece of code:

__m128i m11 = _mm_add_epi8(h00 , sbt11);
__m128i cmp11 = _mm_cmpeq_epi8(h00 , zero128 );
m11 = _mm_blend_epi8(m11 , zero128 , cmp11 );

In this code, after performing the add operation, a predicate is built with
_mm_cmpeq_epi8. _mm_blend_epi8 selects the lane from zero128 if cmp11 has a 1
stored for that lane, or takes the value in m11 otherwise. zero128 contains 0s for all
lanes. This means that the instruction overrides the result obtained from the add with
0s where the predicate cmp11 is 1. Since SVE has instruction predication support, we do
the following translation:

svbool_t cmp11 = svcmpne_n_s8(svptrue_b8 (), h00 , 0);
svint8_t m11 = svadd_z(cmp11 , h00 , sbt11);

First, we build the predicate in a similar fashion and store it in cmp11. Then, the
add operation can be directly predicated, indicating that non-active lanes in the mask
need to be zeroed. This is accomplished with the appropriate _z suffix. By doing this we
save instructions within performance critical tight loops. Note that we cannot do this
by overloading the functions presented in Section 5.2.2 because we are combining two
instructions into one. We have applied this technique when possible. Since the algorithm
is compute bound and we are reducing the compute pressure within tight loops, we are
able to gain performance by leveraging SVE’s predication.
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Table 5.4: Details for D3, D4 and D5 input datasets.

D3 [139] D4 [140] D5 [141]
Organism Homo Sapiens Homo Sapiens Homo Sapiens
Machine Illumina Genome Analyzer II Illumina HiSeq 2000 Illumina HiSeq 2000

Sequence length 76 101 101
Total number of sequences 17.8 M 92.4 M 1,436.8 M
Selected seq. for evaluation 1.25 M 1.25 M 1.25 M

Run SRR043348 SRR622461 SRR622457

5.4 Experimental Results
In this section, we show the evaluation of the BWA-MEM2 port on Fujitsu’s A64FX
processor. We present the inputs used for the evaluation. Then, we evaluate the optimiza-
tions shown in Section 5.3. We explore how the SVE vector length affects the BWA-MEM2
execution time. Finally, we compare the performance of BWA-MEM2 running on the
A64FX and an Intel Skylake (SKX) (see Section 3.2).

5.4.1 Input Sequences
We use three real inputs from the National Center for Biotechnology Information Se-
quence Read Archive sequenced with an Illumina machine, termed: D3 [139], D4 [140]
and D5 [141]. We randomly select 1.25 million sequences from the original files. D3 has
sequences of 76 bps long, while D4 and D5 have sequences of 101 bps. These datasets
were also used to evaluate BWA-MEM2 when it was released [15]. Table 5.4 shows the
details of these datasets.

5.4.2 A64FX Optimizations Evaluation
We use as the initial baseline the BWA-MEM2 code described in Section 5.2. Then, we
evaluate the different optimizations described in Section 5.3. We progressively add one
optimization at a time to determine its impact on the final performance. When adding an
optimization, all previously evaluated optimizations are also present. All the experiments
presented in this section employ 48 threads, one per core.

Large Pages

Figure 5.5 shows the speedups when using large pages for each input and region of
interest. The average speedup among all the sections and all the inputs is 4.8%. However,
the SMEM section is the most affected by this optimization since it is a latency bound
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Figure 5.5: Speed-ups when using large pages with respect to not using them on A64FX with 48
threads. Showing data for D3, D4, and D5 inputs and the three code sections.

kernel, and it has a large memory footprint, showing a speedup of 1.11× with the D3
input.

Function Inlining

Figure 5.6a shows the obtained speedups when using the inline directive in the
backwardExt function. This optimization only affects the SMEM section, and achieves
a 1.27× average speedup in this application phase. Therefore, the function call with
parameters passed by value has a significant overhead that can be avoided.

Population Count

Figure 5.6b shows the speedups when adding the population count (svcnt) SVE
instruction in the SMEM region. By replacing a sequence of arithmetic instructions for a
single instruction primitive we achieve an average 5.7% performance improvement.

Interleaved Sequences

Figure 5.7 shows the speedups obtained when interleaving multiple accesses to the
FM-Index from different input reads, i.e., performing several forward extensions in
parallel. Again, this optimization only affects the SMEM section. We observe that the
best configuration is when using four interleaved sequences, which gives an average 8.1%
performance improvement with respect to not using interleaved sequences. Therefore,
we will use four interleaved sequences from now on.
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Figure 5.6: Speed-ups for (a) in-line, (b) population count and (c) predication optimizations for
D3, D4, and D5 inputs on A64FX with 48 threads.
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Figure 5.7: Average speedups for the interleaved sequences optimization on SMEM for D3, D4,
and D5 inputs on A64FX with 48 threads.

BSW SVE Predication

In Figure 5.6c, we can see the speedups when using SVE predication in the BSW section.
Despite we only predicated a few instructions inside the inner loop of the kernel, we
achieve an average 3.7% performance improvement in BSW.

Final Version

In total we have performed five optimizations over the baseline implementation. We
can see the performance improvements achieved by all the optimizations in Figure 5.8.
The figure shows, for multiple thread counts and for each input, the normalized exe-
cution time when all optimizations are applied (Optimized) with respect to the ported
code (Baseline). We obtain an execution time improvement of 23.2% on average for 48
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Figure 5.8: A64FX normalized execution time with respect to the unoptimized baseline. Showing
executions with 1, 12, 24 and 48 threads using D3, D4, and D5 inputs.

threads. In the figure, we can also distinguish each code region. SMEM is the region
that experiences the largest performance gain, 36.9% on average for 48 threads. We also
observe that the optimizations have a similar effect regardless of thread count. Therefore,
they are not targeting any bottlenecks that appear due to core count scaling. As we show
in Section 5.4.5 the application scales almost linearly with thread count.

5.4.3 SVE Vector Length Analysis
In order to test the vector length scalability of our SVE port, we perform experiments
with additional vector lengths of 128 and 256 bits. While the A64FX supports up to 512
bit vectors, the hardware can be instructed to use shorter vectors if desired. We execute
the same binary for all the vector length, since SVE is a vector length agnostic ISA. As
expected, we observe that the SMEM and SAL regions are not affected by vector length,
as their code is not vectorized. Therefore, we only show the speedups for the BSW region.
Figure 5.9 shows the performance improvements when changing the vector length for
the three inputs on 48-thread runs, normalized to single-thread SVE 128 bits. We also
observe average speedups of 37.6% when going from 128 to 256, and 79.0% when going
from 128 to 512 SVE bits. These results correlate with the reduction in terms of committed
instructions shown in Table 5.5. This indicates that the performance improvements we
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Figure 5.9: BSW region speedup for 48-thread executions with respect to single-threaded and
SVE 128 bits for D3, D4, and D5 inputs.

Table 5.5: Billions of committed instructions for a single threaded execution of BSW, and instruc-
tion reductions with respect to SVE 128.

D3 D4 D5
total reduction total reduction total reduction

SVE 128 197 - 230 - 298 -
SVE 256 151 30.5% 153 50.3% 192 55.2%
SVE 512 124 58.9% 108 113.0% 131 127.5%

obtain in terms of SVE scaling are the expected ones, and that memory bandwidth is not
limiting the performance of this kernel.

5.4.4 Scalability Analysis
Figure 5.10 shows average performance scalingwith 12, 24 and 48 threads for the different
regions as well as the entire execution. All the regions attain good scalability for all thread
counts, reaching 44.5×, 44.3× and 43.1× for SMEM, SAL and BSW, respectively, with
48 threads. These numbers are close to the theoretical peak (48×), proving that the
bandwidth is not limiting performance.

5.4.5 Comparison with SKX
In this section we compare performance and energy-to-solution of the A64FX against
the SKX system, both described in Section 5.1 and Table 3.1.
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Figure 5.10: Per region and total average speedups with respect to one thread for different thread
counts using inputs D3, D4, and D5.

Performance Comparison

Figure 5.11 shows performance results for the A64FX and the SKX system for the three
regions as well as the entire execution using 24 and 48 threads.

For the SMEM region, SKX clearly outperforms the A64FX on a performance per
thread (core) basis, 2.01× with 48 threads. This is due to two factors: (i) the aggressive
out-of-order pipeline of the SKX ismuchmore effective at hiding long latencymisses, and
(ii) the memory access latency of the SKX system is significantly lower (see Figure 5.3).
If we compare on a socket-to-socket basis, i.e., 24 threads of SKX versus 48 threads of
A64FX, the results are more on par with a 10.6% advantage for SKX on average.

The SAL region presents similar results to SMEM. The workload characteristics are
similar and the performance per thread difference in this region for 48 thread runs is of
2.31× on average. In a socket-to-socket basis the SKX systems outperform the A64FX by
27.7% on average.

The BSW region is much more compute intensive. On a per thread performance
basis the SKX system still outperforms the A64FX by 1.47× on average for 48 threads. In
this instance the main factors are: (i) the SKX core has more out-of-order resources (see
Figures 5.1 and 5.2), and (ii) the memory hierarchy of the SKX system has significantly
more cache capacity, with 1 MB of private L2 per core (no private L2 in A64FX) and
33 MB of LLC per socket (32 MB of LLC on A64FX). However, when comparing on a
socket-to-socket basis the A64FX outperforms the SKX system by 24.2%.

When adding up the three regions together, SKX outperforms the A64FX by 1.89×
on average for 48 threads. If we compare on a socket-to-socket basis, the performance
gap drops to a 4.0% advantage for SKX on average.
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Figure 5.11: Average speedups with respect to one thread in A64FX for each region and for the
entire execution using 24 and 48 threads using D3, D4, and D5 inputs.

Energy-to-Solution Comparison

Figure 5.12 shows energy-to-solution for different thread counts on both systems for the
entire region of interest; which includes SMEM, SAL and BSW. We can observe that SKX
is more energy efficient, 71.1% and 38.9% on average than the A64FX for 1 and 12 threads,
respectively. However, for 24 threaded executions the A64FX starts to gain efficiency
with respect to the SKX system, and the advantage is reduced significantly to 15.0%. Note
that we have to consider that for 24 threads the SKX system has the advantage of only
using a single socket, as the other one is in idle state; while the A64FX chip is using half
its cores. With 48 threads the SKX system fails to scale well in terms of energy-to-solution
(13.2% of improvement over 24 threads) since it has to use the second socket, which
increases the power consumption significantly. Therefore, performance gains are offset
by the increase in power consumption. However, the A64FX system continues to scale
well in terms of energy-to-solution and beats the SKX system by 11.6% on average. If
we compare in a socket-to-socket basis the A64FX also has better energy-to-solution by
26.4% on average.

Bottleneck Profiling

In the work presented later in this document (GenArchBench in Section 6), we profile
several genomic kernels. Among them, we analyze SMEM and BSW kernels (named
FMI and BSW in GenArchBench, respectively).
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Figure 5.12: Energy-to-solution comparison of the A64FX and SKX systems for the entire region
of interest using D3, D4 and D5 inputs.

Figure 6.4 shows the instruction mix of the kernels, while Figure 6.5 shows the
microarchitecture bottlenecks of the kernels. For SMEM, we observe a high number of
memory operations, which translates into a memory bottleneck, especially for the A64FX
due to its high memory latency. On the other hand, BSW is a compute bound kernel
dominated by integer and register manipulation operations. In SKX, the execution time
is dominated by useful work, while in A64FX, memory stalls are still an important factor.

5.4.6 Discussion
In summary, BWA-MEM2 is a memory latency-bound application that benefits from
aggressive out-of-order cores and lower memory access latencies present in the SKX
system. In addition, this application is not able to exploit the main advantage of the
A64FX, its memory bandwidth. While SKX has a substantial performance advantage on
the SMEM and SAL code regions, and also amoderate advantage in performance on BSW;
in terms of energy-to-solution, the A64FX system outperforms SKX both at equal thread
count and when comparing socket-to-socket. SKX’s aggressive out-of-order execution
and large caches have an energy cost that is difficult to amortize via performance gains.
Overall, the A64FX provides moderate per core performance but a good balance when
considering energy footprint, which leads to better energy-to-solution on an application
that is not the best fit for the A64FX architecture.

Regarding input size sensitivity, larger read sequences could affect data locality,
however, BWA-MEM2 is a read mapper specifically designed for short sequences and
we did not consider using long reads, as other mappers should be used for those. On
the other hand, using a reference genome that fits within the LLC would benefit the
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A64FX, as latency would be drastically reduced. A larger reference could make the
A64FX unsuitable for the workload; if the reference, the index, and the read sequences
exceed the 32 GB of HBM2 memory of the A64FX.

Lessons Learned

From the application side, we have found that working with the BSW code is tedious
and error prone. For this kernel, there is one implementation for each vector ISA (i.e.,
SSE2, AVX2 and AVX-512BW) as it is based on intrinsics. Since each vector ISA has
different characteristics (e.g., support for masks) the implementations of the algorithm is
also different. While the use of intrinsics may lead to performance gains, the drawbacks
in terms of code maintenance, readability, and extensibility to new architectures might
offset the benefits. SVE’s vector length agnosticism is a step in the right direction, as any
machine regardless of the implemented vector length can execute the code.

From the A64FX architecture side, themain take away is that it requires programmers
and users to be aware of its memory capacity and NUMA characteristics, which expose
certain trade-offs. First, the 32 GB of main memory can be limiting in some scenarios.
Second, efficiently use the available bandwidth requires to perform accesses to the local
NUMA node, as going to other nodes leads to worse bandwidth utilization (see Table 5.1)
and higher latency (see Figure 5.3). Therefore, careful placement of processes, threads
and data allocation to minimize accesses to different NUMA nodes is a paramount (see
subsection Execution Time Variance in Sections 5.2.5).
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GenArchBench: A Genomic
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In GenArchBench, we port to ARM and optimize one kernel for each read-mapping stage

The ARM architecture has been steadily emerging in the HPC and server ecosystems.
The A64FX processor [98] was the first ARM-based processor to power a supercomputer
that reached the top position in the Top500 list [113]: the Fugaku Supercomputer, which
held this rank from June 2020 to November 2021. More recently, Amazon has adopted
the Graviton processor family [101, 102] for its cloud servers, while NVIDIA’s Grace
processor [142] powers Alps, the Swiss supercomputer that entered the top 10 of the
Top500 list in 2024. With the emergence of such a robust ecosystem, the need to develop
and enhance a comprehensive software stack for ARM-based HPC systems has become
evident. In this context, GenArchBench addresses a key gap by providing a dedicated
genomic benchmark suite designed for ARM HPC processors.
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In this chapter, we present GenArchBench, a benchmark suite comprising 13 compu-
tationally demanding CPU kernels extracted from some of the most widely used genomic
tools. All kernels exploit multi-core parallelism and represent common stages in genome
analysis pipelines, such as base-calling, read mapping, variant calling, and de novo
assembly. Furthermore, this work introduces architecture-specific adaptations and opti-
mizations of these genomic kernels for ARM HPC CPUs. Notably, several kernels have
been optimized using the latest ARM Scalable Vector Extensions (SVE) to fully leverage
the computational capabilities of modern ARM HPC processors.

In addition to the benchmark suite porting and optimization, this work presents
a performance characterization of GenArchBench on four HPC machines, two ARM-
based and two x86-based nodes. This characterization includes the kernels’ instruction
breakdown, single-thread and multi-thread performance evaluations, a microarchitec-
ture bottleneck analysis, and an energy-to-solution study in the different processors.
Ultimately, we evaluate the performance impact of these optimizations by integrating
two of the accelerated kernels in a production-ready tool used in a myriad of genome
analysis pipelines.

This work has been performed in collaboration with a research team. Among them,
we find Asaf Badouh, Víctor Soria-Pardos, Quim Aguado-Puig, Guillem López-Paradís,
and Max Doblas. Special mention should be made to Lorién López-Villellas, that was
coordinating all the work and putting all the pieces together. I have contributed to this
work by porting and optimizing BSW, FAST-CHAIN, and FMI kernels.

6.1 GenArchBench Benchmark Suite
The GenArchBench benchmark suite comprises 13 multithreaded CPU kernels derived
from themost widely used genomic tools and covers themost important genome sequenc-
ing steps. It includes ten kernels from the GenomicsBench [143] benchmark suite and
three additional kernels: the Bit-Parallel Myers algorithm [144] (BPM), the Wavefront
Alignment algorithm [56] (WFA), and FAST-CHAIN [145]. BPM and WFA complement
the sequence alignment kernels of GenomicsBench to better capture contemporary trends.
Additionally, FAST-CHAIN is a recent vector-enabled reimplementation of the CHAIN
kernel present in GenomicsBench, which allows us to further explore the capabilities of
SVE.

Additionally, GenArchBench provides curated input datasets for each kernel, includ-
ing small and large datasets, along with their corresponding outputs to be used as ground
truth. The small datasets, executed for testing purposes, have been sized to require
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single-thread execution times no longer than a few minutes; meanwhile, large datasets,
run for performance evaluation purposes, require several minutes. For convenience,
we provide automatic regression tests for all the kernels to verify the correctness of the
outputs.

Although some kernels included in GenArchBench can exploit the capabilities of
modern GPUs, this research focuses on porting, accelerating, and evaluating the perfor-
mance of genomic kernels in ARM processors. Moreover, the ARM-systems evaluated in
this work (A64FX and Graviton3) are not equipped with GPUs.

As we use GenomicsBench as our starting point, GenArchBench adds several im-
provements to it. First, we port 10 kernels from GenomicsBench from x86 to the ARM
architecture and optimize them. In addition, we have added three new kernels (BPM,
WFA, and FAST-CHAIN), for which we have performed vectorization from scratch. We
also adapt the BSW SIMD version from x86 to the ARM architecture. Finally, we include
a comprehensive set of inputs and outputs for testing purposes.

The kernels presented in this section target x86 architectures and have not been
extensively tested or optimized for ARM machines. Thus, it was expected that some
kernels could run into failures and even generate incorrect results. To verify the execution
of the kernels, we used the SKX system to compute the correct output for all kernels and
inputs (i.e., the ground truth).

The following subsections present GenArchBench’s kernels, briefly describing their
functionality, the tools that execute them, and a description of their usage and inputs.

6.1.1 Adaptive Banded Signal to Event Alignment (ABEA)
ABEA is a dynamic programming algorithm that compares raw nanopore signals from
ONT sequencing systems to a reference genome sequence. ABEA’s implementation is
based on the Suzuki-Kasahara algorithm [97]. This step is performed in some tools, such
as Nanopolish [146], to correct errors produced in the basecalling process (Figure 2.1-
2). For GenArchBench, we have used the CPU implementation of f5c [147], a version
of ABEA based on Nanopish’s, optimized for both CPU-only and hybrid CPU/GPU
executions. This implementation of ABEA exploits coarse-grain multi-threading by
dividing the raw signals of the input between the available cores. Since the signals are
not of regular size, f5c implements work-stealing to improve load balance. The small
and large inputs comprise 1K and 10K raw FAST5 (ONT) reads from chromosome 22 of
NA12878 and GRCh38 as the reference genome [148].
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6.1.2 Bit-Parallel Myers (BPM)
BPM [144] is a dynamic programming algorithm that finds all locations a query string of
size𝑚matches a reference string of size 𝑛 with 𝑘 or fewer differences (Figure 2.1-3.a.1.3).
It computes the approximate string matching of two strings in 𝑂(𝑚𝑛∕𝑤) time, where 𝑤
is the word size of the machine. BPM is used in read mapping tools and libraries, such as
GEM-Mapper [27], Edlib [22], GraphAligner [149] or Hobbes [150]. For GenArchBench,
we have used an in-house implementation of the algorithm that exploits multi-threading
by assigning different pairs of strings to different threads. The small and large inputs
comprise 100K and 10M sequence pairs from human sample SRR7733443 downloaded
from the sequence read archive [151].

6.1.3 Banded Smith-Waterman (BSW)
The Smith-Waterman algorithm [31] is a dynamic programming algorithm that computes
the local sequence alignment of two sequences of length𝑚 and 𝑛, respectively, in 𝑂(𝑚𝑛)
time and space. A banded version of Smith-Waterman [96] is used to align sequences
with a maximum of 𝑤 insertions/deletions, reducing the time and space complexity to
𝑂(𝑤𝑛) (Figure 2.1-3.a.1.3). BSW is used in variant discovery tools such as GATK [33],
and in sequence alignment software like BWA-MEM [15, 23]. For GenArchBench, we
have used BWA-MEM2’s x86-vectorized implementation of BSW. In order to exploit
multi-threading, the set of pairs of strings to align is dynamically divided among core.
The small and large inputs comprise 100K and 10M sequence pairs from human sample
SRR7733443 [151].

6.1.4 Seed Chaining (CHAIN)
Given the set of seeds from a DNA sequence (read) mapped to another sequence, such
as the reference genome, the chaining step (Figure 2.1-3.a.1.2) aims to find a chain of
colinear seeds. This is a time-consuming step performed by alignment tools, such as
Minimap2, and by de-novo assemblers like Flye [39] or Canu [40]. We have selected the
implementation of CHAIN found in GenomicsBench that extends Minimap2’s to exploit
inter-task parallelism across reads. The small and large inputs comprise the seeds from
1K, and 10K reads of Pacbio’s Caenorhabditis elegans worm sequence data [152].
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6.1.5 SIMD Seed Chaining (FAST-CHAIN)
The previously presented implementation of the CHAIN algorithm utilizes heuristics to
stop executing when the result is sufficiently good. This speedups execution at the cost
of accuracy, and it hinders the vectorization of the kernel. FAST-CHAIN [145] is an x86-
vectorized version of CHAIN that removes the heuristics to exploit SIMD computation.
As a result, FAST-CHAIN outputs accurate results and presents performance gains
compared to CHAIN. FAST-CHAIN uses the same inputs as CHAIN.

6.1.6 De Bruijn Graph Construction (DBG)
The De Bruijn graph (DBG) of an input set of reads is used to represent the overlaps
between the sub-strings of length 𝑘 (k-mers) found in the input (Figure 2.1-3.b.2). Each
node of the graph represents a k-mer and the edges connect adjacent k-mers in the input
set. The construction of these graphs is a time-consuming step in de-novo assemblers
like Flye [39], Canu [40] or Racon [41], and in variant callers such as GATK [33] and
Platypus [34]. For GenArchBench, we have used the DBG construction of Platypus,
which exploits parallelism by assigning different regions of the input to different threads.
Both inputs employ chromosome 22 of BWA-MEM aligned records from the Platinum
Genomes dataset [153]. The small input uses bases 16M-16.5M, while the large input
uses the entire chromosome.

6.1.7 FM-Index Search (FMI)
The FM-Index is a compressed sub-string index based on the Burrows-Wheler trans-
form [154]. Given a sub-string 𝑠, FM-Index can be used to find the location of 𝑠 in the
reference genome in 𝑂(|𝑠|) time, where |𝑠| is the length of the sub-string (Figure 2.1-
3.a.1.1). The FM-Index data structure is used in sequence alignment tools such as
BWA-MEM [15, 23] or Bowtie2 [26], and in metagenomic classification software like
Centrifuge [42]. For GenArchBench, we have used the super-maximal exactmatch kernel
of BWA-MEM2, which utilizes the FM-Index structure. This kernel exploits parallelism
by dynamically assigning batches of reads among threads. The small and large inputs
comprise 1M and 10M pairs of 151 bases from human sample SRR7733443 [151].

6.1.8 K-mer Counting (KMER-CNT)
K-mer counting aims to count the number of occurrences of each k-mer in an input se-
quence (Figure 2.1-3.b.1). This task is performed in de-novo assemblers such as Flye [39]
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or Canu [40] and in metagenomic classification software like Clark [47]. Additionally,
note that the functionality of KMER-CNT is very similar to accessing large lookup tables,
as done in state-of-the-artmappers likeMinimap2 [24]. ForGenArchBench, we have used
the k-mer counting kernel of Flye. This implementation divides the input-reads among
threads and relies on the thread-safe hash-map implementation of Libcuckoo library [155]
to concurrently increase the number of individual k-mers shown by each thread. The
small and large inputs comprise 1K and 50K Escherichia coli Oxford Nanopore reads
sequenced by Loman Labs [156].

6.1.9 Neural Network-based Base Calling (NN-BASE)
ONT sequencing systems monitor changes in an electrical current as single strands of
DNAor RNApass through a protein nanopore. These changes in the electrical current are
then converted to a sequence of nucleotide bases in the basecalling process (Figure 2.1-
2). The analog signal inevitably contains ambiguities due to noise or measurement
errors. Some basecallers, such as Guppy [19] and Bonito [18], rely on neural networks
to solve these ambiguities, determining the most likely observed nucleotide in each
part of the electrical current. For GenArchBench, we have used Bonito’s deep-learning
base-caller (NN-BASE), which depends on the PyTorch library [157]. Bonito splits the
input signal into smaller chunks of regular size and feeds them to a PyTorch neural
network that internally exploits multi-threading. The small and large inputs comprise 1
and 10 raw FAST5 reads from chromosome 20 of NA12878, obtained from the Nanopore
WGS Consortium [148].

6.1.10 Neural Network-based Variant Calling (NN-VARIANT)
Variant calling is the process of detecting the differences (variants or mutations) be-
tween the aligned reads and the reference genome (Figure 2.1-3.a.2). This is a costly
process performed by statistics-based variant callers, such as GATKHaplotypeCaller [33]
or Platypus [34], and deep-learning variant callers, such as Clair [35, 36], DeepVari-
ant [37] or Medaka [38]. For GenArchBench, we have used the second generation of
Clair variant caller (Clair3), based on the TensorFlow framework [158]. Clair3 exploits
parallelism by dividing the input into regular-size chunks, and each of these chunks is
processed by one thread using TensorFlow. Our small and large inputs comprise 100K
and 10M reference positions, respectively, of chromosome 20 of HG002 from NITS’s
Genome in a Bottle (GIAB) project [159]. We are using Clair3’s ONT pre-trained model
r941_prom_hac_g360+g422 [160].
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6.1.11 Pileup Counting (PILEUP)
Given the alignment data of a set of aligned reads to a region of a reference genome,
usually a SAM or BAM file [161], pileup counting is the process of summarizing the
base-pair information at each chromosomal position. This summary, called pileup, is
customary the input for long-read neural network variant callers such as Clair [35, 36] or
Medataka [38] (Figure 2.1-3.a.2). For GenArchBench we have used the pileup counting
implementation of Medaka, which exploits multi-thread parallelism by distributing 100
kilobase regions of the reference genome between threads. The small input comprises
bases 1-1499707 of the Staphylococcus aureus genome [19], and the large input comprises
bases 1-1412827 of chromosome 20 of sample HG002 [159].

6.1.12 Partial-Order Alignment (POA)
The construction of an overlap graph from a set of reads leads to an approximate repre-
sentation of the original sample’s genome. To determine the consensus genome of the
sample, the alignment of all the reads against each other is performed in a process called
multiple sequence alignment (MSA) (Figure 2.1-3.b.3). The Partial Ordered Alignment
(POA) algorithm [162] computes the MSA of all sequences by incrementally construct-
ing a partially-order graph aligning new sequences to it using a dynamic programming
algorithm such as Smith-Waterman [31] or Needleman-Wunsch [30]. The multiple align-
ment sequence (consensus sequence) is inferred from the graph by using the Heaviest
Bundle algorithm [163]. POA is used in software packages such as Nanopolish [146] or
Racon [41]. For GenarchBench we have used the SIMD-optimized version of POA of the
SPOA library [164]. SPOA exploits multi-threading by computing the partially-ordered
graph of multiple sets of sequences in parallel. The small and large inputs comprise
1K and 6K sets of multiple sequences aligned to a reference genome, each containing
between 5 and 115 sequences. This data comes fromMinimap2’s polishing step of the
Flye-assembled Staphylococcus Aureus genome [19].

6.1.13 Wavefront Alignment (WFA)
The wavefront alignment algorithm (WFA) [165] is a pairwise alignment algorithm
(Figure 2.1-3.a.1.3) that takes advantage of homologous regions between the sequences
to accelerate the alignment process. As opposed to traditional dynamic programming
algorithms that run in quadratic time, WFA time complexity is 𝑂(𝑛𝑠), proportional to
the read length 𝑛 and the alignment score 𝑠, using 𝑂(𝑠2)memory. The wavefront algo-
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rithm is used in tools such as wfmash [166], AnchorWave [167] or AncestralClust [168].
GenArchBench includes a custom multi-thread implementation of WFA, where each
thread aligns a pair of strings independently. The small and large inputs comprise 100K
and 1M sequence pairs from human sample SRR7733443 [151].

6.2 ARM Porting of Genomic Kernels
Among all the kernels present in GenarchBench, I have contributed to BSW, FAST-
CHAIN, and FMI. In this section, the porting and optimization process of these three
kernels are described.

For our experiments, we used the GNU compiler (GCC) on Graviton3 (v11.2.0), SKX
(v10.1.0), and Rome (v10.2.0). On the A64FX, we used GCC (v10.2.0) and the Fujitsu
Compiler (FCC) (v4.2.0b). For most kernels, FCC-compiled binaries exhibited better per-
formance. The Fujitsu Compiler implements two compilation modes: a traditional mode
(Trad) based on compilers for earlier systems and a Clang mode based on Clang/LLVM.
In all cases, we obtained better execution times when compiling with FCC’s Clang mode.
All the results presented in this chapter for the A64FX have been obtained using the
Clang mode of FCC, excluding the two Python kernels (NN-BASE and NN-VARIANT),
whose libraries were compiled using GCC.

We compile all kernels with at least -O2 optimization level and enable CPU-specific
optimizations: -march=armv8-a+sve on the A64FX, -mcpu=native on Graviton3 and
-march=native on SKX and Rome. Enabling CPU-specific optimizations in ABEA and
POA resulted in incorrect executions, probably due to programming errors in the original
source code. Therefore, such optimizations are not used for these two kernels.

After performing the appropriate modifications to the kernels so all of them success-
fully execute on ARM, we applied further optimizations to some kernels to improve
the performance obtained in this architecture. Such optimizations are described in the
following subsections.

6.2.1 BSW
The SVE version of BSW [169] is a translation to ARM SVE-intrinsics of the x86-vector
version found in BWA-MEM2, which groups the sequence alignment of multiple equal-
length sequences via SIMD instructions (i.e., inter-sequence vectorization). The x86-
intrinsics version of BSW relies onmasks and blend operations to select valid entries from
the vector registers. The SVE version takes advantage of SVE’s predicate instructions to
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Figure 6.1: Speedup of SIMD kernels over their scalar version on the experimental setup using
the large inputs.

avoid the need for blend operations, effectively reducing the number of total instructions
executed. BSW operates on 16-bit integers, allowing to process 32 elements per iteration
on SVE-512 (A64FX) and 16 on SVE-256 (Graviton3).

As shown in Figure 6.1, the SVE version of BSW performs 3.4× and 1.3× faster than
its scalar version on the A64FX and Graviton3, respectively.

6.2.2 FAST-CHAIN
Our SVE implementation of FAST-CHAIN is a translation to SVE intrinsics of the x86
version. We have used the x86 version [145] as a reference, but our FAST-CHAIN code is
entirely original. The original x86 implementation of FAST-CHAIN executes its main
loop scalar version (i.e., avoids executing the vectorized loop) when the number of
iterations to perform is small. Additionally, as usual in x86 vector loops, it implements
a loop-tail to process the remaining elements. Since SVE is vector-length agnostic, we
could avoid most of the logic of the x86 version, reducing the number of performed
instructions.

The x86 vectorized version of FAST-CHAIN uses 32-bit anchors. In some cases,
32-bit anchors are not sufficient, and this kernel generates incorrect results (also for the
scalar version). To solve this, we have implemented 64-bit and 32-bit SVE versions of
FAST-CHAIN. The 64-bit version always outputs correct results, but we have used the
32-bit implementation to compare against the 32 bits x86 implementation.

As shown in Figure 6.1, GenArchBench’s SVE version of FAST-CHAIN runs 4.5×
and 1.8× faster than its scalar version (CHAIN without heuristics) on the A64FX and
Graviton3, respectively. Experimental results show that the performance of FAST-CHAIN
compared to regular CHAIN greatly depends on the input —the usage of heuristics may
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lead to performance variations based on the characteristics of the input. For instance,
using GenArchBench’s large input, our SVE version of FAST-CHAIN is 2.2× faster than
regular CHAIN on the A64FX, but it presents a 1.4× slowdown on Graviton3.

6.2.3 FMI
GenArchBench’s FMI version implements three optimizations proposed in Chapter 5:

• One of the most called functions in this kernel is backwardExt. To reduce the
overhead of the calls, this function is in-lined.

• FMI uses the builtin_popcount function. This function counts the number of
bits set to one in an integer. None of the tested compilers translates this function
to SVE’s population count instruction. Instead, they use bitwise operations and
masks. To force exploiting SVE capabilities, all calls to builtin_popcount are
replaced by SVE intrinsics.

• FMI performance is heavily affected by memory access latencies. To hide these la-
tencies, the optimized version of FMI interleaves the execution of several sequences,
effectively performing several memory accesses in parallel.

By applying the three presented optimizations, we improved the kernel performance
on both ARMmachines by roughly 35%.

6.3 Performance Characterization
This section presents a detailed performance characterization of the kernels in our
experimental setup. I personally contributed to the benchmark suite by porting three
kernels: BSW, FAST-CHAIN, and FMI. However, we show the results for all the kernels
in the suite.

For all of the studies presented, we have annotated the code of the kernels to define
their region of interest, i.e., we only study the part of the kernels dedicated to meaningful
computation. All the results shown in this section have been computed using the large
input of each kernel. We noted minimal variation between executions of the kernels,
with a maximum relative standard deviation of 5% observed across 10 repetitions of the
experiments. Consequently, we showcase the results based on a single execution in the
figures. While executing DBG with high thread counts in Graviton3, outlier execution
times occurred approximately 10% of the executions. In the case of DBG in Graviton3,
we selectively present results from a representative execution.
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Figure 6.2: Single-core (top) and multi-core (bottom) execution time of GenArchBench’s kernels
on the experimental setup. Multi-core results correspond to executions using all available cores
on each machine: 48 threads on the A64FX and SKX and 64 threads on Graviton3 and Rome.
The results are normalized to the performance on the A64FX using one core (top) and 48 cores
(bottom). FCHAIN, KCNT, NNB, and NNV are the abbreviations of FAST-CHAIN, KMER-CNT,
NN-BASE and NN-VARIANT, respectively. NN-VARIANT is not taken into consideration for the
average in the multi-core plot.

6.3.1 Single-Thread Performance
The top plot of Figure 6.2 shows the single-thread execution time of each kernel on the
experimental setup. The results are normalized to the performance on the A64FX.

The A64FX features significantly fewer out-of-order resources, a smaller memory
hierarchy, and higher memory latencies than the rest of the systems. On average, the
former is 2.4×, 1.8×, and 1.7× slower than Graviton3, SKX, and Rome on single-threaded
executions, respectively. Exploiting the SVE capabilities of the A64FX helps to reduce
this slowdown. SVE vectorized kernels (BSW, FAST-CHAIN, and WFA) present better-
than-average performance on the A64FX: BSW performance is similar to the exhibited on
Graviton3 and only 17% worse than the performance on the x86 machines, FAST-CHAIN
performs better than on Rome, and WFA performs better than on SKX. Note that BSW
and FAST-CHAIN exploit AVX-512 on SKX while they leverage AVX2 on Rome, and that
WFA is not vectorized on the x86 machines. The deep-learning kernels (NN-BASE and
NN-VARIANT) are the worst-performing on the A64FX. We observe better performance
for A64FX in compute-bound kernels such as BSW, with respect to the other systems.
The available higher memory bandwidth benefits the A64FX. On the other hand, latency-
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bound kernels such as FMI hinder A64FX performance since the memory latency is
much higher in the A64FX processor (Section 5.1.3).

Graviton3 performs exceptionally well in single-thread executions. On average, it
presents 2.44×, 1.33×, and 1.39× performance speedups with respect to the A64FX, SKX,
and Rome, respectively. FAST-CHAIN performance on Graviton3 is 1.8× better than
on Rome (AVX2) but 70% worse than on SKX since it exploits AVX-512 (512 bits) on
that machine. WFA runs 2.5× and 1.8× faster on Graviton3 than on SKX and Rome,
respectively. In contrast to the A64FX, the deep-learning kernels (NN-BASE and NN-
VARIANT) deliver good performance on Graviton3, showing speedups of between 3.1-
6.2× compared to the A64FX.

6.3.2 Parallel Performance
We evaluate the parallel performance of GenArchBench’s kernels using different thread
counts: 2, 8, 24, 48, and 64. The A64FX and SKX implement 48 cores. Hence, executions
with more than 48 threads have only been performed on Graviton3 and Rome. We
bind threads to cores to prevent software threads from changing the core on which they
execute. When using the pthreads library, we use the pthread_attr_setaffinity_np
C function as shown in Section 5.2.5. For OpenMP codes, the flag OMP_PROC_BIND needs
to be used to bind the threads.

Controlling thread affinity is mandatory in our experiments to achieve good parallel
performance on the machines, especially on the A64FX, where migrating a thread mid-
execution to other NUMA domains could result in large differences in memory latency
and bandwidth (Sections 5.1.3 and 5.1.4). ABEA, NN-BASE, and NN-VARIANT do not
allow full thread affinity control. Therefore, thread migrations can occur in these three
kernels.

Figure 6.3 shows the speedup over serial execution achieved by the kernels on the
experimental setup using the previously presented thread counts. Additionally, the
bottom plot of Figure 6.2 compares the performance obtained using all available cores
on each machine: 48 threads on the A64FX and SKX and 64 threads on Graviton3 and
Rome. The parallel performance of NN-VARIANT on the A64FX is extremely poor;
therefore, it is not considered for the average calculation. The results are normalized to
the performance on the A64FX using 48 threads.

All GenArchBench’s kernels exploit coarse-grain parallelism. Most of them, except for
KMER-CNT, present little to no interaction between threads, which benefits scalability
since the threads can work in their chunks without having to wait for other threads. It
can be seen that some kernels achieve near-perfect scaling on all machines. This is the
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Figure 6.3: Speedup over serial execution of GenArchBench’s kernels on the experimental setup.
We show the achieved speedup using different thread counts: 2, 8, 24, 48, and 64. The A64FX
and SKX 64-threads points are not shown in the figure, since those machines only implement 48
cores. We also show ideal (linear) parallel speedup (when using x threads, ideally we expect a
speedup of x) in gray.

case for BPM, BSW, CHAIN, FMI, and WFA. For this set of kernels, the normalized plots
using one thread and all available cores are similar. It is important to note that Graviton3
and Rome show some performance gains compared to the other two machines since the
number of available cores is higher.

In ABEA and PILEUP, the primary thread reads the full input and splits it into
smaller chunks that are dynamically assigned to idle threads. This is the same scheduling
implemented by other kernels, such as BSW. However, the chunks used in ABEA and
PILEUP are significantly bigger, leading to load imbalance. The parallel performance of
both kernels should improve by using larger inputs. In both kernels, the A64FX presents
poorer scalability than the other three machines, further increasing their performance
difference compared to single-thread executions.

DBG also implements dynamic scheduling and shows good scalability and load
balance on the A64FX, SKX, and Rome. In contrast, runs of DBG on Graviton3 using
more than 8 threads present high variability in contrast to the other machines, resulting
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in poor scalability in most cases. Due to this behaviour, DBG performance on Graviton3
using all cores is similar to SKX’s.

In KMER-CNT, all threads continuously perform random memory write accesses
using atomic operations, resulting in high memory contention and poor scalability. For
this kernel, the A64FX presents the best parallel scalability: a maximum speedup of 16×
with respect to single-thread executions vs. a maximum of 5× on the other machines.
This results in similar performance between the A64FX, Graviton3 and SKX when using
all available cores.

NN-BASE does not implement any high-level parallelism. It relies on PyTorch
multithreading[170], which allows using intra-op parallelism (via math libraries like
Intel MKL[171]) and inter-op parallelism. This approach works relatively well on the
A64FX but offers poor scalability on the rest of the systems.

NN-VARIANT presents significant load imbalance even with low thread counts. In
order to improve this, we tried two different scheduling policies: to assign each core a
similar-sized chunk of the input and to dynamically assign small chunks to available
threads. In both cases, the time needed to process the chunks was unpredictable. Addi-
tionally, NN-VARIANT relies on Tensorflow, making it difficult to control the number
of threads used. Besides the kernel’s high-level parallelism, Tensorflow uses between 1
and 4 threads during the model inference step, degrading parallel performance when
NN-VARIANT uses more than 1∕4 of the available threads. The performance of NN-
VARIANT on the A64FX does not improve with any number of threads, resulting in
extremely poor parallel performance compared to the other systems.

6.3.3 Instruction Mix Comparison
An application’s instruction mix determines which processor pipelines and functional
units are the most used during its execution. To obtain it, we used the instruction mix
report offered by the Fujitsu Advanced Performance Profiler (FAPP) on ARM (A64FX)
and a modified version of DynamoRIO’s opcode_mix tool [172, 173] on x86 (SKX) that
divides the executed instructions into different categories [174]. The instruction mix
offered by both tools is significantly different, so we designed a mapping from FAPP
categories to the categories defined in our modified DynamoRIO.

Figure 6.4 shows the instruction mix of GenArchBench’s kernels in ARM (A64FX)
and in x86 (SKX). The Fujitsu Advanced Performance Profiler does not allow the cre-
ation of child processes. For this reason, we have not been able to compute the ARM
instruction mix of the Python kernels (NN-BASE and NN-VARIANT). The Register
Move/Manipulation category includes any data movement between registers or manip-
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ulation of the contents of a register without performing any arithmetic operation (like
the setz instruction of x86). The Other category includes prefetching, cryptographic,
string, and special instructions (such as the DCZVA and MOVPRFX instructions of ARM or
the RDRAND instruction of x86).

ABEA and the deep-learning kernels (NN-BASE and NN-VARIANT) are the only
kernels that perform a significant number of floating-point operations. As explained
before, we lack the tools to compute the instruction mix of NN-BASE and NN-VARIANT
on ARM, but as for the rest of the kernels, we expect it to be similar on both architec-
tures. CHAIN and FAST-CHAIN also perform floating-point operations but are mainly
dominated by integer, logical, and register move/manipulation instructions. FMI mainly
performs memory operations and is heavy on register move/manipulation instructions
on ARM. On the other hand, KMER-CNT performs nearly no data movements (although
memory accesses in this kernel are expensive, as shown in Section 6.3.4). The rest of the
kernels mostly execute integer and logical instructions and between 30% and 40% of data
movement operations.

6.3.4 Microarchitecture Bottleneck Analysis
We have studied the microarchitecture bottlenecks of each application using FAPP on the
A64FX, Perf on Graviton3 and Rome, and Intel VTune Profiler on SKX. We have not been
able to compute the microarchitectural bottlenecks of Python kernels (NN-BASE and
NN-VARIANT) on the A64FX, as FAPP does not allow the creation of child processes.
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Analogous to the instruction mix, we have designed a mapping from the different
profilers and system metrics to our microarchitecture bottleneck categories:

• Back-End Stalls: Produced when a back-end stage of the core is stalled. We split
this category into:

– Memory Stalls: Includes stalls due to main memory and caches.

– Core Stalls: Produced when an arithmetic unit blocks the pipeline.

• Front-End Stalls: Produced when the front-end stage from the core is stalled. This
can be the instruction cache or the decode stage.

• Bad Speculation Stalls: Produced by a misprediction from a speculation unit. This
includes the branch predictor and the load-store queue.

• Useful Work: Time spent committing instructions.

• Other: Other stalls not taken into account by the other counters.

Unfortunately, we could not computeMemory Stalls nor Core stalls in Rome since it
does not implement the required performance counters. The same problem occurs on
Graviton3, where we could not measure Core stalls subcategory.

Most hardware events in SKX measure slots instead of cycles. Although we have
homogenized the formulas used in each machine as much as possible, it is important
to note that performance counters are not standardized between machines, let alone
architectures, so similar metrics may count moderately different events on different
machines. Comparisons between counters of different machines must be seen as rough
estimations of reality.

Figure 6.5 shows themicroarchitecture bottlenecks of GenArchBench’s kernels on the
experimental setup. On average, there are significantlymorememory stalls on the A64FX
than on the rest of the machines. While the A64FX has the highest memory bandwidth,
it implements a small memory hierarchy and suffers from high memory latencies. On
the other hand, the bottlenecks on Graviton3 are more similar to those shown by the x86
machines. ABEA, BSW, DBG, and POA suffer from a high percentage of memory stalls
on the A64FX compared to the other machines. On the other hand, FMI and KMER-CNT
are mainly memory-bound on all machines. These two kernels mainly perform random
memory accesses and do not exploit temporal or spatial locality. Thus, they are highly
impacted by memory latencies. Kernels such as DBG, PILEUP, or WFA suffer from a
high count of stalls due to bad speculation on x86 systems, especially on SKX, while the
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Figure 6.5: Microarchitecture bottlenecks of GenArchBench’s kernels on the experimental setup.
FCHAIN, KCNT, NNB and NNV are the abbreviations of FAST-CHAIN, KMER-CNT, NN-BASE
and NN-VARIANT, respectively. Grav3 is the abbreviation of Graviton3.

bottleneck on ARM is much smaller. Although this may very well be due to how these
stalls are counted on different machines, we believe that ARM predicated instructions
play an important role in this metric. The number of cycles NN-VARIANT dedicates to
useful work on Rome is small compared to the other machines, which explains its poor
performance compared to other kernels on this machine. On the contrary, the Useful
Workmetric percentage of NN-BASE is considerable on all machines.

6.3.5 Energy Consumption
Figure 6.6 shows the energy-to-solution of GenArchBench’s kernels on the A64FX, SKX,
and Rome using one (top plot) and all available cores (bottom plot) on each machine.
Graviton3 is not included in the figure as it does not expose its energy consumption.
Additionally, we cannot measure the energy consumption of Rome’s DRAM. However,
since Rome and SKX use the same DRAM technology, we have added an estimated 12%
extra energy consumption to Rome’s measurements based on the energy consumption of
SKX’s DRAM (expressed as error bars in Figure 6.6). Energy consumption was measured
using the Fujitsu power API [175] on the A64FX, and an in-house library [176] based
on the Running Average Power Limit (RAPL) [177] on SKX and Rome. Load imbalance
makes NN-VARIANT a kernel with poor scalability. Moreover, the A64FX scalability
in NN-VARIANT is even lower than in the other systems. Therefore, the results of NN-
VARIANT were not taken into consideration for the average calculation, as we consider
them to be outliers.

The maximum power consumption of the A64FX (120 W) is substantially lower than
that of the x86 systems: 2×150 W on SKX and 225 W on Rome. However, SKX and Rome
are capable of dynamically scaling their frequency depending on the load of the system
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Figure 6.6: Single-core (top) and multi-core (bottom) energy-to-solution of GenArchBench’s
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are normalized to the performance on the A64FX using one core (top) and 48 cores (bottom).
FCHAIN, KCNT, NNB and NNV are the abbreviations of FAST-CHAIN, KMER-CNT, NN-BASE
and NN-VARIANT, respectively. NN-VARIANT is not taken into consideration for the average
in the multi-core plot. Graviton3 is not included in this plot since it does not expose its energy
consumption.

(CPU throttling), while the A64FX constantly consumes power near its peak, even on
low usage.

The results shown in the top plot of Figure 6.6 are highly similar to those presented
in the top plot of Figure 6.2. On average, the A64FX consumes 1.7× more than SKX
and 2.6×more than Rome in single-thread executions. Kernels with good single-thread
performance, such as BSW or WFA, show better-than-average energy-to-solution results
on the A64FX.

The previous picture changes when using all available cores on each machine (bot-
tom plot of Figure 6.6). In this scenario, all the machines are near their peak power
consumption. The A64FX consumes less energy than SKX in 8 out of 13 kernels (12% less
energy consumption on average), while Rome is again the most energy efficient when
executing most kernels (1.9× less energy consumption than the A64FX). This change in
trend occurs because the SKX system has to use both of its sockets. During single-thread
execution, only one socket is active. On the other hand, when all cores are used, both
sockets become active, which increases the power consumption by nearly a factor of two.
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Figure 6.7: Execution time of BWA-MEM2 using one core (left) and all available cores in each
machine of the experimental setup (right). We show results using three inputs: D3, D4, and D5.
The results are normalized to the performance on the A64FX using one core (left) and 48 cores
(right).

6.3.6 Evaluation of a Real Genomic Tool
Finally, we evaluate the performance of a real genomic tool that uses some of the ported
kernels presented in this chapter. This evaluation is an extension of the one shown in
Section 5.4.5. Specifically, we add two new machines to the analysis: Graviton3 and
Rome.

As shown in Section 5.4.5, we use BWA-MEM2 [15], a read mapping tool (Figure 2.1-
3.a.1) that employs the FMI kernel for the seed stage (Figure 2.1-3.a.1.1) and the BSW
kernel for the extend stage (Figure 2.1-3.a.1.3). We use the optimized versions of the
kernels, which have been presented and evaluated in this work. In our tests, BWA and
FMI represent 45% and 34% of the total execution time of BWA-MEM2, respectively.

We use the inputs already described in Section 5.4.1: the input sequences D3 [139],
D4 [140], and D5 [141], and the human genome GRCh38 [53].

Figure 6.7 shows the performance of BWA-MEM2 using one (left) and all available
cores (right) on the machines of the experimental setup. On single-thread executions,
Graviton3, SKX and Rome perform similarly, showing over 2× speedups over the A64FX.
When using all available cores, Graviton3 performs 10% better than Rome, and more
than 30% better than SKX (as can be expected due to the difference in cores). The A64FX,
on the other hand, shows 2× slowdowns compared to SKX. Both single-thread and
multi-thread results can be easily correlated with the ones shown in Figure 6.2. In the
GenArchBench results, BSW on Graviton3 showed slowdowns with respect to the x86
systems. However, FMI performed better on Graviton3, and the kernel represents a
higher percentage of the total execution time of BWA-MEM2. Similarly, the A64FX



98 GenArchBench: A Genomic Benchmark Suite for ARM HPC Processors

2 8 24 48 64
# Threads

0
16
32
48
64

Sp
ee

du
p

D3

2 8 24 48 64
# Threads

0
16
32
48
64

Sp
ee

du
p

D4

2 8 24 48 64
# Threads

0
16
32
48
64

Sp
ee

du
p

D5

Ideal
A64FX
Graviton3
SKX
Rome

Figure 6.8: Speedup over serial execution of BWA-MEM2 on the experimental setup for three
inputs: D3, D4 and D5. We show the achieved speedup using different thread counts: 2, 8, 24, 48,
and 64. The figure does not show the A64FX and SKX 64-thread points since those machines
only implement 48 cores. We also show ideal (linear) parallel speedup (when using x threads,
ideally we expect a speedup of x) in gray.

delivered good performance when executing BSW, but severe slowdowns with respect to
the other machines when executing FMI.

We also evaluate the parallel scalability of BWA-MEM2 using 2, 8, 24, 48, and 64
threads. As presented previously (see Figure 6.3), BSW and FMI achieved perfect scaling
when executed standalone as part of GenArchBench. As we could anticipate, BWA-
MEM2 also showed excellent parallel scalability, as presented in Figure 6.8.

6.3.7 Summary
Table 6.1 shows the raw numbers for all the experiments conducted in the evaluation.
We can see that A64FX and SKX achieve greater speedups when using SIMD, as they
feature wider vector registers (512 bits) than Graviton 3 and Rome (256 bits). For single-
thread performance, the FMI kernel is memory-latency-bound, which degrades the
performance of the A64FX. On the other hand, BSW is compute-bound, and the higher
memory bandwidth of A64FX helps to reduce the performance gap relative to the other
systems. FAST-CHAIN is also compute-bound but exhibits more irregular code patterns
with a higher number of branches, leading to greater performance variability across
systems. When using all cores in the system, we observe a notable increase in speedup
for Rome and Graviton 3, as they each have 64 cores compared to 48 in A64FX and SKX.
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Communication among threads is minimal for these three kernels, resulting in parallel
efficiencies above 88% for BSW and FMI across all systems. However, FAST-CHAIN
suffers from load imbalance, which reduces parallel efficiency.

With respect to the most frequently used instruction types, we observe the expected
behavior. BSWandFAST-CHAIN showhigher usage of integer and register-manipulation
instructions, as they are compute-bound kernels. In contrast, FMI exhibits a higher
proportion of memory instructions. These observations correlate with the bottleneck
analysis, which shows a predominance of back-end stalls across all systems. A64FX is
significantly limited by back-end stalls: its memory system is well suited for the BSW and
FMI kernels, while the branch-intensive nature of FAST-CHAIN causes core back-end
stalls. Graviton 3 slightly mitigates these bottlenecks, although back-end stalls remain
dominant. SKX presents the most balanced behavior, with the highest percentage of
time spent doing useful work. Rome also suffers from back-end stalls, particularly in
FMI (81%), which represents the highest back-end stall percentage in this analysis.

Regarding energy consumption, the SKX system shows higher consumption than
A64FX for BSW and FAST-CHAIN, since SKX consists of two chips on the same board,
which significantly increases power usage. For FMI, the reduction in execution time on
SKX compensates for the higher power draw, making SKX more energy efficient. Rome
achieves lower energy consumption than A64FX for BSW and FMI, as the difference
in power does not outweigh the performance speedup. However, the performance
degradation observed in FAST-CHAIN makes A64FX more energy-efficient for this
kernel.
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Table 6.1: Summary of the evaluation. SIMD speedup w.r.t. scalar shows the speedup when using the SIMD unit with respect to using the
scalar unit (Figure 6.1). The SIMD units are as follows: A64FX has SVE512 (512 bits), Graviton 3 has SVE256 (256 bits), SKX has AVX-512
(512 bits), and Rome has AVX2 (256 bits). Single thread speedup w.r.t. A64FX shows the speedup with respect to the A64FX system when
using one thread (top of Figure 6.2). Parallel speedup w.r.t. A64FX shows the speedup with respect to the A64FX system when using all the
threads in the system (bottom of Figure 6.2). A64FX and SKX have 48 threads, while Graviton 3 and Rome have 64 threads. Parallel efficiency
shows the ratio S/I, where S is the speedup when using all threads in the system with respect to using only one, and I is the ideal (linear)
parallel speedup (Figure 6.3). Most used instruction type shows the most used instruction type and its percentage (Figure 6.4). Bottleneck
analysis shows the percentage of each stall type (Figure 6.5). BE is back-end stall, FE is front-end stall, BS is bad speculation stall, and UW
is useful work. Norm. energy consum. shows the energy consumed by each system normalized to the energy consumption of the A64FX
(Figure 6.6).

SIMD speedup
w.r.t. scalar

Single thread speedup
w.r.t. A64FX

Parallel speedup
w.r.t. A64FX Parallel efficiency Most used

instruction type
Bottleneck analysis Norm. energy consum.

w.r.t. A64FXBE FE BS UW

A64FX
BSW 3.4× 1× 1× 0.91 Integer (50%) 49% 22% 3% 25% 1

FAST-CHAIN 4.5× 1× 1× 0.93 Integer (49%) 65% 1% 2% 24% 1
FMI - 1× 1× 0.9 Load/Store (38%) 72% 2% 0% 25% 1

Graviton 3
BSW 1.3× 1.01× 1.48× 0.99 - 47% 1% 0% 52% -

FAST-CHAIN 1.8× 1.50× 1.63× 0.75 - 58% 1% 0% 41% -
FMI - 2.70× 3.55× 0.89 - 65% 2% 0% 33% -

SKX
BSW 3.1× 1.22× 1.24× 0.92 Reg. manipulation (43%) 34% 2% 4% 60% 1.64

FAST-CHAIN 5.7× 2.55× 1.72× 0.62 Integer (53%) 31% 5% 11% 53% 1.15
FMI - 2.09× 2.04× 0.88 Load/Store (55%) 48% 3% 6% 43% 0.95

Rome
BSW 3.6× 1.30× 1.86× 0.98 - 51% 0% 4% 45% 0.88

FAST-CHAIN 1.7× 0.85× 0.81× 0.66 - 55% 1% 3% 41% 1.31
FMI - 1.91× 2.62× 0.93 - 81% 0% 2% 17% 0.53



Chapter 7

Squire: A General-Purpose
Accelerator to Exploit Fine-Grain
Parallelism on Dependency-Bound
Kernels

Read Mapping

1. Seed 2. Chain 3. Extend
Read

R
ef

er
en

ce

A C T T A

C T A G G

C A G

G C A G

A T C
A T G

Position
1, 10

2, 4, 5

Seed

Reference

Index

=?
Read

5, 20

Other Dependency-Bound Workloads

4. Sorting 5. Signal Processing

Si
gn

al
 1

Si
gn

al
 2

Squire is a general-purpose hardware accelerator for dependency-bound kernels

Multithreaded systems use coarse-grained parallelism to distribute tasks among
processing units. Within each coarse-grained task, smaller fine-grained parallel tasks
can be identified. To exploit this type of parallelism, Single Instruction, Multiple Data
(SIMD) techniques are typically used. However, SIMD performs poorly when applied
to dependency-bound kernels, where the inner loop contains data dependencies across
iterations. GPUs can achieve good performance, but only at the cost of considerable
area, power, energy, and financial resources. ASICs also deliver high performance, but
their functionality is limited to specific tasks, resulting in a lack of flexibility. These
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limitations highlight the need to develop a general-purpose accelerator that efficiently
targets fine-grained parallelism in dependency-bound kernels.

In this chapter, we present Squire, the fourth and last contribution of the thesis.
First, we examine some representative kernels and show how fine-grained parallelism is
currently approached. Then, we present Squire, a general-purpose accelerator designed
to effectively exploit fine-grain parallelism on dependency-bound kernels. Our proposal
incorporates one Squire per core in a typical multi-core system, connecting it to the mem-
ory hierarchy to directly access the virtual memory space. Each core controls one Squire,
rapidly offloading workloads whenever it needs. We show howwe adapt five dependency-
bound kernels: Radix Sort [70], Seeding [24], Chain [24], Smith-Waterman [31, 65], and
Dynamic Time Warping [178]. Finally, we evaluate Squire on a simulated multicore SoC,
obtaining speedups of up to 7.64× in dynamic programming kernels, and an acceleration
for an end-to-end application of 3.66×. We also evaluate the usage of resources and show
that Squire achieves an energy reduction of up to 56% with an area overhead of 10.5%
per core. Finally, we compare Squire against other proposals and accelerators.

7.1 Dependency-Bound Fine-Grain Parallelism
Coarse-grain parallelism is desirable in high-performance computing environments
to hide the overheads associated with task management and data movement. This
inter-task parallelism means that each processing core operates on an independent
task [15, 24, 25, 27, 179–182]. However, this approach often struggles to exploit the
fine-grain parallelism inherent in many kernels with complex dependencies.

Intra-task fine-grained parallelism is usually tackled via SIMD on general-purpose
processors or SIMT on GPUs. However, these techniques are inefficient when target-
ing specific algorithms containing dependencies or sparse patterns. Well-known algo-
rithms that suffer such problems include: Quicksort [183], Dynamic TimeWarping [178],
and Smith-Waterman [31, 65]. Additionally, data structures with sparse memory pat-
terns, such as FM-Index [28], hash tables [70], and sparse matrix-vector multiplication
(SpMV) [184], are often limited by the amount of memory-level parallelism that can be
exposed. All these patterns are present in many applications.

Figure 7.1 highlights three kernels that exhibit fine-grain parallelism (shown using
different colors) which is challenging to exploit due to existing dependencies. Figures 7.1a
and 7.1c show how sorting and SpMV coarse-grain tasks could be further parallelized by
processing chunks of the array or independent rows of the matrix in parallel. However,
this is not efficient due to data-dependent irregular patterns and the fact that SIMD
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Figure 7.1: Examples of coarse-grain tasks with fine-grain parallelism: (a) sorting, (b) dynamic
programming matrix, (c) sparse matrix-vector multiplication. Each color in the data structures
represents a chunk of fine-grain work.

gather/scatter memory operations are not efficient [185]. Subfigure 7.1b shows how
parallelism is present per cell in a dynamic programming matrix. For some dynamic
programming problems, antidiagonal vectorization is the best way to avoid dependen-
cies; however, it requires data rearranging that diminishes potential gains. Support for
exploiting this fine-grain parallelism can benefit a large set of workloads.

GPGPUs have been proposed to tackle dynamic programming kernels [186, 187].
However, GPGPUs are designed for massive parallel workloads, and dependencies and
sparsity hinder performance. In addition, offloading fine-grain parallel workloads is not
recommended due to the high transfer time, and fine-grain synchronization is also chal-
lenging. For these reasons, GPGPUs obtain modest speedups when targeting dynamic
programming algorithms [79, 109–112]. Finally, custom hardware solves dependency
constraints at the cost of fixing the functionality of the proposed components, losing
generality [69, 83, 84, 188, 189].

On the other hand, we can find specialized hardware accelerators designed to solve
dynamic programming kernels, such as systolic arrays [69, 79, 83, 84] and processing-
in-memory (PIM) architectures [88, 90]. However, these solutions rely on hard-wired
components with fixed functionality and usually target a specific kernel. Systolic arrays
define a fixed data type that cannot be modified; moreover, floating-point arithmetic
is often avoided due to its high area cost. PIM systems typically do not support virtual
memory, which limits the total memory available to the application. Memory capacity is a
critical factor in genomics, where extremely large sequences and genomes are commonly
processed.

Chain is a dynamic programming algorithm widely used in the field of genomics [24].
We showed that the SIMD version of chain obtains slowdowns of up to 0.71×with respect
to the scalar version with heuristics (see Section 6.2.2). Chain presents dependency-



104
Squire: A General-Purpose Accelerator to Exploit Fine-Grain Parallelism on

Dependency-Bound Kernels

bound patterns in the inner loop, resulting in underutilized vector lanes. Similarly,
Guo et al. show that in the GPU version of chain, 16.3% of the kernel instructions are
control instructions for synchronizing warps [79]. They use an NVIDIA Tesla P100 for
the evaluation [80]. The P100 GPU achieves a 3.17× speedup with respect to a 14-core
CPU while consuming 300W and occupying 610 mm2, resulting in under-utilization of
resources.

Because of these constraints, it’s clear that we need a more adaptable and efficient
way to exploit fine-grained parallelism in dependency-bound workloads. To address this,
we plan to integrate our component into a general-purpose CPU that can seamlessly
handle a wide range of workloads and data types. We propose a general-purpose accel-
erator - Squire - to unlock the parallelism potential of a wide range of workloads while
maintaining flexibility and low overhead.

7.2 Squire
One of the main goals of Squire is to make it general-purpose, enabling workloads
with inherent fine-grain parallelism to benefit from the accelerator. To achieve this, we
identify two key design principles: (i) enable low-latency execution of fine-grain tasks
and (ii) provide architectural support for fast synchronization between processing units
to manage dependencies. Hence, our hardware accelerator must have the following
features:

• A set of general-purpose processing units sharing a unified memory view with the
host core.

• A synchronization mechanism to enable rapid communication among processing
units.

7.2.1 Squire Design
Figure 7.2 shows the architectural overview of Squire, a general-purpose accelerator
for dependency-bound fine-grain parallelism. Figure 7.2a illustrates a conventional
multi-core SoC with a distributed L3 cache, where each core complex contains two levels
of private caches. Figure 7.2b depicts the integration of Squire into the system, where
each core complex is augmented with a Squire block interfacing with the private L2
cache. Finally, Figure 7.2c shows that Squire consists of a set of very simple general-
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Figure 7.2: Squire architectural overview: (a) the simulated multi-core system with a 4x4 NoC
and four memory controllers, where each central router holds a core complex and one slice of the
L3 cache; (b) a core complex contains one OoO core with private L1 caches, a private L2 cache,
and a Squire; (c) Squire contains a set of workers, several control registers, a synchronization
module, and an arbiter to communicate with the memory hierarchy (L2).

purpose in-order cores, termed workers. In addition, Squire features control registers
and a synchronization module, which are visible to both the host core and the workers.

As discussed in Section 7.1, dependency-bound kernels are often addressed using
specialized hard-wired components such as systolic arrays, or through parallel architec-
tures, such as GPGPUs or SIMD unit, which are not inherently optimized for this form
of parallelism. In order to increase the flexibility of Squire, we propose employing simple
in-order cores with small area and power consumption requirements for each worker.
To simplify the design, we assume these cores share the same base ISA as the host core.
In addition, each worker has small, private data and instruction caches. We define the
size of these caches with a design space study in Section 7.5.4.

A host core can offload computation to theworkers via a simple API (see Section 7.2.3)
that sets a function’s address and the necessary arguments into the control registers.
Then, theworkers start executing theworkload using regular instructions. If the host core
has recently accessed the input data, it is likely to still reside in the L2 cache, reducing
data transfer latency.

To orchestrate L2 access requests from the worker cores, we employ a shared bus
coupled with a centralized arbiter. The arbiter selects one request per cycle from the
set of pending L2 accesses issued by the workers. This design enforces a single L2
access per cycle, thereby requiring only a single extra read/write port on the L2 cache,
reducing implementation complexity. Cache coherence is maintained through a snoop-
based protocol, where all workers monitor the L2 bus for invalidation messages. This
is practical given the simplicity of the in-order cores. Moreover, workers are designed
to target workloads that maximize L1 data reuse. Empirically, even with 32 workers
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active, the system sustains an average of no more than one L2 access every two cycles,
demonstrating that accessing the L2 cache is not a primary bottleneck.

Tasks are distributed using traditional coarse-grain parallelism, with OpenMP as-
signing independent workloads to host cores [190]. In read mapping tools, for example,
each host core aligns a subset of sequences. These tasks are typically dependency-bound,
limiting the effectiveness of SIMD and instruction-level parallelism. Squire addresses
this by subdividing tasks into fine-grain sub-tasks, enabling nested parallelism even in
dependency-bound kernels.

7.2.2 SynchronizingWorkers
The synchronization mechanism is used to coordinate the workers, and it is visible to the
host core as well as the workers. We have designed the mechanism to enable modeling
dependencies for two distinct common use cases.

On the one hand, our aim is to tackle algorithms that perform computation on 1D
data structures. To achieve this, we use a simple mechanism that features a hardware
atomic counter, referred to as global counter. This will enable handling loops where
iteration i conditionally consumes the data produced by iteration i-1. For this purpose, we
require the workers to increment the global counter in order, i.e., if worker x increments
the global counter before worker x-1, the increment is saved in a structure until worker
x-1 increments the global counter. To implement this with a non-blocking scheme, we
instantiate one queue per worker and a token. The token indicates which worker is
the next to increment the global counter and is initialized to zero. If worker x wants to
increment the global counter and the token contains the value x-1, an increment request
is enqueued in x’s queue. When worker x-1 increments the global counter, the queues
are searched for pending increments in order, and the token is updated accordingly.

On the other hand, we want to efficiently handle workloads with 2D data structures,
such as dynamic programming matrices with vertical and horizontal dependencies. For
this reason, we also instantiate an array of hardware atomic counters, with a length
equal to the number of workers, referred to as local counters. When filling a dynamic
programming matrix, a worker increments its local counter each time it computes a
matrix row. Thus, worker x can check local counter x-1 before starting the next row.

This set of hardware atomic counters is implemented as 64-bit registers that can be
accessed in one cycle.
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Table 7.1: Squire programming interface. For each API call, we provide a brief description and
who can use the API call.

API call Description Caller
start_squire(f,a) Squire executes f function with a arguments. Counters reset to 0. Core
stop_worker() Suspends the worker execution. Workers
id_worker() Returns the worker ID. Workers
num_workers() Returns the total number of workers. Core/Workers
inc_lcounter(w) Increments the local counter w by one. Workers
inc_gcounter() Increments the global counter by one. Workers
wait_lcounter(w,s) Waits until the local counter w is greater or equal to s. Core/Workers
wait_gcounter(s) Waits until the global counter is greater or equal to s. Core/Workers

7.2.3 Squire API
Table 7.1 describes the Squire programming interface. Each functionality in the table
defines a new ISA primitive to interact with the accelerator. The table also specifies
whether the host core, the workers, or both can invoke the primitives. Section 7.3.1
shows how the Squire API works using radix sort as an example.

Notice that the SquireAPI is inspired by the pthreadsAPI [191] and both programming
models are similar.

7.3 Using Squire
This section shows how to use Squire for several kernels. We describe the implementation
process for the Radix Sort, Chain, and DTW algorithms in Squire. Finally, we discuss
some alternatives considered for certain implementation details.

7.3.1 Sorting: Radix Sort
The pseudocode for Squire’s radix sort implementation is shown in Algorithm 2. The host
core executes the RADIX function (Line 1), which calls start_squire with the function
and input data addresses as arguments (Line 3). This call writes the addresses to Squire’s
control registers, sets the workers’ program counters to the function’s entry point, and
resets internal counters. The workers then execute the RADIX_Workers function (Line 8).
Each worker retrieves its ID and the total number of workers via the id_worker and
num_workersAPIs, using this information to evenly partition the input array (Lines 9–10).
Each chunk is sorted using the standard radix sort algorithm (Line 11). Upon completing
its chunk, a worker increments the global counter and halts (Lines 12–13). Meanwhile,
the host core waits until the global counter matches the number of workers (Line 4).
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Algorithm 2 Radix Sort Squire version
1: function RADIX(X[N])
2: if N > 10000 then
3: start_squire(RADIX_Workers, X)
4: wait_gcounter(num_workers())
5: MERGE_SORTED_ARRAYS(X)
6: else
7: RADIX_KERNEL(X[0:N])
8: function RADIX_Workers(X[N])
9: start = id_worker() × (N / num_workers())
10: end = (id_worker() + 1) × (N / num_workers())
11: RADIX_KERNEL(X[start:end])
12: inc_gcounter()
13: stop_worker()

At this point, the input has been divided into 𝑛 sorted subarrays, which the host core
merges using a min-heap (Line 5). Squire may not be beneficial when the workload is
too small. To address this, Algorithm 2 includes a check to ensure that at least 10,000
elements are present before activating Squire (Line 2); otherwise, the host core handles
sorting directly (Line 7).

7.3.2 1D Dynamic Programming: Chain
We describe the process of integrating the Chain kernel into Squire. First, we show
the pseudocode for the baseline version of the Chain kernel. Next, we outline generic
software modifications to enable parallelism, and finally, we show the necessary changes
to integrate Chain into Squire.

Baseline Chain Kernel

Algorithm 3 shows the pseudocode for the original chain kernel. The function CHAIN
receives an array of anchors sorted by position in the reference (Line 1). The kernel
consists of two nested loops. The outer loop (Line 3) goes through all the anchors
sorted by reference position, while the inner loop (Line 4) iterates through the T anchors
prior to anchor i and performs amatch-up between each of them and anchor i. Line 5
corresponds to the calculation of 𝛼 and 𝛽 in Equation 2.4, and Line 6 to the addition of
𝑓(𝑗) in Equation 2.4. Line 7 performs the maximum, obtaining 𝑓(𝑖). Notice that Line 5
can be computed in parallel for all the anchors, while Line 6 must wait for the generation
of F[j] by Line 7.
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Algorithm 3 Chain kernel baseline version
1: function CHAIN(A[N]) ⊳ A: anchors array
2: T = 5000
3: for i = 0; i < N; i++ do
4: for j = i − 1; j ≥ i − T; j−− do
5: AUX[j] = 𝛼(A[i], A[j]) − 𝛽(A[i], A[j])
6: AUX[j] += F[j] ⊳ Consume F[j]
7: F[i] = MAX(AUX) ⊳ Generate F[i]

Algorithm 4 Chain kernel Squire version
1: function CHAIN_Workers(A[N]) ⊳ A: Anchors array
2: T = 64
3: for i = id_worker(); i < N; i += num_workers() do
4: for j = i − T; j ≤ i − 1; j++ do
5: AUX[j] = 𝛼(A[i], A[j]) − 𝛽(A[i], A[j])
6: for j = i − T; j ≤ i − 1; j++ do
7: if AUX[j] ≠ −∞ then
8: wait_gcounter(j + 1)
9: AUX[j] += F[j] ⊳ Consume F[j]
10: F[i] = MAX(AUX) ⊳ Generate F[i]
11: inc_gcounter()
12: stop_worker()

Enabling Fine-Grain Parallelism

To delay the consumption of F[i] from Line 7 to Line 6, we alter the order of the inner
loop (Line 4). To achieve this, we traverse the anchors in reverse order, i.e., from i-T to
i-1. In addition, to isolate dependency-free parallelism from the dependencies imposed
by Line 6, we fission the inner loop (Line 4), effectively detaching the computation of 𝛼
and 𝛽 in Line 5 from the addition in Line 6.

By default, the chain algorithm has a threshold on the number of anchors it visits
backward (T in Lines 2 and 4). However, the best match-up is typically found during the
initial iterations. In addition, the chain implements some heuristics to stop the inner loop
earlier. For example, if the match-up scores are below a threshold. Therefore, the Chain
kernel visits fewer anchors, and typically only the first few are useful. Consequently,
we can reduce T with a negligible penalization in accuracy. We observe a misprediction
rate lower than 9 per million when setting T to 64. Therefore, we use this value for our
final evaluation. Although the overall Minimap2 accuracy remains almost unchanged,
limiting T skips some match-ups, and some computation shifts to the align stage.
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In the original implementation, after performing the chain stage, there is a second
opportunity to rerun the chain algorithm if the area covered by the anchors is not large
enough. The chain kernel is executed again with looser parameters and simpler versions
of 𝛼 and 𝛽 functions. We modify the second chain run to use the same function as in the
first chain run while applying the new parameters. This simplifies the implementation
process while preserving the output of the original algorithm. As a summary of the
software modifications:

• We have reversed the order in which we traverse the inner loop (Line 4).

• We fission the inner loop. Line 5 will be executed in the first loop, and Line 6 in
the second one.

• We limit the number of anchors visited backward to 64 (T in Lines 2 and 4).

• We reformulate the second chain run to use the same function as in the first run.

Algorithm 4 shows the modified code with all these changes.

Squire Integration

Algorithm 4 shows the modified chain kernel adapted for Squire. The work is divided in
a round-robin fashion (Line 3); e.g., with four workers, worker 0 computes the scores of
anchors (0, 4, 8, ...), worker 1 computes the scores of anchors (1, 5, 9, ...), and so on.

Note that now the loop in Line 4 can be computed in parallel without dependencies
using the workers. Once all the 𝛼 and 𝛽 values have been computed, the second loop in
Line 6 proceeds to compute the remaining part, which has dependencies across workers
(red lines in Figure 2.6). The dependencies are expressed by waiting on the global counter
until it contains the desired value (Line 8), which means the dependent F[j] has been
computed. Once the current F[i] is computed (Line 10), we increment the global counter
to notify (Line 11) the consumers of that value.

When 𝛽 (the penalization score) is high enough, we can stop the computation for that
match-up. For these cases, we add a conditional statement (Line 7). Note that bypassing
the wait_gcounter instruction could cause a race condition. For this purpose, we have
implemented the mechanism described in Section 7.2.2, where we enforce the order of
the increments in the global counter.
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Figure 7.3: DTW work distribution among workers. Worker 0 (W0) computes columns 0 and 1,
worker 1 (W1) columns 2 and 3, worker 2 (W2) columns 4 and 5, and worker 3 (W3) columns 6
and 7. The workers compute the cells following the path indicated by the arrows.

7.3.3 2D Dynamic Programming: DTW
We now detail how to use Squire to exploit fine-grain parallelism in DTW. Other well-
known 2D DP kernels (e.g., Smith-Waterman, Needleman-Wunsch, etc.) exhibit the
same patterns when computing the DP matrix.

Figure 7.3 shows a graphical scheme of how Squire would compute the DTWmatrix.
A set of consecutive columns is assigned to eachworker; worker 0 (W0) computes columns
0 and 1, worker 1 (W1) columns 2 and 3, and so on. Each cell (i,j) of the matrix has a
dependency with cells (i-1,j), (i,j-1) and (i-1,j-1). The workers compute their columns
in a row-wise order. Hence, they do not have to worry about the vertical and diagonal
dependencies. To solve horizontal dependencies at the boundaries, the local counters
from the synchronization module are used.

Algorithm 5 shows the pseudocode for the Squire version of DTW. First, the work
is evenly divided among the workers (Lines 2 and 3). The outer loop iterates through
the rows (Line 4), while the inner loop iterates through the assigned columns of the
corresponding worker (Line 7). The equations of DTW are implemented in Lines 8, 9,
and 10. To synchronize workers at the boundaries, worker x increments the local counter
x when it finishes a row (Line 11), so worker x+1 knows the dependency for that row is
solved. Similarly, when worker x starts a row, it waits for worker x-1 to finish its chunk
of the row (Line 6). Note that worker 0 has no horizontal dependencies. Therefore, it
skips the synchronization (Line 5).

7.3.4 2D Dynamic Programming: WFA
We implemented a Squire version for the Wavefront Alignment algorithm (WFA) [56].
WFA consists of two kernels: extend and compute, which are executed in a ping-pong
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Algorithm 5 DTW kernel Squire version
1: function DTW_Workers(A[N], B[M])
2: start = id_worker() × (M / num_workers())
3: end = (id_worker() + 1) × (M / num_workers())
4: for i = 0; i < N; i++ do
5: if id_worker() ≠ 0 then
6: wait_lcounter(id_worker() − 1, i + 1)
7: for j = start; j < end; j++ do
8: PREV←MIN(M[i-1,j], M[i,j-1], M[i-1,j-1])
9: COST← COST_FUNC(A[i], B[j])
10: M[i,j]← PREV + COST
11: inc_lcounter(id_worker())
12: stop_worker()

manner: extend, compute, extend, compute, and so on. The core offloads to Squire a
combined instance of extend and compute (referred to as a wave). After that, the core
synchronizes with all the workers and calculates heuristics and stopping conditions. If
necessary, the core offloads a new wave, and this process is repeated until the stopping
condition is met.

Despite the total execution time being considerable, the amount of work offloaded to
Squire with each wave is minimal, about 2000 cycles. The overhead of moving the data
through the caches between Squire and the host core after the computation of each wave
is not amortized. As a result, we observed slowdowns of approximately 5%. Therefore,
we do not include these results in the evaluation.

7.3.5 Discussion
Throughout the development of Squire, we have examined several ideas regarding certain
implementation details.

For communication among the workers, we considered message-passing through
a crossbar, a FIFO, or a ring. Finally, we used the shared L2 cache since the worker’s
messages are part of the output, avoiding the need to write the same data twice.

We also considered other synchronization mechanisms besides the counters. Initially,
the message-passing mechanism would be used as the synchronization point. We ex-
plored expanding the synchronization module functionality, allowing subtractions and
arbitrary additions over the counter. The current synchronization module specifications
are sufficient for the algorithms we use, but they could be extended in the future.
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Table 7.2: Size of the datasets used in the evaluation.

RADIX SEED CHAIN SW DTW
# experiments 15 5 5 5 2
# inputs/exp. 8 arrays 24 seq. 24 arrays 6195 align. 5000 align.

Input avg. size 53536 elems. 23014 bps 53536 anchors 1373 bps 221 samples
Size st. dev. 36886 15075 36886 2950 101

Mem. footprint 837 KB 22.5 KB 837 KB 3.27 KB 1.72 KB

Finally, as we explained in Section 7.2.1, workers must increase the global counter
in order. We considered solving this problem in software by waiting for the global
counter to reach its correct value before incrementing it, e.g., in Algorithm 4 adding
wait_gcounter(i) between Lines 10 and 11. However, this approach would harm
available parallelism and performance.

7.4 Evaluation Methodology

7.4.1 Architectural Simulation
We prototype Squire using the Gem5 simulator v23.0 [114, 115] (see Section 3.3). The
simulated system is described in Table 3.2. Each host core features a Squire engine that
faithfully models the described architecture.

7.4.2 Workloads and Inputs
Table 7.2 details the inputs used for each kernel. All the inputs have been extracted
from real genomic and signal-processing datasets. A correctness evaluation has been
performed, so the functionality remains the same. All the kernels produce the same
result with Squire as with the CPU version, except for CHAIN, where we observe a
misprediction rate lower than 9 per million due to the software modifications from
Section 7.3.2. To evaluate Squire, we use the five kernels described below.

Radix Sort (RADIX) Radix sort is shown in Section 2.4.1. We did 15 experiments.
In each experiment, we sort eight arrays, one for each out-of-order core. Some of the
arrays used for radix sort have less than 10,000 elements, thus avoiding offloading work
to Squire (see Section 7.3.1). We divide the array into equal chunks and use Squire to
sort them (see Section 7.3.1).
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Table 7.3: Input sequence datasets.

Sequencing system Avg. seq. length Accuracy
ONT [192] Oxford Nanopore 17,710 85%

PB CLR [193] PB Sequel II System 6,739 88%
PB HF 1 [192] PacBio HiFi 12,858 99.99%
PB HF 2 [192] PacBio HiFi 15,602 99.99%
PB HF 3 [192] PacBio HiFi 14,149 99.99%

Seeding (SEED)We evaluate the seeding algorithm fromMinimap2 [24] (see Sec-
tion 2.3.1). We use five input sequences datasets (see Table 7.3). Each one of the datasets
has 24 sequences, hence, each out-of-order core performs three seeding processes. The
most consuming part of seeding is the final sorting of the seeds. Therefore, we use the
Squire version of the radix sort algorithm explained above.

Chain (CHAIN) Chain is a dynamic algorithm used in Minimap2 [24] (see Sec-
tion 2.3.2). As in seeding kernel, we use five input sequences datasets, where each one
has 24 sequences, resulting in three chain processes per out-of-order. The anchors are
assigned to the workers in a round robin manner (see Section 7.3.2).

Smith-Waterman (SW) Smith-Waterman is a 2D dynamic programming algorithm
used for aligning (see Section 2.3.3). We use the same datasets used in seeding and chain.
These datasets produce several alignments that we use as inputs in Smith-Waterman.
The work has been distributed using the same approach as for DTW (see Section 7.3.3).

Dynamic Time Warping (DTW) Dynamic Time Warping is a 2D dynamic pro-
gramming algorithm (explained in Section 2.4.2) used for signal processing. We use
two synthetic datasets of 5,000 alignments of floating point numbers. The small dataset
has an average alignment size of 133 samples, while the larger one has 380 samples on
average. Each worker is the responsible of computing several contiguous columns (see
Section 7.3.3).

7.4.3 Evaluation of an End-to-End Read-Mapping Application
With the kernels introduced above, we have built an end-to-end read-mapping tool that
receives a set of sequences and produces alignments. We use Minimap2 [24] as the skele-
ton for our read-mapper since two of the evaluated kernels are extracted from Minimap2
(SEED and CHAIN). We combine SEED, CHAIN, and SW into a single application to set
up a read-mapper that serves as a test-bench for evaluating the speedup achieved on an
end-to-end application when using Squire.
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Figure 7.4: Squire evaluation for the five kernels described in Section 7.4.2. We evaluate Squire
with 4, 8, 16, and 32 workers.

Table 7.3 shows the inputs used to evaluate the end-to-end application. All these
inputs are from sequencing systems that have sequenced the human genome. Note the
differences in the accuracy of the inputs, which refer to the errors introduced by the
machines during the sequencing (reading) process. ONT and PBCLR have an accuracy
of 85% and 88%, respectively, while PBHF inputs have an accuracy of nearly 100% (see
Section 2.1). This difference in accuracy is translated into different behavior during the
read-mapping process. A higher accuracy implies a lighter volume of work in the align
stage when using SW.

We select the 18 most time-consuming sequences from each input set to keep sim-
ulation time in Gem5 manageable. This allows us to reduce the execution time while
maintaining the application’s behavior.

7.5 Evaluation
In this section, first, we show how Squire can speed up the five evaluated kernels. Then,
we evaluate the impact the synchronization module has on the design by modifying
the implementation to use software mutexes instead of Squire’s hardware module. We
also evaluate the end-to-end read-mapper to understand how Squire improves a full
application. Finally, we perform a design space exploration to justify the size of the
caches used by the workers and perform an area and energy consumption study.

7.5.1 Performance Evaluation
Figure 7.4 shows the performance evaluation of Squire for the five kernels described in
Section 7.4.2 when changing the number of workers.
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Figure 7.5: Squire performance evaluationwhen using the synchronizationmodule vs the pthread
library with 4, 8, and 16 workers.

For RADIX and SEED, Squire achieves diminishing returns when using from 8 up
to 32 workers, due to small input data size. As explained in Section 7.3.1, we stablish
a minimum of 10,000 elements to use Squire. Below that, the initialization of Squire
becomes the bottleneck in the sorting process. Maximum performance is achieved with
16 workers, reaching 1.58× for RADIX and 1.32× for SEED.

Employing 32 workers for CHAIN and SW leads to noticeable speedups, unlike
RADIX and SEED, reaching 3.35× and 3.43×with respect to the base system, respectively.
The speedups from 16 to 32 workers are 1.19× and 1.26× for CHAIN and SW.

Finally, Squire obtains remarkable speedups up to 32 workers for DTW, reaching
7.64×. However, we consider 16 workers the optimum point with a speedup of 7.42×.

These results show that Squire can enable fine-grain parallelism on dependency-bond
kernels. While Squire scales well with worker count if there is enough work to compute,
we advocate that a balanced design should have between 8 and 16 workers. Doubling
the number of workers to 32 does not compensate for the cost in the common case.

7.5.2 Synchronization Module Evaluation
Figure 7.5 shows the benefits of using the synchronization module in Squire for DTW
kernel. We show the results up to 16 workers since we have considered it the optimum
point in Section 7.5.1. We instantiate Squire without the synchronization module and
synchronize through the pthread mutex library. We use DTW for this experiment since it
is one of the kernels (along with SW) that uses the local counters.

The synchronization module improves performance for any number of workers,
increasing in importance as the number of workers increases. We observe a speedup of
up 1.69× when using the synchronization module with 16 workers.
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Figure 7.6: Squire evaluation for the end-to-end read-mapping application described in Sec-
tion 7.4.3 with 4, 8, 16, and 32 workers.

7.5.3 End-to-End Application Evaluation
Figure 7.6 shows the performance evaluation of Squire for an end-to-end application for
the five inputs described in Table 7.3. We evaluate Squire with 4, 8, 16, and 32workers. As
stated in Section 7.4.3, the different datasets behave differently during the read mapping
process; thus, the align stage has less weight for the PBHF inputs.

When looking at the whole read-mapping end-to-end application, Squire achieves
speedups of up to 3.66×. For all the inputs, Squire scales well with worker count and
accomplishes its best performance with 32 workers. For ONT and PBCLR inputs, Squire
achieves speedups of 2.54× and 2.27×, respectively. For PBHF inputs, Squire achieves
speedups higher than 3×. A higher accuracy of the sequencing systems impliesmorework
to process but smaller chunks of work, which favors Squire. As sequencing technologies
keep improving, this trend will consolidate and devices like Squire will be more effective.

7.5.4 Cache Size Exploration
Each worker has its own private L1 data and instruction caches, which will largely
determine the area that Squire will occupy. For this reason, we perform a design space
exploration study to make a judicious choice and minimize the area and power overhead
of the design.

To evaluate the cache sizes, we use the end-to-end application and fix the number of
workers to 16. We use the ONT input dataset. To evaluate the instruction cache size, we
fixed the data cache size to 8 KB and vice versa. To measure performance, we use misses
per kilo instructions (MPKI).

Figure 7.7 shows MPKI when varying cache sizes. For the instruction cache, we
observe a drastic change when going from 512 B to 1 KB. Beyond that, MPKI remains
close to zero. For the data cache, we see consistent improvement up to 8 KB, which we
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Figure 7.7: Misses per kilo instructions (MPKI) when changing the cache size for the instruction
and data caches with 16 workers.

consider the sweet spot. A larger 16 KB data cache improves MPKI marginally at a large
cost. Therefore, we have employed 1 KB and 8 KB as instruction and data cache sizes,
respectively, for all the experiments in this section.

7.5.5 Area Overhead
We use the Arm Neoverse N1 to model the out-of-order core. Using the public data for
an N1 [194] at 7nm, the floor planned area is given as 1.15 mm2.

The workers we model could be compared to the Arm Cortex M35P microprocessor.
This processor is a 4-stage dual-issue in-order core that runs at 2.4 GHz. We select an
M35P as an upper bound for modeling the area. The specifications proposed for the
workers are much less demanding than the M35P, since the workers do not need any
interaction with the operating system, interruptions, or system calls.

Using public data for an M35P at 40LP [195], the floor planned area is given as
0.091 mm2. This area already includes a 16 KB instruction cache. The instruction cache
included in the M35P is larger than the caches we employ since we employ 1 KB for L1I
and 8 KB for L1D (see Section 7.5.4). Also, the M35P is a processor capable of booting an
operating system, and our workers do not require as many functionalities as the M35P.
Therefore, we must consider that we are overestimating the area of the workers.

When employing 16 workers, the total area overhead at 40nm would be 1.456 mm2.
To estimate the area with 7 nm, we scale these numbers, considering fin pitch, gate
pitch, and interconnect pitch, using data from several studies [196–201] to arrive at a
12× area reduction when moving from 40 nm to 7 nm. Thus, obtaining an area for a
Squire component of 0.121 mm2.

Therefore, we could place a 16-worker Squire component per core with an area
overhead of 10.5%.
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Figure 7.8: Energy consumption comparison between the baseline and when using Squire with
16 workers for the end-to-end application.

7.5.6 Energy Consumption
To estimate the Squire energy consumption, we use McPAT 1.3 [202] with the enhance-
ments proposed by Xi et al. [203]. We performed this estimation using a process technol-
ogy node of 22 nm, a supply voltage of 0.8 V, and the default clock gating scheme.

Figure 7.8 shows the energy consumption of the baseline when using Squire with 16
workers for the end-to-end application. The executions using Squire achieve significant
energy reductions of up to 56% over the baseline system for the PBHF3 input. Similarly,
Squire reduces consumption by 55% and 50% for PBHF1 and PBHF2 inputs. The ONT
and PBCLR inputs show a more modest energy reduction of 24% and 14%, respectively.

The host cores are the most energy-consuming components, followed by the L2 and
L3 caches. The memory controllers and the NoC have a marginal energy consumption.
The energy overhead introduced by Squire is small; we observe an energy overhead of
around 6% with respect to the host cores, which is largely offset by the reduction in the
rest of the components.

7.6 Comparison with State-of-the-Art

7.6.1 Accelerating Smith-Waterman
We compare Squire performance against other proposals that accelerate Smith-Waterman.
Among them, we find two CPUs, two GPUs, one Processing-in-Memory (PIM) platform,
and two Domain-Specific Accelerators (DSA). We measure the performance using giga-
cells updated per second (GCUPS). We also show performance per area (GCUPS/mm2)
and performance per watt (GCUPS/W). We extract these numbers from the article for
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Table 7.4: Squire comparison with other proposals to accelerate Smith-Waterman. The table
includes the alignment model, the hardware platform used, gigacells computed per second
(GCUPS), GCUPS per area (GCUPS/mm2), GCUPS per watts (GCUPS/W), and where these
results were extracted from. PIM is Processing-in-Memory, DSA is Domain-Specific Accelerators,
and GPA is General-Purpose Accelerator.

Reference Alignment Model Platform GCUPS GCUPS/mm2 GCUPS/W

CPU [24] Gap-affine 2 × Xeon Platinum 8358 40 - 0.08
[204] Gap-affine 2 pieces 2 × Xeon Platinum 8358 46 - 0.09

GPU [76] Gap-affine Tesla H100 2,850 3.50 8.14
[205] Gap-affine 4 × Tesla H100 11,440 3.51 8.17

PIM [91] Gap-affine UPMEM 6,690 0.02 17.42

DSA [84] Gap-affine GACT 1,024 11.96 232.73
[69] Edit distance GenASM 2,048 201.26 659.79

GPA [209] Gap-linear Squire 317 327.48 231.24

each proposal, except for the two CPU implementations [24, 204], which were taken
from the GPU implementation by Zeni et al. [205]. We use the area and power that
appear in the corresponding articles [69, 84] or on web pages with the systems spec-
ifications [206–208]. The chip area of the Intel Xeon Platinum 8358 is not publicly
available.

Table 7.4 shows the comparisonwith other proposals that accelerate Smith-Waterman.
We observe that a general purpose platform, such as a CPU, obtains a really low perfor-
mance when compared with Squire, being almost 8× slower than Squire. When moving
to more specific architectures, such as GPUs and PIM platforms, we observe a large
improvement in performance, being up to 36× faster than Squire. However, the amount
of area and power needed by these platforms is huge. Squire improves performance per
area from 93× up to 16374× and performance per power from 13× up to 28×.

We include two accelerators that focus exclusively on Smith-Waterman, GACT accel-
erator from Darwin [84] and GenASM [69]. To calculate the GCUPS of such proposals,
we use the number of processing elements, arrays instantiated, and frequency used in the
articles, and assume that all the processing elements from all the arrays are computing
cells every cycle. DSAs achieve higher performance than Squire, up to 6.5× higher. How-
ever, in terms of GCUPS per area and power, Squire obtains results in the same order of
magnitude: 1.6× better performance per area and 2.9× worse performance per power
than GenASM. We must take into account that the DSA proposals can only compute
Smith-Waterman, while Squire can be used for other algorithms.
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Table 7.5: Qualitative comparison among several general-purpose accelerators.

Walkers[93] Transmuter[210] Versa[95] UPMEM[91] Squire
Programable ✓ ✓ ✓ ✓ ✓

Rich ISA support × ✓ ✓ ✓ ✓

Flexible datapath × ✓ ✓ ✓ ✓

Virtual memory support ✓ ✓ ✓ × ✓

Rapid synchronization × ✓ ✓ × ✓

Private accelerator per core ✓ × × × ✓

7.6.2 General-Purpose Accelerators
We identify general-purpose hardware accelerators like theWalkers [93], a programmable
hardware accelerator for traversing hash tables in a database. Transmuter [210] and
Versa [95] propose a matrix of general-purpose processing elements interconnected
by a mesh. The accelerator is shared by all the cores of the chip. The system can be
reconfigured as a systolic array of processing elements, as a typical memory hierarchy, or
as a private scratchpad for each processing element. UPMEM [94] is the first publicly
available general-purpose programmable PIM system. AIM [91] is a sequence alignment
framework that uses UPMEM for the evaluation.

Table 7.5 shows a qualitative comparison between Squire and the other general-
purpose hardware accelerators. The Walkers have a fixed pipeline, forcing the data
to traverse it, thus limiting its flexibility. In addition, the Walkers have a very limited
ISA support and do not have any method for synchronization. The compute units must
execute the code completely in parallel without communicatingwith the rest. Transmuter
and Versa instantiate one accelerator shared for all the cores of a chip. To exploit all
the computing resources, the application should be split into two sets of threads, one
that is executed on the accelerator and the other on the cores. By contrast, Squire is a
simpler private accelerator for each core. The application is divided into as many threads
as cores, and then each core performs nested parallelism in its Squire. Moreover, the
interconnection networks in Transmuter and Versa (among processing elements and
between the accelerator and the host cores) add communication latencies with respect
to Squire. UPMEM is a processing in memory component that instantiates several
processors per physical memory cell, thus losing the virtual memory capability and
limiting the address range the processors can access. Each processor controls a chunk
of the memory and cannot access the rest of the system. To communicate with other
processors, they must do it through main memory, which hinders performance [92].

A big.LITTLE architecture is composed of several cores with different design targets:
computational performance and power efficiency [211]. All are capable of running
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system code and are visible to the operating system. In contrast, Squire is a set of very
simple cores with no system support and is subordinated to a host core. Moreover, Squire
is equipped with a synchronization module that allows for fast communication among
its workers (see Section 7.5.2).



Chapter 8

Conclusions and Future Work

This thesis has presented several techniques to accelerate genomic pipelines, and more
specifically, dynamic programming algorithms used in read mapping tools. We have con-
tributed to the field of genomics with a new data structure for exact matching algorithms,
several software optimizations for current kernels and tools, the porting of three ker-
nels and one read mapping application to the ARM architecture, and a general-purpose
hardware accelerator to exploit fine-grain parallelism on dependency-bound kernels.

Firstly, we propose COFI, a COmpressed FM-Index for large K-steps. Contrary to
prior proposals, COFI’s main data structure has constant size with respect to the value of
𝑘. This enables large k-step searches that present better trade-offs in terms of throughput
per unit of data moved. We show that COFI consistently outperforms a state-of-the-art
proposal with improvements of up to 2.14×. On average, COFI obtains 1.46× and 1.39×
improvements on KNL and Skylake-based systems, respectively. COFI is available at
https://gitlab.bsc.es/rlangari/cofi.

Then, we focus on the optimization and porting of kernels and read mapping tools to
the ARM architecture.

We port a well-known genomic application, BWA-MEM2. Our porting effort enables
the use of BWA-MEM2 on any ARMv8-A system that supports SVE. We evaluate the
optimized version of the port on the A64FX and show almost linear thread-level and the
expected data-level (SVE) parallelism. We compare theA64FX systemwith an established
SKX system and show that the SKX system performs better: 1.89× on average for 48
threads and a 4.0% when comparing on a socket-to-socket basis. However, in terms of
energy-to-solution, the A64FX presents better results, both when comparing executions
with the same thread count using 48 threads, by 11.6%, and when comparing socket-
to-socket executions, by 26.4%. We conclude that the strength of the A64FX is to be an
energy-efficient CPU with higher memory bandwidth than traditional HPC systems. In

https://gitlab.bsc.es/rlangari/cofi
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contrast, the A64FX has a higher memory access latency than other HPC systems, which
negatively affects its performance when executing applications with random memory
accesses. The port of BWA-MEM2 is available at https://gitlab.bsc.es/rlangari/bwa-a64fx.

We develop GenArchBench, a benchmark suite that consists of 13 computationally-
demanding CPU kernels from the most widely-used genomic tools. All the kernels
exploit multi-core parallelism and implement common stages from widely-used genome
analysis pipelines such as base-calling, read mapping, variant calling, and de-novo
assembly. Furthermore, this work introduces code adaptations and optimizations of the
genomic kernels targeting ARM HPC CPUs. Notably, we have optimized some kernels
by utilizing the latest ARM Scalable Vector Extensions (SVE) to leverage the potential
of the latest ARM HPC processors. In addition to the benchmark suite porting and
optimization, this work presents a performance characterization of GenArchBench on
four HPC machines (two ARM-based and two x86-based nodes). Ultimately, we evaluate
the performance impact of these optimizations by integrating two of the accelerated
kernels in a production-ready tool used in a myriad of genome analysis pipelines. Under
the coordination of Lorién López-Villellas, I contributed to GenArchBench by porting
and optimizing BSW, FAST-CHAIN, and FMI kernels. GenArchBench is available at
https://github.com/LorienLV/genarchbench/releases/tag/1.0.0.

Finally, we propose Squire, a general-purpose accelerator for dependency-bound
fine-grain parallelism. Squire consists of a set of simple general-purpose in-order cores,
called workers, and a synchronization module for rapid synchronization. Each host core
is augmented with a Squire engine to offload fine-grain tasks. We evaluate Squire on a
simulated multicore SoC, obtaining speedups of up to 7.64× in dynamic programming
kernels, and an acceleration for an end-to-end application of 3.66×. We also evaluate the
usage of resources and show that Squire achieves an energy reduction of up to 56% with
an area overhead of 10.5% per core.

The results of this thesis have been successfully integrated into several genomic tools
and libraries targeting high-performance computing (HPC) servers. We are actively
developing, maintaining, and supporting all the open-source code released as part of
these contributions, ensuring its long-term sustainability and usability for the research
community. Several colleagues and external collaborators have already adopted and
extended our code in their own projects, demonstrating its practical impact and versatility.

We opened a pull request and a discussion thread in the central repository of BWA-
MEM2 [212] to include our ARM architecture port, thereby expanding its compatibility
with emerging HPC systems. In addition, our ARM port of BWA-MEM2 has been pro-
posed as the official replacement for the existing version in the Bioconda framework [213],

https://gitlab.bsc.es/rlangari/bwa-a64fx
https://github.com/LorienLV/genarchbench/releases/tag/1.0.0
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Figure 8.1: Summary of algorithms, tools, hardware platforms, simulators, and sequencing
technologies used in the four contributions of this thesis.

broadening its accessibility to bioinformatics users and developers. In parallel, we have
contributed to enhancing and optimizing the x86 source code of both Minimap2 [214]
and BWA-MEM2 [212], improving their performance and portability across multiple
hardware platforms.

Figure 8.1 provides an overview of all the algorithms, tools, hardware platforms,
simulators, and sequencing technologies that have benefited from our work and to which
we have contributed throughout this thesis.

8.1 Future Work
The work presented in the thesis has led to some projects we are currently working on.

Currently, we are working on the Dynamic Programming Extension (DPE), which
includes new vector instructions for dynamic programming kernels. DPE is built on
top of ARM vector extension SVE. So far, DPE includes five new instructions to tackle
dynamic programming kernels, such as Smith-Waterman, Dynamic Time Warping,
Chain and Wavefront. Our most recent results show a reduction in the number of
executed instructions of up to 28.5%. We plan to implement DPE in Gem5 and evaluate
its performance using several dynamic programming kernels.
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In the future, an interesting and promising direction for research is the exploration
of custom-precision and mixed-precision arithmetic in genomic kernels. Previous work
by Suzuki and Kasahara [97] has demonstrated the feasibility of performing sequence
alignment using 8-bit integer representations, significantly reducing data movement and
computational overhead. Extending this concept, other performance-critical kernels
that currently represent bottlenecks could also benefit from reduced operand precision,
provided that accuracy and biological relevance are preserved. Adopting lower-precision
arithmetic would decrease the overall memory footprint, enhance data locality, and
increase arithmetic intensity, thereby improving both performance and power/energy
efficiency on modern high-performance architectures.

8.2 Publications
Here we list the publications resulted from the work of the thesis:

• Rubén Langarita, Adrià Armejach, Javier Setoain, Pablo Ibáñez-Marín, Jesús
Alastruey-Benedé, and Miquel Moretó (2020). Compressed sparse FM-index: Fast
sequence alignment using large K-steps. IEEE/ACM Transactions on Computa-
tional Biology and Bioinformatics (TCBB), 19(1), 355-368.

• Rubén Langarita, Adrià Armejach, Pablo Ibáñez-Marín, Jesús Alastruey-Benedé,
and Miquel Moretó (2023). Porting and optimizing BWA-MEM2 using the Fu-
jitsu A64FX processor. IEEE/ACM Transactions on Computational Biology and
Bioinformatics (TCBB), 20(5), 3139-3153.

• Lorién López-Villellas,RubénLangarita, Asaf Badouh, Víctor Soria-Pardos, Quim
Aguado-Puig, Guillem López-Paradís, Max Doblas, Javier Setoain, Chulho Kim,
Makoto Ono, Adrià Armejach, SantiagoMarco-Sola, Jesús Alastruey-Benedé, Pablo
Ibáñez, and Miquel Moretó (2024). GenArchBench: A genomic benchmark suite
for arm HPC processors. Future Generation Computer Systems (FGCS), 157, 313-
329.

• Rubén Langarita, Adrià Armejach, Santiago Marco-Sola, Pablo Ibáñez-Marín,
Jesús Alastruey-Benedé, and Miquel Moretó. Squire: A General-Purpose Accel-
erator to Exploit Fine-Grain Parallelism on Dependency-Bound Kernels. Parallel
Architectures and Compilation Techniques (PACT), 2025.

Despite their recent publication, these works have already been cited in studies
proposing advances in genome analysis through novel algorithmic approaches [1, 215,
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216], software-based techniques [217], and hardware acceleration [218, 219]. They have
also been cited in articles that explore the use of vector extensions in HPC [220–222]
Finally, they also appear in two state-of-the-art reviews [223, 224].
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