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Abstract

La bioinformatique nŽcessite lÕanalyse de grandes quantitŽs de donnŽes. Avec lÕapparition
de nouvelles technologies permettant un sŽquen•age ˆ haut dŽbit ˆ bas cožt, la puissance de
calcul requise pour traiter les donnŽes a ŽnormŽment augmentŽ. De plus, lapuissance des CPU
Žvolue comparativement moins vite, aboutissant ˆ des temps dÕexŽcution de plus en plus longs.
En revanche, les processeurs graphiques (GPU) sont maintenant su! samment programmables
pour permettre de rŽaliser des calculs non graphiques, fournissant ainsi une puissance de calcul
ŽlevŽe bon marchŽ. Cette th•se examine la possibilitŽ dÕutiliser les GPUpour des applications
de bioinformatique. Dans un premier temps, ce travail sÕintŽresse aucalcul des structures
secondaires dÕARN. Ce probl•me est en gŽnŽral calculŽ par programmationdynamique, avec
un algorithme qui pose de sŽrieux probl•mes pour un code GPU: des relations de rŽcurrence
complexes et un acc•s mŽmoire compliquŽ. Nous introduisons une nouvelleimplŽmentation
tuilŽe qui fait apparaitre une bonne localitŽ des acc•s mŽmoire, permettant ainsi un programme
GPU tr•s e! cace. Cette modiÞcation permet Žgalement de vectoriser le code CPU et donc
de faire une comparaison honn•te des performances entre GPU et CPU. Dans undeuxi•me
temps, ce travail aborde le probl•me dÕalignements de sŽquences sur ungŽnome de rŽfŽrence.
Nous prŽsentons une parallŽlisation GPU dÕune mŽthode utilisantune indexation par graines.
LÕ implŽmentation sur GPU nÕŽtant pas e! cace, nous nous tournons vers le dŽveloppement
dÕune version CPU. Notre contribution principale est le dŽveloppement dÕun nouvel algorithme
Žliminant rapidement les nombreux alignements potentiels, basŽ surle prŽcalcul de portions de
la matrice de programmation dynamique. Ce nouvel algorithme a conduit au dŽveloppement
dÕun nouveau programme dÕalignement tr•s e! cace. Notre travail fournit lÕexemple de deux
probl•mes di" Žrents dont seulement un a pu •tre e! cacement parallŽlisŽ sur GPU. Ces deux
expŽriences nous permettent dÕŽvaluer lÕe! cacitŽ des GPU et leur place en bioinformatique.

Keywords : GPGPU, Next Generation Sequencing, mapping, RNA folding.

Abstract

Bioinformatics require the analysis of large amounts of data. With the recent advent of
next generation sequencing technologies generating data at a cheap cost,the computational
power needed has increased dramatically. However, CPU performance is not keeping up with
this evolution, leading to unreasonable execution times and storage issues. On the other hand,
Graphic Processing Units (GPU) are now programmable beyond simple graphic computations,
providing high performance for general purpose applications at a low cost. This thesis explores
the usage of GPUs for bioinformatics applications. First, this work focuses on the computation
of secondary structures of RNA sequences. It is traditionally conducted with a dynamic pro-
gramming algorithm, which poses signiÞcant challenges for a GPU implementation: complex
data dependency scheme and memory access pattern. We introduce a new tiled implementa-
tion providing good data locality and therefore very e! cient GPU code. We note that our
algorithmic modiÞcation also enables tiling and subsequent vectorization of the CPU program,
allowing us to conduct a fair CPU-GPU comparison. Secondly, this worksaddresses the short
sequence alignment problem. We present an attempt at GPU parallelization using the seed-
and-extend paradigm. Since this attempt is unsuccessful, we then focuson the development
of a program running on CPU. Our main contribution is the development of a new algorithm
Þltering candidate alignment locations quickly, based on the precomputation of tiles of the
dynamic programming matrix. This new algorithm proved to be in fact more e" ective on a
sequential CPU program and lead to an e! cient new CPU aligner. Our work provides the
example of both successful an unsuccessful attempts at GPU parallelization. These two points
of view allow us to evaluate GPUs e! ciency and the role they can play in bioinformatics.

Keywords : GPGPU, Next Generation Sequencing, mapping, RNA folding.
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RŽsumŽ Žtendu

Contexte

La bio-informatique est le dŽveloppement de mŽthodes informatiques permettant
lÕanalyse de donnŽes biologiques. Les champs dÕapplications concernent par exemple
lÕanalyse des sŽquences dÕADN qui constituent un gŽnome, ou la comparaison et la prŽ-
diction des structures des protŽines ou des sŽquences dÕARN. De plus, la quantitŽ de
donnŽes ˆ analyser a augmentŽ de mani•re exponentielle au cours des derni•re annŽes.

En ce qui concerne le sŽquen•age de lÕADN, les progr•s ont ŽtŽ tr•s rapides. la
structure en double hŽlice a ŽtŽ dŽcouverte en 1953 par Watson et Crick. En 1977,
le premier gŽnome entier dÕun organisme fut sŽquencŽ, celui du bacteriophage! X 174
composŽ de 5386 bases. Le gŽnome humain, composŽ de 3 milliards de paires de bases, a
ŽtŽ sŽquencŽ en 2000 ˆ un cožt de plusieurs milliards de dollars. De nos jours, plusieurs
milliards de paires de bases peuvent •tre sŽquencŽes pour quelques milliers de dollars.

En consŽquence, la quantitŽ de donnŽes ˆ analyser est de plus en plus grande. DÕun
autre c™tŽ, la puissance de calcul des ordinateurs augmente, mais moins rapidement.
Cela conduit ˆ un allongement important des temps de traitement. Une solution pour
rŽduire les temps de calcul est de parallŽliser les calculs. La premi•re solution est
lÕutilisation de CPU multi-coeurs ainsi que des clusters de CPU.Bien quÕe! cace, cette
solution est cožteuse. Une autre solution est lÕutilisation de matŽriel haute performance
spŽcialisŽ. Par exemple les FPGAs peuvent fournir une puissance de calcul tr•s ŽlevŽe,
mais sont Žgalement tr•s cožteux.

Une autre solution vient de lÕutilisation des processeurs graphiques (GPU). Les GPUs
sont des processeurs spŽcialement con•us pour accŽlŽrer lÕa! chage de graphismes com-
plexes sur un Žcran. CÕest une t‰che avec beaucoup de parallŽlisme de donnŽes: des
traitements identiques doivent •tre appliquŽs ˆ tous les pixels et objets gŽomŽtriques
qui constituent lÕimage. Les GPU ont ŽtŽ con•us pour traiter e! cacement ce type de
calcul: ils comportent de nombreuses unitŽs de calcul capables dÕappliquer le m•me
calcul ˆ di" Žrentes donnŽes. A lÕorigine limitŽs ˆ des calculs graphiques de base, les
GPU ont graduellement acquis la capacitŽ dÕe" ectuer des traitements de plus en plus
complexes, aÞn que les programmeurs graphiques puissent dŽvelopper des e" ets plus rŽal-
istes. Cette programmabilitŽ accrue est arrivŽe ˆ un point oudes calculs non graphiques
ont aussi pu •tre exŽcutŽs sur des cartes graphiques, donnant naissance ˆ un nouveau
champ dÕapplication, le calcul gŽnŽrique sur cartes graphiques (GPGPU en anglais).
NVIDIA a introduit en 2006 le langage de programmation CUDA, spŽcialement con•u
pour faciliter le dŽveloppement de programmes GPGPU.
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Utiliser les GPUs pour exŽcuter des programmes non graphiques a plusieurs avan-
tages. DÕabord, une forte concurrence tirŽe par lÕindustrie du jeu vidŽo a conduit ˆ des
GPUs bon marchŽ, avec une puissance de calcul en constante augmentation. Tous les
ordinateurs peuvent •tre ŽquipŽs dÕun GPU haut de gamme, augmentant considŽrable-
ment sa puissance totale de calcul ˆ faible cožt.

Ensuite, les GPU sont naturellement bien adaptŽs pour tout probl•me avec un
fort parallŽlisme de donnŽes, apparaissant dans de nombreux domaines de recherche
scientiÞque. Par exemple en imagerie mŽdicale, pour des simulations de dynamique
des ßuides, en Þnance, traitement du signal, ou encore pour la cryptanalyse. La bio-
informatique comporte aussi beaucoup de parallŽlisme de donnŽes: lÕanalyse de donnŽes
biologiques nŽcessite souvent dÕappliquer le m•me calcul sur des donnŽes di" Žrentes. A
priori, il semble donc naturel dÕutiliser les GPU pour accŽlŽrer les programmes utilisŽs
en bio-informatique.

Objectifs

LÕobjectif de cette th•se est dÕŽvaluer les capacitŽs des GPUdans des applications de
bio-informatique typiques, et de comparer les rŽsultats obtenus avec une parallŽlisation
plus traditionnelle sur CPU multi-coeurs. Pour cela notre Žtude se penche sur deux
probl•mes distincts, ˆ la fois bien reprŽsentatifs de ce qui se fait en bio-informatique,
et di" Žrents en termes de mŽthodes de calculs utilisŽs pour les rŽsoudre. Le premier
probl•me est lÕŽtude de la prŽdiction de structure secondaire dÕARN. LÕalgorithme utilisŽ
est un calcul intensif qui se pr•tea priori bien ˆ une parallŽlisation sur GPU. Le second
probl•me porte sur lÕalignement de sŽquences de petite taille, gŽnŽrŽes par les nouvelles
technologies de sŽquen•age, sur un gŽnome de rŽfŽrence. Le calcul est moins intensif et
nŽcessite au contraire plus dÕacc•s ˆ la mŽmoire, en utilisant une structure de donnŽes
ŽlaborŽe. Ces deux probl•mes reprŽsentent donc un spectre variŽ de ce que lÕon peut
trouver en bio-informatique, et leur Žtude permet de rŽpondre ˆ la problŽmatique de
cette th•se: les algorithmes utilisŽs en bio-informatique peuvent-ils •tre e! cacement
implŽmentŽs sur GPU ?

LÕŽvaluation des GPU doit sÕe" ectuer sur plusieurs niveaux. Le premier point im-
portant est le temps nŽcessaire au dŽveloppement dÕapplications sur GPU. Les GPUs
sont a priori plus simples ˆ programmer que des FPGAs, mais plus di! ciles que des
CPU. Toutefois cela nŽcessite dÕ•tre conÞrmŽ en pratique. Deuxi•mement, les temps
dÕexŽcutions doivent •tre mesurŽs et comparŽs ˆ un code tournant sur CPU. Pour une
comparaison honn•te, il faut comparer le code GPU ˆ un programme bien optimisŽ
sur CPU, utilisant tous les coeurs disponibles ainsi que les instructions vectorielles qui
augmentent signiÞcativement la puissance des CPUs. EnÞn, les cožts dÕachat et de
fonctionnement des GPUs doivent aussi •tre ŽvaluŽs.

Chapitre 1 : Architecture

la premi•re Žtape pour savoir si les GPUs peuvent accŽlŽrer des programmes de
bio-informatique est de conna”tre leur fonctionnement et lÕarchitecture en dŽtail, de
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dŽterminer les points faibles et points forts et de les comparer avec lÕarchitecture CPU.

1.1 Introduction

Le temps dÕexŽcution total dÕun programme dŽpend de plusieurs facteurs, communs aux
architectures CPU et GPU. Nous pouvons distinguer trois caractŽristiques principales:
la puissance de calcul brute, la bande passante mŽmoire, et la latence.
La puissance brute dŽtermine le nombre dÕopŽrations qui peuvent •tre exŽcutŽes
par unitŽ de temps. Elle est gŽnŽralement fournie par les constructeurs en nombre
dÕopŽrations par cycles dÕhorloge. La multiplication de ce chi" re par la frŽquence four-
nit le nombre dÕopŽrations par secondes, usuellement dŽÞni en milliards dÕopŽrations
ßottantes par secondes,GFLOPS en anglais. Par exemple la puissance maximale dÕun
CPU Xeon X5482 est de 102.4 GFLOPS pour des opŽrations en 32 bits,en utilisant les
instructions SSE et tous les coeurs disponibles. Pour une carte graphique Tesla C1060, la
puissance maximale thŽorique est de 624 GFLOPS. Cela signiÞe que lÕon peut sÕattendre
ˆ facteur dÕaccŽlŽration de x6 en utilisant un GPU. Toutefois, le facteur dÕaccŽlŽration
rŽel dŽpend bien Žvidemment de la fraction de cette puissance maximale que lÕon arrive
ˆ exploiter en pratique.
Le deuxi•me facteur est la bande passante mŽmoire,i.e. la quantitŽ de donnŽes trans-
fŽrŽe par unitŽ de temps, exprimŽe en Goctets/sec (Go/sec). SchŽmatiquement, les
donnŽes sont transfŽrŽes de la mŽmoire pour alimenter le processeur, puis dans lÕautre
sens pour stocker les rŽsultats. Pour une Tesla C1060 et un CPU Xeon 5500, la bande
passante maximale est respectivement de 102.4 Go/sec et 32.0 Go/sec. Le rapport en-
tre la bande passante et la puissance brute dŽtermine lÕintensitŽ arithmŽtique nŽcessaire
pour exploiter au maximum les ressources disponibles. Par exemple pour la Tesla C1060,
un programme doit e" ectuer au moins 24 opŽrations ßottantes par acc•s mŽmoire pour
atteindre la puissance de calcul maximale. Toutefois, si le jeu de donnŽes dÕun algo-
rithme tient dans la mŽmoire prŽsente sur la puce, les donnŽes peuvent •tre chargŽes
une seule fois de la mŽmoire principale et rŽutilisŽes plusieurs fois. Dans ce cas, la bande
passante mŽmoire est moins souvent une limitation.
Le troisi•me point est la latence, le dŽlai entre le lancement dÕune opŽration et le mo-
ment ou le rŽsultat est disponible. La latence concerne ˆ la fois les les instructions
processeurs, et les transactions mŽmoires. Dans un syst•me purement sŽquentiel la
latence est un probl•me important. CÕest pourquoi les CPU int•grent de nombreux
niveaux de mŽmoire cache pour diminuer la latence dÕacc•s ˆ la mŽmoire, et des sys-
t•mes complexes tel que lÕexŽcutionout-of-order des instructions. DÕun autre c™tŽ, le
parallŽlisme de t‰ches permet aussi de combattre e! cacement les probl•mes de latence:
pendant quÕune t‰che est en attente, une autre t‰che est exŽcutŽe, les unitŽs de calcul
ne sont donc pas bloquŽes. CÕest ce qui est utilisŽ par les GPU, et qui leur permettent
de se passer de grandes quantitŽs de mŽmoire sur la puce.

1.2 Comparaison CPU/ GPU

Nos expŽrimentations ont ŽtŽ e" ectuŽes sur un syst•me 8 coeurs composŽ de deux quad-
core Xeon E5430 fonctionnant ˆ 2.66GHz. Chaque Xeon contient32KB de cache L1 par



vi

coeur, et 6MB de cache L2 commun ˆ deux coeurs. Ce CPU supporte le parallŽlisme de
t‰ches, traditionnellement implŽmentŽ avec les threads POSIX ou avec lÕAPI OpenMP.
Il supporte aussi le parallŽlisme de donnŽes avec les instructions vectorielles SSE.

Nous avons utilisŽ lÕarchitecture GPU CUDA de Nvidia, qui combine hautes perfor-
mances et facilitŽ de programmation avec le langageC for CUDA. En rŽsumŽ, les GPUs
Žchangent le grand nombre de transistors dŽdiŽs ˆ la mŽmoire cache et aux mŽcanismes
de contr™le de ßux prŽsent sur les CPUs contre plus dÕunitŽs de calculs. A la place, les
GPU comptent sur le multithreading pour masquer la latence. Un programme GPU est
un kernel, appelŽ sur un ensemble de trheads, rŽpartis en un grille de blocs. les blocs
sont subdivisŽs enwarps de 32 threads qui sÕexŽcutent en SIMD. Les threads dÕun bloc
peuvent •tre synchronisŽs et partager un petite mŽmoire rapide partagŽe de 16 Ko.
Quelques points particuliers sont: (i) la bande passante maximale nÕest atteinte que si
les di" Žrents acc•s mŽmoire sont regroupŽs, ce qui nŽcessite que chaque thread acc•de ˆ
des donnŽes consŽcutives en mŽmoire, (ii) chaque multiprocesseur de la carte peut gŽrer
au maximum 32 warps ˆ la fois. LÕoccupationmesure le pourcentage de ce maximum qui
est utilisŽ en pratique. Uneoccupation plus ŽlevŽe permet en gŽnŽral de mieux utiliser
les ressources de la carte, mais nŽcessite dÕutiliser peu de registres par thread. (iii) La
mŽmoire partagŽe est un point crucial pour obtenir une bonne performance, elle permet
de stocker sur la puce des donnŽes susceptibles dÕ•tre utilisŽes par di" Žrents threads.
Elle est gŽrŽe enti•rement manuellement par le programmeur.

Les architectures CPU et GPU sont assez di" Žrentes dans le sens o• le CPU con-
tient beaucoup dÕŽlŽments dont le but est dÕexŽcuter rapidement une t‰che sŽquentielle,
alors que le GPU est tr•s lent sÕil exŽcute une seule t‰che. Comme le GPU compte
sur le multi-threading pour ses performances, il requiert des milliers de threads pour
fonctionner e! cacement, contrairement au CPU qui est dŽjˆ tr•s rapide avec unseul
thread. Toutefois, il y aussi un certain nombre de similaritŽs: un GPU est un ensemble
de multiprocesseurs, chacun contenant une unitŽ SIMD, un CPU est un ensemble de
coeurs, chacun contenant Žgalement un unitŽ SIMD. De plus, les architectures semblent
converger: les GPU Žvoluent vers une programmation plus souple, tandis que les CPUs
Žvoluent vers plus de parallŽlisme. Par consŽquent, les GPUsne font quÕanticiper ce
quÕil sera nŽcessaire de faire pour les CPU de demain.

Chapitre 2 : PrŽdiction de structure secondaire
dÕARN

La prŽdiction des structures secondaires dÕARN est un probl•me ŽtudiŽ depuis
longtemps par la communautŽ scientiÞque, et est utilisŽe rŽguli•rement dans des
pipelines de bio-informatique. CÕest un algorithme de calcul intensif, dont le temps
dÕexŽcution pose probl•me pour des sŽquences de grande taille. Une parallŽlisation
GPU nÕa jusquÕˆ prŽsent ˆ notre connaissance jamais ŽtŽ tentŽe.
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2.1 Introduction

La molŽcule dÕADN est plus connue sous sa forme double brin qui forme une double
hŽlice. Toutefois, la molŽcule dÕARN se trouve plus gŽnŽralement en simple brin dans la
cellule. Elle est composŽe de 4 nuclŽotides, aussi appelŽesbases: adenine (A), cytosine
(C), guanine (G) et uracil (U). Deux nuclŽotides peuvent se lier formant ainsi une paire
de bases, selon la r•gle de complŽmentaritŽ de Watson et Crick: A avec U, G avec C,
mais aussi la paire Òbancale" plus instable G avec U. Les liaisons intra-molŽculaires de ce
simple brin dÕARN forcent la cha”ne ˆ se replier sur elle m•me en un ensemble de boucles
de di" Žrent types : des Žpingles ˆ cheveux, des hernies, des boucles internes ou multi-
ples. Cette conformation 2D est appelŽe la structure secondaire, dont la connaissance
est nŽcessaire ˆ de nombreux probl•mes de bio-informatique. Les algorithmes calculant
cette structure ont une complexitŽ enO(n3), ce qui signiÞe que le temps dÕexŽcution
devient rapidement problŽmatique pour des grandes sŽquences. LÕalgorithme le plus
connu est celui de Zuker introduit en 1981, qui utilise un mod•le thermodynamique
prŽcis pour mesurer la stabilitŽ des di" Žrents ŽlŽments de la structure [85]. Il est en-
core largement utilisŽ aujourdÕhui et disponible dans deux packages, ViennaRNA [29]
et Unafold [56]. Notre objectif est de dŽvelopper une implŽmentation GPU e! cace de
lÕalgorithme donnant les m•mes rŽsultats que Unafold.

En rŽsumŽ, lÕalgorithme de prŽdiction de structure fonctionne de la mani•re suivante.
Il dŽtermine la structure la plus stable, cÕest ˆ dire celle qui maximise un schŽma de
score ÞxŽ, ou plut™t, qui minimise lÕŽnergie libre totale de la molŽcule dÕARN. LÕŽnergie
de la sŽquence enti•re se dŽcompose facilement en la somme des Žnergies de ses sous-
structures. Un mod•le thermodynamique dŽÞnit lÕŽnergie des structures ŽlŽmentaires en
fonction de leur taille, type, et composition en nuclŽotides. Le probl•me est un probl•me
dÕoptimisation: parmi toutes les structures possible, il sÕagit de trouver celle dÕŽnergie
minimum. Ce probl•me est rŽsolu par programmation dynamique: le probl•me entier
est dŽcomposŽ en sous-probl•mes plus faciles ˆ rŽsoudre. Le probl•me est rŽsolu pour
des sous-sŽquences de la sŽquence principale, dont les solutions permettent ensuite de
reconstituer les solutions pour des probl•mes de plus en plus grands, jusquÕˆ obtenir la
solution pour la sŽquence enti•re. LÕalgorithme introduit les 3 quantitŽsQPi,j ,QM i,j et
QSi,j qui reprŽsentent les solutions pour les sous-sŽquencesi . . . j dans trois cas de Þgures
di" Žrents. QPi,j reprŽsente le score dÕun sŽquence dont les extrŽmitŽs sont appariŽes,
QM i,j une sŽquence contenant au moins deux paires de bases, etQSi,j une sŽquence
contenant au moins une paire de bases. Les relations de rŽcurrence suivantes permettent
de reconstruire de proche en proche la solution pour des sŽquences de plus en plus
grandes :

QPi,j =

!
"""""#

"""""$

min

!
"""#

"""$

Eh(i, j )
Es(i, j ) + QPi +1 ,j ! 1

min
{ k,l |i<k,l<j }

Ei (i, j, k, l ) + QPk,l

QM i +1 ,j ! 1

%
"""&
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QM i,j = min
i<k<j

(QSi,k + QSk+1 ,j ) (2.2)

QSi,j = min { QM i,j , min(QSi +1 ,j , QSi,j ! 1), QPi,j } (2.3)

Les trois quantitŽsQPi,j ,QM i,j et QSi,j dŽÞnissent la matrice de programmation
dynamique pour i, j variant entre 1 et n. CÕest une matrice symŽtrique: on aQPi,j =
QPj,i . Les Žquations de rŽcurrence impliquent un schŽma de dŽpendance des donnŽes et
donc un certain ordre de calcul de cette matrice. En sŽquentiel, les calculs sÕe" ectuent
colonnes apr•s colonnes de la gauche vers la droite, et chaque colonne de bas en haut.
LÕŽquation qui calculeQM i,j est enO(n3), les deux autres enO(n2). Une mesure du
temps passŽ dans les di" Žrentes parties du code montre que pour des sŽquences de taille
8000, plus de80% du temps total est passŽ dans le calcul deQM . En revanche, pour
des sŽquences de taille1000, la rŽpartition est respectivement de30%,40%et 20%pour
QM ,QP et QS. Pour avoir une bonne accŽlŽration globale pour di" Žrentes taille de
sŽquences, il faut donc accŽlŽrer e! cacement ces 3 parties de lÕalgorithme. Pour des
grandes sŽquences, lÕaccŽlŽration globale obtenue avec une parallŽlisation GPU va donc
approcher lÕaccŽlŽration de la partie enO(n3), qui calculeQM .

2.2 Principe de parallŽlisation

Les Žquations de rŽcurrence impliquent une parallŽlisation a priori Žvidente des calculs:
les di" Žrentes cases qui composent une diagonalei " j = constante peuvent •tre cal-
culŽes en parall•le. Trois kernels sont con•us pour le calcul deQPi,j , QM i,j et QSi,j ,
correspondant aux 3 Žquations de rŽcurrences. Chaque kernelcalcule une diagonale,
avec un thread par case. La matrice compl•te est ensuite calculŽe sŽquentiellement avec
une boucle sur toutes les diagonales. La synchronisation nŽcessaire entre chaque diago-
nale sÕe" ectue donc naturellement entre lÕexŽcution des di" Žrents kernels.

La partie la plus problŽmatique concerne la parallŽlisation de la partie enO(n3) qui
calculeQM . La parallŽlisation na•ve par diagonale requiert en e" et beaucoup de bande
passante, car chaque case de la matrice nŽcessite lÕacc•s ˆO(n) donnŽes pourO(n)
calculs, et il nÕy a pas de partage possible des acc•s entre les di" Žrentes cases dÕune
diagonale. En thŽorie, il pourrait y avoir une rŽutilisationdes donnŽes, car une valeur
QS(i, k ) va •tre utilisŽe pour le calcul des di" Žrentes casesQM (i, j ) avec j # [k; n].
Cependant, le schŽma de dŽpendance des donnŽes rend impossible dÕen tirer avantage,
car lÕensemble des cellulesQM (i, j ) j # [k; n] sont situŽes sur di" Žrentes diagonales et
donc calculŽes dans des appels kernels distincts.
Nous avons dŽveloppŽ une implŽmentation pavŽe qui fait apparaitre une bonne local-
itŽ mŽmoire. LÕobservation clŽ est que le calcul dÕune case est une minimisation sur
i < k < j , qui peut •tre dŽcoupŽe en plusieurs parties. Notre approcheest inspirŽe de
lÕimplŽmentation systolique du probl•me de parenthŽsage optimal dŽveloppŽ par Guibas-
Kung-Thompson[27, 65]. LÕidŽe est de dŽcomposer et rŽordonner la rŽduction aÞn de
faire apparaitre une bonne localitŽ mŽmoire et donc un code e! cace sur GPU. Con-
sidŽrons que les cases jusquÕˆ une certaine diagonaled0 sont dŽjˆ calculŽes, cÕest ˆ dire
toutes les cellules(i, j ) telles quej < i + d0. Pour (i 1, j 1) ÞxŽ en dehors de la zone
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connue, avecj 1 = i 1 + d0 + T, T > 0, le calcul entier min
i 1<k<j 1

(QSi 1 ,k + QSk+1 ,j 1 ) nÕest pas

possible car de nombreuses valeursQS sont encore inconnues.
Toutefois, il est possible de calculer une partie de la rŽduction pour laquelle les valeurs
QS sont connues: pour"1 < k < "2 avec"1 = j " d0 et "2 = i + d0. Cela signiÞe quÕen
enlevant la partie de la rŽduction qui viole la relation de dŽpendance des donnŽes, il est
possible de calculer en parall•le dans un pavŽ un ensemble de cases de la matrice. Dans
ce pavŽ, la bonne localitŽ mŽmoire permet de charger en mŽmoire partagŽe du GPU
les donnŽes nŽcessaires au calcul. Chaque thread va ensuite accŽder ˆ cette mŽmoire
partagŽe pour e" ectuer ses opŽrations. De cette mani•re, les besoins en bande passante
sont rŽduits dÕun facteur Žgal ˆ la taille du pavŽ (16 dans notre implŽmentation GPU).
Le kernel nÕest plus limitŽ par la bande passante et peut au contraire exploiter au max-
imum les capacitŽs de calcul du GPU. Le reste de la rŽduction est calculŽ de mani•re
traditionnelle diagonale apr•s diagonale.

Ce schŽma de pavage est aussi applicable au code CPU. La bonne localitŽ mŽmoire
est aussi bŽnŽÞque sur un processeur traditionnel: elle garantit un faible nombre de
dŽfauts de cache. De plus, le code pavŽ rend relativement aisŽ une vectorisation du
code avec les instructions SSE. Une implŽmentation sur CPU avecles instructions SSE
a ŽtŽ dŽveloppŽe. De plus, un second niveau de pavage permet une rŽutilisation des
chargements mŽmoire au niveau des registres SSE. Le code CPU peut Žgalement facile-
ment tirer partie dÕune parallŽlisation multi-coeurs avecopenMP en parallŽlisant sur les
di" Žrentes cases ou pavŽs dÕune diagonale. Cela permet une vectorisation e! cace du
code CPU, et donc une comparaison honn•te des performances entre CPU et GPU.

2.3 RŽsultats

Pour des grandes sŽquences, le code pavŽ sur GPU est jusquÕˆ150x plus rapide que le
code sŽquentiel UNAfold disponible sur internet. Le code pavŽ et vectorisŽ sur CPU
est quant ˆ lui jusquÕˆ12x plus rapide que UNAfold. Cette accŽlŽration provient ˆ la
fois de la bonne localitŽ fournie par le pavage et de la vectorisation SSE. Le code CPU
vectorisŽ et parallŽlisŽ sur 8 coeurs de CPU est quant ˆ lui ÒseulementÓ deux fois plus
lent que le code GPU.
Des algorithmes proches du calcul de la structure secondaire optimale existent, en par-
ticulier le calcul de structures sous-optimales et la fonction de partition [84, 58]. Nous
avons Žgalement appliquŽ notre approche ˆ ces algorithmes et avons obtenus des ac-
cŽlŽrations similaires.
Notre implŽmentation GPU pavŽe va faire lÕobjet dÕun chapitre dans lÕouvrage de
NVIDIA ÒGPU computing gemsÓ:

Rizk, G., Lavenier, D., and Rajopadhye, S. (2010). GPU computing Gems, chapter
GPU accelerated RNA folding algorithm. Addison-Wesley Professional.
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2.4 Discussion

Dans ce chapitre, lÕobjectif Žtait de dŽterminer sÕil Žtait possible dÕavoir une implŽ-
mentation e! cace sur GPU du calcul de la structure secondaire de lÕARN. Nous avons
dŽveloppŽe une premi•re parallŽlisation Òna•veÓ fortement limitŽe par la bande passante
mŽmoire de la carte graphique. Nous avons ensuite dŽveloppŽ une nouvelle approche
pavŽe de lÕalgorithme qui fait appara”tre une bonne localitŽ mŽmoire, permettant de
passer dÕun code limitŽ par la bande passante ˆ un code limitŽ par la puissance brute de
la carte. LÕaccŽlŽration obtenue va jusquÕˆ150x par rapport au programme UNAfold.
Le rŽponse est donc positive, il est possible de parallŽliser e! cacement un algorithme de
programmation dynamique complexe de lÕenvergure de lÕalgorithme de calcul de struc-
ture secondaire. Toutefois, le facteur150x est ˆ prendre avec des pincettes, il ne provient
pas uniquement de lÕaccŽlŽration GPU, mais aussi de notre nouvelle approche pavŽe.
Nous avons notŽ que cette nouvelle approche permettait Žgalement une bonne accŽlŽra-
tion du programme CPU, fournissant ainsi une comparaison honn•te des performances
entre GPU et CPU. LÕaccŽlŽration GPU par rapport ˆ notre code vectorisŽ sur CPU
est de2x sur un syst•me octo-coeurs. Cela correspond aux accŽlŽrations observŽes dans
[40] quand le code CPU est bien vectorisŽ. Cela peut para”tre unefaible accŽlŽration
mais constitue en rŽalitŽ dŽjˆ une optimisation tr•s intŽressante pour les pipelines de
bio-informatique nŽcessitant dÕexŽcuter ce programme de mani•re intensive.

Chapitre 3 : Alignement de sŽquences

LÕalignement de sŽquences est un domaine majeur de la bio-informatique. Avec
lÕav•nement des nouvelles gŽnŽrations de sŽquenceurs, le dŽveloppement de nouveaux
programmes dÕalignements e! caces est plus que jamais une prioritŽ. Dans ce chapitre
lÕobjectif est de dŽterminer si une parallŽlisation GPU peutrŽsoudre ce probl•me e! -
cacement. Nous avons dŽveloppŽ une stratŽgie qui Žlimine la plupart des alignements
potentiels provenant de la phase dÕindexation, avant quÕilsaient ˆ •tre Žtendus par le
cožteux algorithme de programmation dynamique de type Needleman-Wunsch. En re-
vanche, cette approche rend di! cile une implŽmentation GPU e! cace. Il a donc ŽtŽ
jugŽ prŽfŽrable de dŽvelopper et optimiser la version CPU du programme, qui a aboutit
ˆ la crŽation dÕun nouveau programme dÕalignement, appelŽ GASSST.

3.1 Introduction

Les nouvelles technologies de sŽquen•age (NGS) produisent de grandes quantitŽs de don-
nŽes. Elles sont utilisŽes dans un large spectre dÕapplications, incluant le re-sŽquen•age
de gŽnome, la dŽtection de polymorphisme ou lÕŽtude des ŽlŽments transcrits. Les don-
nŽes consistent en un grand nombre de petites sŽquences appelŽesreads. Un probl•me
rŽcurrent est de localiser ces reads dans un gŽnome de rŽfŽrence, en autorisant quelques
erreurs, mismatchs, insertions ou dŽlŽtions. Pour cela, la stratŽgieseed and extendest
la plus utilisŽe en pratique. LÕidŽe est que des alignements signiÞcatifs vont inclure
des rŽgions avec une correspondance parfaite entre la sŽquence requ•te et la sŽquence



xi

de rŽfŽrence. Par exemple, tout alignement de 50 paires de bases avec 3 erreurs con-
tient au moins 12 bases identiques consŽcutives. En consŽquent, dans la stratŽgieseed
and extend, seules les sŽquences partageant des k-mers identiques avecla rŽfŽrence sont
considŽrŽes comme alignements potentiels. La dŽtection de k-mers communs est par
exemple e" ectuŽe en utilisant un index localisant tous les k-mers sur la sŽquence de
rŽfŽrence. Ensuite, tous les k-mers chevauchants, appelŽsgraines, de cette sŽquence
sont extraits. Pour chaque graine lÕindex fournit une liste de positions dans la rŽfŽrence,
qui sont autant dÕalignements potentiels, appelŽs CAL pourcandidate alignment lo-
cation. Chaque alignement potentiel doit ensuite •tre ÒŽtenduÓ pour savoir sÕil peut
gŽnŽrer un alignement su! samment similaire. Pour autoriser les insertions/dŽlŽtions,
cette Žtape est en gŽnŽrale e" ectuŽe avec un algorithme de programmation dynamique
de type Needleman-Wunsch. Cette mŽthode bŽnŽÞcie dÕune bonne prŽcision et dÕune
bonne sensibilitŽ, mais est aussi extr•mement lente ˆ cause du nombre tr•s ŽlevŽ de
cožteuses instances de programmation dynamique ˆ rŽsoudre.
Les solutions utilisŽes dans la littŽrature pour accŽlŽrer cette stratŽgie sont lÕutilisation
de graines espacŽes ou multiples. CÕest par exemple le cas desprogrammes BFAST
[30], SHRiMP [71] et MAQ [44]. Une autre solution dŽveloppŽe dans SHRiMP est la
vectorisation en SSE du code de programmation dynamique. La principale mŽthode
concurrent ˆ la stratŽgieseed and extendest celle qui utilise un indexation basŽe sur
une transformŽe de Burrows-Wheeler (BWT) [9]. La mŽthode utilise une technique
appelŽebackward search[22] qui permet dÕutiliser lÕindex pour obtenir des rŽsultats
similaires ˆ une recherche utilisant un arbre des su! xes. Cette mŽthode est utilisŽe par
les programmes Bowtie [38], SOAPv2 [47], et BWA [42]. LÕavantage de cette mŽthode
est des temps dÕexŽcution tr•s courts et peu de besoins de mŽmoire vive, mais elle ne
fonctionne bien en gŽnŽral que pour des alignements avec un faible taux dÕerreurs.

3.2 Principe

Notre objectif est la crŽation dÕun nouveau programme dÕalignement e! cace, fonction-
nant dans un grand nombre de situations : avec des reads courts ou longs, et des taux
dÕerreurs faibles ou ŽlevŽs. Nous avons explorŽ deux pistes pour le dŽveloppement de
cet algorithme. Premi•rement, une approche parÞltrage, et deuxi•mement, une paral-
lŽlisation sur GPU.

LÕapproche parÞltrage vient de lÕobservation que la plupart des alignements can-
didats produits par la stratŽgieseed and extendne gŽn•rent pas de bons alignements.
Seul un tr•s faible pourcentage, gŽnŽralement infŽrieur1̂%, conduit ˆ des alignements
signiÞcatifs. De plus, il nÕest probablement pas nŽcessaire dÕe" ectuer le complexe calcul
de Needleman-Wunsch pour se rendre compte quÕun alignement va •tre mauvais. LÕidŽe
du Þltrage est alors de mettre au point des tests consistant en calculs simples et rapi-
des qui permettent dÕŽliminer rapidement les alignements candidats avec un faible score
de similaritŽ. Les alignements candidats qui passent ces Þltres sont ensuite recalculŽs
avec Needleman-Wunsch pour obtenir lÕalignement complet. LeÞltre que nous avons
dŽveloppŽ est basŽ sur lÕutilisation de tables de scores prŽ-calculŽs qui contiennent le
score dÕalignement de Needleman-Wunsch de toutes les paires de mots de taillel . En
stockant chaque score dans un octet, la taille de la table est de42l octets. En pratique,
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nous utilisonsl = 4 ce qui conduit ˆ une table de 64Ko. CÕest une table su! samment
petite pour tenir dans les premiers niveaux de cache du processeur et peut donc •tre ac-
cŽdŽe tr•s rapidement dans un algorithme. Nous avons dŽveloppŽ un nouvel algorithme
qui rŽutilise cette table un grand nombre de fois pour calculer une approximation de
lÕalgorithme de Needleman-Wunsch. En choisissant un schŽmade score simple, i.e. 1
pour une erreur, mismatch, insertion ou dŽlŽtion et 0 sinon, notre algorithme calcule une
borne infŽrieure du score obtenu par Needleman-Wunsch. CÕest ˆ dire que lÕalgorithme
dŽtermine une borne infŽrieure du nombre dÕerreurs prŽsentes dans lÕalignement. Nos
mesures montrent que cette borne est calculŽe 10 ˆ 100 fois plus vite que le score ex-
act de Needleman-Wunsch. Son utilisation constitue donc un Þltre tr•s e! cace pour
Žliminer rapidement des alignements candidats. Le fait que lÕalgorithme calcule une
borne infŽrieure permet dÕŽliminer sans se tromper des alignements candidats avec trop
dÕerreurs. Aucun bon alignement nÕest ŽliminŽ par le Þltre, la sensibilitŽ nÕest donc
pas diminuŽe. En revanche, certains alignements avec trop dÕerreurs peuvent passer le
Þltre. Ceux-ci sont ŽliminŽs dans la phase Þnale de lÕalgorithme ou le calcul exact de
Needleman-Wunsch est e" ectuŽ sur les alignements candidats qui passent le Þltre.

La deuxi•me piste explorŽe est la parallŽlisation sur GPU. Ily a deux possibilitŽs
pour cette parallŽlisation : soit la parallŽlisation de lÕapproche ÞltrŽe, soit la parallŽli-
sation de lÕalgorithme sans Þltres. LÕalgorithme sans Þltres est facile ˆ parallŽliser sur
GPU, mais nos mesures ont montrŽ que lÕapproche sans Þltres est 10 ˆ 100 fois plus lente
que lÕapproche ÞltrŽe. Sa parallŽlisation GPU est donc inutile. LÕalgorithme ÞltrŽ est
rapide sur CPU, mais est en revanche tr•s di! cile ˆ parallŽliser e! cacement sur GPU:
lÕutilisation de Þltres introduit des divergences dans le traitement des di" Žrents aligne-
ments candidats: pour certains le calcul sÕarr•te d•s le premier Þltre, pour dÕautres le
traitement passe tous les tests. Le programme ne convient donc plus ˆ un parallŽlisme
de donnŽes ou les di" Žrents unitŽs de calcul doivent e" ectuer exactement la m•me tache,
comme cÕest le cas sur GPU. Il convient par contre tout de m•me ˆun parallŽlisme de
t‰ches, pour une parallŽlisation sur multi-coeurs. Pour cette raison nous avons donc
dŽcidŽ dÕabandonner la parallŽlisation GPU de cet algorithme. En revanche, la nouvelle
approche ÞltrŽe dŽveloppŽe a permis la crŽation dÕun nouveau programme dÕalignement
e! cace, appelŽ GASSST, pourGlobal Alignment Short Sequence Search Tool.

3.3 RŽsultats

Les rŽsultats du programme GASSST ont ŽtŽ comparŽs en particulier avec ceux des
programmes BFAST et BWA qui sont actuellement les plus utilisŽs. Pour cela, des jeux
de donnŽes simulŽs ont ŽtŽ utilisŽs. Des reads de di" Žrentes tailles et taux dÕerreurs
ont ŽtŽ gŽnŽres ˆ partir du gŽnome humain. Pour chaque expŽrience, la sensibilitŽ, la
prŽcision et le temps de calcul ont ŽtŽ mesurŽs. Des jeux de donnŽes rŽels ont aussi ŽtŽ
utilisŽs, pour lesquels la sensibilitŽ ne peut •tre quÕestimŽe. Ces Žvaluations ont montrŽ
que le programme GASSST est e! cace dans beaucoup de situations di" Žrentes: pour
des reads courts et longs, avec un taux dÕerreurs autorisŽes dans les alignements faible
ou ŽlevŽ. GASSST est aussi rapide que BWA pour des reads courts avec un faible taux
dÕerreurs, et devient beaucoup plus sensible pour des taux dÕerreurs plus ŽlevŽs.

Le programme GASSST est disponible en licence CeCILL, et a ŽtŽ lÕobjet dÕun article
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dans la revuebioinformatics :
Rizk, G. and Lavenier, D. (2010). GASSST: global alignment short sequence search
tool. Bioinformatics, 26(20), 2534Ð2540.

3.4 Discussion

Dans ce chapitre, lÕobjectif Žtait de dŽterminer si les GPU pouvaient •tre utilisŽs pour
crŽer des algorithmes rapides dÕalignement de sŽquences. Nous avons dŽveloppŽ une
approche par Þltrage qui a donnŽ de tr•s bons rŽsultats mais qui nÕa pas pu •tre paral-
lŽlisŽe sur GPU. Le dilemme pour la parallŽlisation GPU est le suivant: soit parallŽliser
lÕapproche non ÞltrŽe, qui est rŽguli•re et donc e! cacement parallŽlisŽe sur GPU, mais
qui est ˆ la base tr•s lente; soit essayer de parallŽliser lÕapproche ÞltrŽe, qui est tr•s rapide
mais aussi tr•s di! cile ˆ parallŽliser. Les deux options menant ˆ une impasse pour la
parallŽlisation GPU, il appara”t donc impossible dÕutiliser les GPU pour parallŽliser la
stratŽgieseed and extend.

Chapitre 4 : Conclusion

4.1 Contributions

Nous avons contribuŽ ˆ deux probl•mes di" Žrents: le calcul de structures sec-
ondaires dÕARN et lÕalignement de sŽquences gŽnŽrŽes par les nouvelles technologies
de sŽquen•age. Pour le premier probl•me, nous avons dŽveloppŽ un code GPU qui
va jusquÕˆ 150x plus vite que le programme UNAfold. Cela a ŽtŽ rendu possible par
lÕutilisation dÕune mŽthode de pavage qui fait appara”tre un bonne localitŽ mŽmoire.
Nous avons aussi dŽveloppŽ un programme CPU qui exploite le pavage et vectorisŽ en
SSE, qui est jusquÕˆ 10 x plus rapide que UNAfold. Nos mŽthodesont Žgalement ŽtŽ
appliquŽes au calcul des structures secondaires sous-optimales et au calcul de la fonction
de partition. La mŽthode de pavage que nous avons dŽveloppŽe est un bon exemple de
ce quÕil faut faire pour obtenir des bonnes performances surGPU. Tandis que notre
premi•re implŽmentation Žtait limitŽe par la bande passante et nÕutilisait donc quÕune
faible fraction des capacitŽs de calcul du GPU, la version pavŽe nÕest plus limitŽe par la
bande passante et utilise donc au maximum les capacitŽs de calcul du GPU. Des mŽth-
odes similaires pourraient •tre utiles ˆ dÕautres applications GPGPU. Pour le second
probl•me, lÕalignement de sŽquences, nous avons dŽveloppŽ un nouvelle approche ÞltrŽe
basŽe sur lÕutilisation de tables prŽ-calculŽes, qui a conduit ˆ la crŽation du programme
GASSST fonctionnant sur CPU.
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4.2 Perspectives

Pour le repliement dÕARN, il serait possible dÕexplorer des variations sur la mŽthode
de pavage, apportant Žventuellement encore un gain pour le GPU. Il serait Žgalement
intŽressant dÕessayer dÕappliquer notre mŽthode ˆ des algorithmes similaires, par ex-
emple ceux qui calculent les structures secondaires avec pseudo-noeuds, ou les algo-
rithmes calculant dÕautres classes de structures sous-optimales. Pour lÕalignement de
sŽquences, il semble possible dÕoptimiser davantage le programme GASSST. Dans un
premier temps, il serait possible dÕessayer des mŽthodes dÕindexation plus ŽlaborŽes,
telles que des graines espacŽes. Il serait aussi utile dÕŽtudier lÕimpact de lÕutilisation de
schŽma de scores plus complexes pour notre approche de Þltrage. Bien quÕil semble di! -
cile pour la mŽthode actuelle dÕintŽgrer des scores plus complexes (avec un cožt di" Žrent
pour le dŽbut ou lÕextension dÕune dŽlŽtion), des mŽthodes approchŽes pourraient •tre
dŽveloppŽes. Plus gŽnŽralement, il reste probablement de nombreuses pistes ˆ explorer
pour accŽlŽrer lÕalignement de sŽquences. La stratŽgieseed and extendbŽnŽÞcie dÕune
bonne sensibilitŽ, mais sou" re aussi dÕune certaine lourdeur: elle gŽn•re un tr•s grand
nombre dÕalignements candidats, gŽnŽrant beaucoup de calculs inutiles. Pour obtenir
de meilleures performances, il semble nŽcessaire dÕŽlaborer une stratŽgie radicalement
di" Žrente.

4.3 Discussion

La problŽmatique de cette th•se est de dŽterminer si les algorithmes utilisŽs en bio-
informatique peuvent ou non •tre e! cacement implŽmentes sur GPU. Par lÕŽtude de
deux probl•mes di" Žrents, il nous est possible dÕavoir un dŽbut de rŽponse ˆ cette ques-
tion. Pour les algorithmes de calcul intensif du type de lÕalgorithme de repliement
dÕARN, les GPU peuvent fournir une implŽmentation e! cace, m•me sÕil peut •tre dif-
Þcile dÕexposer une bonne localitŽ mŽmoire, nŽcessaire pour obtenir des bonnes per-
formances. En revanche, pour le domaine du traitement des sŽquences en gŽnŽral,
la rŽponse est non. Plusieurs facteurs en sont la cause: premi•rement ils nŽcessitent
en gŽnŽral la manipulation de grandes quantitŽs de donnŽes, qui peuvent •tre longs ˆ
transfŽrer sur GPU. Deuxi•mement, lÕintensitŽ arithmŽtique ( le ratio entre le nom-
bre dÕopŽrations et la quantitŽ de transactions mŽmoire) est en gŽnŽrale faible, ce qui
conduit ˆ une sous-utilisation de la puissance de calcul desGPUs. Troisi•mement, des
structures de donnŽes complexes sont souvent utilisŽes, qui requi•rent des acc•s alŽatoire
ˆ la mŽmoire, et donc induisent une faible bande passante surGPU.
En ce qui concerne les performances, dans notre cas le code GPU est environ Žquivalent
ˆ 16 coeurs de CPU. CÕest moins quÕespŽrŽ initialement, mais dŽjˆ un bon rŽsultat si on
compare le cožt de fonctionnement dÕun GPU et de 16 coeurs de CPU.EnÞn, la ques-
tion du temps de dŽveloppement sur GPU est importante. Notre expŽrience a montrŽ
que les temps de dŽveloppement sur GPU sont assez longs, du fait dÕun grand nombre
de param•tres ˆ tester et optimiser. Bien que subjectif, car fortement dŽpendant de
lÕexpŽrience de chacun, il nous semble plus simple de parallŽliser pour des instructions
vectorielles SSE que pour GPU. Comme les instructions vectorielles des CPU four-
nissent dŽjˆ un gain de performance signiÞcatif, il semble judicieux pour de nombreux
algorithmes de commencer par une implŽmentation SSE que parun portage sur GPU.
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Introduction

Context

Bioinformatics deals with techniques to analyze biologicaldata. Common Þelds include
DNA or protein sequence alignments, analysis and comparison of protein or RNA struc-
tures. For all these Þelds, the amount of data available has been growing exponentially
in the past decades.

As regards DNA sequencing, progress has been very fast. The double helix structure
of the DNA was discovered in 1953 by Watson and Crick. The Þrst organism to be
sequenced was the bacteriophage! X 174 composed of 5386 bases in 1977. The Þrst
draft of the human genome, more than 3 billion base-pair long, was released in 2000 at a
cost of several billion of dollars. With nowadays next generation sequencing technologies,
several giga base-pairs can be sequenced in a single run for approximately 10K$.

As a consequence, database size has grown exponentially. Moreand more data need
to be analyzed. Furthermore, because of the dramatically decreasing sequencing costs
and comparatively much slower evolution of storage capacity, it has sometimes become
paradoxically cheaper to re-sequence than to store the sequence for later reuse. This
stresses the need to analyze huge quantities of data on the ßy, and store only interesting
results. Moreover, CPU performance is not keeping up with this evolution. As a result,
program execution takes more and more time and biologists are facing increasingly
serious storage issues.

Contrary to the past, we cannot just wait for the next generation of processors to
speed up slow sequential programs. In the past, ever increasing processor frequencies
provided easy to use new processing power. This trend has now reached a dead-end, for
two main reasons: thememory wall and the power wall. The former is the increasing
gap between memory and processor speed, requiring larger and larger cache memories.
The latter is the exponentially increasing power consumption as frequency increases.

The only way left to get more processing power is through parallelism. The Þrst
solution is the use of multi-core CPUs and clusters of computers. While e" ective, this is
also an expensive solution. Another solution is the use of high performance specialized
hardware. For example FPGAs are able to provide very high performance, but still
su" er from high development costs.

Yet another solution comes from Graphic Processing Units (GPU). A GPU is a spe-
cialized processor designed to accelerate the rendering of graphics on screen. It is a
highly data-parallel problem: identical computations need to be executed on many ver-
tices and pixels. Therefore, GPUs were designed as massively data-parallel architectures:

1
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they are composed of many computational units able to apply the same computation ef-
Þciently on di" erent input data. Moreover, from Þxed basic graphic functionality, GPUs
gradually included more and more programmability options to allow game programmers
to generate more realistic e" ects. This programmability and ßexibility came to a point
where non-graphic computation became also possible, givingbirth to General Purpose
computing on Graphics Processing Units (GPGPU). NVIDIA introduced in November
2006 the CUDA programming language designed entirely to facilitate GPGPU on their
GPUs.

Using GPUs for standard computation has many advantages. First, strong compe-
tition driven by the game industry lead to cheap GPUs, and ever-increasing processing
power. Every standard computer can be Þtted with a high-end GPU,dramatically in-
creasing its total computational power at a low cost. Secondly, GPUs are naturally
well suited for any massively data parallel problem, arising in many scientiÞc research
domains. This includes computational ßuid dynamics, medical imaging, Þnance, sig-
nal processing, cryptanalysis. Bioinformatics also exhibits a lot of data parallelism:
the analysis of large data sets often requires to apply the same computation on di" er-
ent data. A priori it therefore seems natural to use GPUs to speed up bioinformatics
applications.

Objectives

The objective of this thesis is to estimate GPU capabilities intypical bioinformatics
applications. Our study focuses on two di" erent problems, the computation of RNA
structures and sequence alignments. Both have already been studied for a long time
by the scientiÞc community, but still poses computational issues, because of the rapid
growth of biological data.

The fact that a problem shows a high level of data parallelism isnot enough to
predict that GPUs will be e" ective in practice. In fact, GPU architecture has many
speciÞcities that restrict the scope of possible applications. Our objective is also to
evaluate the impact of these GPU speciÞcities.

The evaluation of GPU has to be conducted on several di" erent aspects. First, an
important point is the development time required for an e! cient GPU implementation.
For instance, GPUs are a priori easier to program than FPGAs, but more di! cult than
CPUs. This needs to be evaluated in practice. Secondly, the execution speed. For a
fair evaluation, GPU contribution needs to be compared with optimized CPU code. In
particular, comparison with the vector computation units ofCPU has to be conducted.
Nowadays, all CPUs contain vector units able to provide small scale data parallelism,
but still rarely used in practice. Then, the cost. Both the device initial cost and running
costs need to be considered. The latter is directly dependenton power consumption,
hence often evaluated as a performance per watt ratio.

Finally, the objective is more than just a GPU evaluation. It is also to develop,
if possible, general methods to transform e! ciently a program for an e! cient GPU
implementation. Techniques developed for the GPU implementation of the two prob-
lems studied here might prove to be useful for other unrelated problems using similar
algorithmic schemes.
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Outline

Chapter 1 - This Þrst chapter explains the operating principles of the GPUhardware.
Comparing it with the traditional CPU architecture enables to shed light on the strong
and the weak points of GPUs. In a Þrst part, the basic characteristicsÑcomputational
power, latency, bandwidthÑare introduced and detailed. Then, GPU speciÞcities are
explained.

Chapter 2 - This chapter is an optimization case study of what can be done with
various high performance hardware on a well known bioinformatic algorithm: the Smith-
Waterman algorithm, which computes optimal sequence alignments. This review shows
the advantages and drawbacks of di" erent hardware and puts GPU performance in
perspective. It also provides a state of the art of parallelization methods for dynamic
programming algorithms.

Chapter 3 - In this chapter, we present our Þrst contribution: the GPU implementa-
tion of the RNA folding computation. This computation is conducted with a dynamic
programming (DP) algorithm. Although other DP algorithms have already been success-
fully implemented on GPU, the RNA folding computation poses signiÞcant challenges:
complex data dependency scheme and memory access pattern. We introduce here a new
tiled implementation which provides highly e! cient GPU implementation. This tiled
scheme is also applied to a CPU implementation, fully optimized with the use of vec-
torized instructions. Algorithms computing sub-optimal foldings and partition function
were also studied and implemented on GPU and vectorized on CPU.

Chapter 4 - Our second contribution is developed in this chapter: the design of a
new sequence alignment program. More precisely, the short read mapping problem,
coming with the advent of next generation sequencing technologies, is targeted. After
a state of the art of the short read mapping techniques, we introduce our attempt at
GPU parallelization. Our main contribution is the development of a new algorithm
Þltering candidate alignment positions quickly, based on the precomputation of tiles
of the dynamic programming matrix. This new algorithm provedto be in fact more
e" ective on a sequential CPU program and lead to the creation of the GASSST software,
standing for Global Alignment Short Sequence Search Tool.
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Chapter 1

Architecture

Our objective is to accelerate bioinformatics programs through the use of high-
performance commodity hardware: GPUs. The Þrst step is to study the hardware
in details, to know its weak and its strong points and to see how it competes with
traditional CPU architectures.

First in section 1.1 the basic notions required to compare di" erent architectures are
detailed. We distinguish three main characteristics: raw power computation, memory
bandwidth and latency. We explain how these characteristicsimpact the total execution
time of a program and how they di" er between GPU and CPU architectures.

Then in section 1.2 the CPU and GPU devices used in our work are presented.
The di" erent forms of parallelization provided by CPU are quickly explained, and GPU
speciÞcities are described. Finally GPU and CPU di" erences are discussed.

1.1 Common concepts

The total execution time of a program depends on many factors.In this section, we will
address the hardware point of view. For a given program, which hardware characteristics
determine the speed at which it will be executed ?

We distinguish three main characteristics: raw power computation, memory band-
width and latency. These features are important because they give the basis for compar-
ing di" erent architectures. If the performance of each architecture are known on each of
these characteristics, and also how the execution speed of a program is related to them,
we can determine the theoretical speedup which can achieved when moving from one
architecture to another.

1.1.1 Throughput

Throughput is the computational raw power of an architecture. It is the number of
operations that can be executed within a given time. Architecture manufacturers usually
give Þgures in operations per clock cycle. Sometimesreciprocal throughputis given, i.e.
the average number of cycles it takes to perform an operation.
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Some processors are designed to perform multiple operations on each clock cycle,
greatly increasing their computational throughput. We distinguish three classes, possi-
bly cumulative: scalar, vector and superscalar processors.

Scalar processors. Instructions handle a single data item at a time, therefore the
maximum number of operations per clock cycle is one.

Vector processors. Each instruction operates simultaneously on many data items.
The processor is therefore able to perform several operations at each clock cycle.

Superscalar processors. Such processors can execute several di" erent instructions
on each clock cycle by dispatching instructions to several functional units contained
in the processor. Again, the processor is able to perform several operations per
clock, possibly of di" erent kinds.

Current processors are usually bothsuperscalarand vector processors, with several
Arithmetic Logic Units (ALU), Floating Point Units (FPU), an d vector units.

Multiplying operations per clock cycle by the clock rate returns operations per sec-
onds, usually deÞned as Giga Floating point Operations per Seconds (GFLOPS) or
GOPS for other operations.

Table 1.1 shows the throughput for di" erent operations on several architectures. Fig-
ures are computed from the Nvidia and Intel optimization guides providing the through-
put in operation per clock cycle [31, 63]. For the Xeon, we display the overall throughput
when using the four cores of the CPU. Those are only theoretical maximum values and
are sometimes in fact only obtained for very special cases.

For example the38.4 GOPS of the Xeon for the 32-bitadd (without using SSE) is
obtained with the formula 4 cores $ 3.2 Ghz $ 3 execution units. The XeonX5482 is
indeed able to dispatch an integeradd to any of three execution units and therefore able
to perform 3 integeradd each cycle. This peakadd throughput can be reached only if
the processor Þnds 3 independent instructions in the code ateach clock cycle, which is
highly unlikely.

The GPU hardware possesses Þxed function units for the computation of transcen-
dental operations likeexp, log, cos, ..., whereas those operations are evaluated through
algebraic expressions in CPU. This explains the huge di" erence showed table 1.1 for
cos: the Tesla C1060 is hundreds of times faster than the Xeon. Other than this special
case, Tesla C1060 peak throughput is between 3 and 6 times thatof the quad core Xeon
using SSE for 32-bit operations. In practice the actual speedup will of course depends
on how much of this peak throughput each architecture is able to harness.

Besides, computation throughput is not the only factor to consider, as we shall see
next.

1.1.2 Bandwidth

Bandwidth is the amount of data transferred per unit of time, usually expressed in
Gbits/sec (Gb/s) or GBytes/sec (GB/s).
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Table 1.1. Instruction Throughput on GPU and CPU

Operation Tesla C870 Tesla C1060 Xeon X5482 Xeon X5482, with SSE

32-bit integer add 166.4 312 38.4 102.4
32-bit ßoating point add 166.4 312 12.8 51.2
32-bit ßoating point divide 18 - 36 34 - 68 % 0.64 % 2.56
32-bit ßoating point cosinus 41.6 78 % 0.15 -
64-bit ßoating point add - 39 12.8 25.6
peak 32-bit GFLOPS, best case 332.8 624 25.6 102 .4
peak 64-bit GFLOPS, best case - 78 12.8 51.2

Instruction Throughput is given in giga operations per seconds. Figures are inferred from NVIDIA and
Intel optimization guides [31, 63]. The best GFLOPS case is attained with multiply-add operations. The
claimed GFLOPS peak is sometimes 933 for the the Tesla C1060 when mixing multiply-add and mul
operations, but this does not appear to work in practice, even on simple kernels [personal tests].

Table 1.2. Maximum theoretical and measured bandwidth

Model peak in GB/s Measured formula

GPU C870 76.8 60.5 384 bit bus$ 1.6Ghz / 8
GPU C1060 102.4 81.6 512 bit bus$ 1.6Ghz / 8
GPU GTX280 140.8 114 512 bit bus$ 2.2Ghz / 8
CPU Xeon 5400 10.6 % 4.5 64 bit bus $ 1.3Ghz FSB / 8
CPU Xeon 5500 32.0 - 64 bit bus$ 1.3Ghz FSB $ 3 channels / 8
PCI 2.0 16x 8 5.7 -
GPU C1060 shared memorya 41.6 - 32 bit $ 0.65Ghz$ 16 banks /8
Xeon 5500 L1 cacheb 51.2 - 128 bit $ 3.2Ghz /8

Bandwidth between memory and processor for several GPU and CPUmodels, and over the PCI link
between GPU and CPU. Figures are given in GB/sec with GB=109 bytes. Second column is actual
measured bandwidth with handwritten benchmarks. Last column shows the formula used to compute the
peak bandwidth.
a Bandwidth per GPU multiprocessor, C1060 has 30 MP.
b L1 bandwidth per CPU core.

Schematically, data transfers happen to feed the processorwith data stored in the
memory, and to store back results. The actual situation is however quite complex,
because of the complex memory hierarchy in a typical system.Bandwidth can refer to
transfers between main memory and processor, between L1 or L2 cache and processor,
or between CPU and GPU main memory over the PCI bus.

Table 1.2 shows the maximal theoretical bandwidth for the memory to processor
transfer of various GPU and CPU. GPU bandwidth is approximately ten times greater
that Xeon 5400 bandwidth. However, with the newnehalemarchitecture, CPU band-
width has also recently seen a large increase.

Depending on the arithmetic intensity (the ratio of arithmetic operations over mem-
ory operations) the memory bandwidth or the computational throughput can be the
bottleneck. For example, with the Tesla C1060, according to peak throughput and
bandwidth, a program has to perform at least 24 ßoating point operations per memory
load/store to reach the full GFLOPS peak. However, if the working set of an algorithm
Þts in the on-chip storage, data can be loaded once and reused several times. In this
case, main memory bandwidth is less often a limitation.
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Table 1.3. Latency table

Latency, in clock cycles
GPU main memory 400-800
CPU main memory % 100
Xeon 5482 L1 cache 3
Xeon 5482 L2 cache 14

Xeon 5482 ßoating point add 3
Xeon 5482 ßoating point divide 6-20
Xeon 5482 integer add 1

Indicative latency of di ! erent memories and some CPU in-
structions.

1.1.3 Latency

Latency is the time delay between issuing an operation and receiving its result. It is
usually expressed in nano-sec or in clock cycles.

First, it concerns any processor instructions, and tells the time it takes to Þnish
some computation. In a non-pipelined system, latency of the instructions equals the
reciprocal throughput. On the contrary, in a pipelined architecture, the processor does
not have to wait for the result of an operation before issuing the next instruction. In
this case,latency and throughput are di" erent and should not be confused.

Secondly, latency concerns memory transactions: the time delay between asking for
some data and actually receiving it. In this case latency greatly depends on the memory
physical location: o" -chip memory latency is several orders of magnitude higher than
on-chip memory latency.

Table 1.3 gives the indicative latency of several di" erent memory operations and
instructions.

1.1.4 Analysis

In a purely sequential system latency is a major issue. For example if an operand
resides in main memory, the latency will be high and the processor will stall until it
becomes available. Similarly, if some operand is the result of a previous computation,
the processor will stall until this previous operation is complete.

The Þrst solution to reduce memory-induced latency is the useof a hierarchical
memory system: L1, L2 and sometimes L3 cache between the CPU registers and the
main memory. Data used often will reside in small memory closer to the CPU and thus
have lower access latency. Since this solution works well, CPUcaches have seen their
size increased a lot in the past few years.

A second solution to the latency problem is theout-of-order execution implemented
in most CPUs. It consists in reordering di" erently instructions of a program: if some
instruction is waiting for some operand, the processor will try to execute another up-
coming instruction of the program. In that case, some latency is e" ectively hidden.
This reordering depends on the amount of Instruction Level Parallelism (ILP) of the
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programÑILP measures how many instructions a program can perform simultaneously.
In a series of dependent operations the processor will not be able to re-order instructions.

Yet another solution is to exploit task-parallelism. If a task is waiting for some data,
the processor will execute instructions from another taskÑi.e. another threadÑso that
the processor is not stalled. This is implemented by Intel withtheir hyper-threading
technology.

Likewise in the highly parallel GPU architecture, the hardware is often able to ef-
fectively hide most of the latency, as we shall see in next section detailing the GPU
architecture.

1.2 Platforms

In this section the CPU and GPU architectures used for our experiments are presented.

1.2.1 CPU

Description

Experiments were mainly conducted on an 8-core system composed of two quad-core
Xeon E5430. It was introduced by Intel in November 2007 and is based on acore
microarchitecture using a 45nm fabrication process.

Each Xeon E5430 contains 4 CPU cores. There are 32KB of L1 data cache per core,
and 6MB of L2 cache shared between two cores. The Xeon E5430 runs at 2.66Ghz, and
some tests were also ran on the E5482 variant running at 3.2Ghz.

Task parallelism

DeÞnition 1. Task parallelism is an execution scheme where multiple processing ele-
ments are working on di! erent independent tasks.

This form of parallelization is handled by the di" erent cores of the CPU. It is tradi-
tionally conducted with the POSIX threads (Pthreads) or OpenMP APIs.

Data parallelism

DeÞnition 2. Data parallelism is an execution scheme where multiple processing ele-
ments are executing the same task on di! erent data.

Current Intel processors exploit data parallelism with a set of instructions working
with vectors, i.e. the same instruction is applied on each vector element. This is a Single
Instruction Multiple Data (SIMD) system. The instruction set is called Streaming SIMD
Extension (SSE). Xeon E5430 includes SSE up to version 4.1. Vectors are 128 bit wide,
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meaning that four 32-bit ßoating point operations can be handled simultaneously, or up
to sixteen 8-bit integer operations.

The Þrst way to implement SSE in a program is directly via the corresponding as-
sembly code. It is obviously the most challenging approach, but potentially yielding the
best results.
The second way is through the use ofintrinsics. It is an API extension set built into
the compiler giving access to the low-level SIMD instructions. It makes possible an easy
implementation in a C/C++ program and, contrary to direct assembly code, relieves
programmer from tedious register management.
The last way is via automatic vectorization handled by the compiler itself. This obvi-
ously does not work in all cases and is an ongoing Þeld of research.

1.2.2 GPU

The GPU architecture we used is the Compute UniÞed Device Architecture (CUDA)
developed by NVIDIA. It combines high performance with the ease of use of a C-like
environment with the C for CUDA1 programming language [63].

GPUs are massively parallel architectures providing cheap high performance comput-
ing, originally designed for image processing. Their Þrst use for general computing were
done through the use of graphic programming languages like openGL, which has the
advantage of running on all graphic cards. However, this approach requires the painful
work of mapping algorithms into graphic concepts and is not fully e! cient. That is why
GPU vendors have developed speciÞc programming languages for general computation,
CTM (Close To Metal) for AMD, C for CUDA for NVIDIA, and more recently OpenCL
by the Khronos consortium which aims at providing one universal computation language
for all graphic cards.

Shortly speaking, GPUs trade the high amount of transistors devoted to on-chip
memory cache and ßow-control in traditional CPUs for more processing units. Instead,
they rely on multithreading to hide latency, which requires ahigh arithmetic intensity
(many calculations per memory access) to work e! ciently.

Description

Work was conducted with two generations of NVIDIA graphic cards, G80 and GT200.
The latest Fermi architecture was not available at development time.

The GT200 is divided into 30 multiprocessors each being a SIMD unit of 8 32-
bit scalar processors (SP), as shown Þgure 1.1. Each multiprocessor also contains one
double-precision execution unit, two special function units (SFU) dedicated to transcen-
dental functions, and a single instruction fetch unit.

A GPU procedure is akernel called on a set of threads, divided in agrid of blocks
each running on a single multiprocessor. Furthermoreblocksare divided into warps of

1The ÒC for CUDAÓ programming language is often simply referredto as CUDA, although CUDA
is originally just the name of the architecture.
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32 threads executed in a SIMD-like fashion. Moreover, only threads within a block can
be synchronized and share the fast on-chip shared memory.

One key di" erence with a traditional CPU implementation is that the programmer
has to explicitly handle several memory spaces having di" erent performance, size, scope
and lifetime:

¥ Global memory: slow, large, read-write, not cached, pergrid, application lifetime.

¥ Texture memory: slow, large, read only, cached with spatial locality, per grid,
application lifetime.

¥ Constant memory: slow, small, read only, cached, pergrid, application lifetime.

¥ Shared memory: fast, small, read-write, on-chip, perblock, kernel lifetime.

¥ Registers: fast, small, read-write, on-chip, per thread, kernel lifetime.

In order to achieve good performance, the programmer has to isolate key data compo-
nents and allocate them to di" erent memory spaces according to their size and access
pattern. This is a di! cult task since it requires careful tuning and benchmarking of
numerous di" erent options.

SpeciÞcities

SIMT. NVIDIA emphasizes that strictly speaking, the hardware is notSIMD but
SIMT, meaning Single-Instruction, Multiple Threads. Whereas a SIMD system
applies one instruction to multiple data lanes, SIMT appliesone instruction to
multiple independent threads. All threads of awarp start together at the same
program address, but each has its own instruction address andregister states
meaning that threads are free to branch and execute independently. At each
cycle, the multiprocessor executes one common instruction of a warp at a time.
Therefore, full e! ciency is reached when all threads of a warp take the same code
path.

The Þrst di" erence appears in software: contrary to SIMD which exposes thevector
width explicitly to the programmer, a SIMT program speciÞes the execution and
branching behavior of a single thread. This new coding paradigm appears to be
one of the major reason of the CUDA success in the community.

Secondly, it is believed but not clearly documented by NVIDIA that the SIMT
hardware may be more e! cient than SIMD when handling divergent code path,
thanks to the fact that each thread has its own program counter.

Width. Although a multiprocessor is made of 8 SPs, warps are grouped into 32 threads.
The instruction fetch unit works at half the clock rate of the SPs, and may dispatch
instructions alternatively to the 8 SP or to the two SFUs who work independently,
hence the4x ratio. Branching (if-then-else control ßow instructions) occurring
across di" erent warps does not a" ect performance.
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Figure 1.1. GT200 architecture. The GT200 has 30 multiprocessors each contain-
ing 8 stream processors, 2 special function units and one double precision unit. Mul-
tiprocessors are grouped by 3 in texture processor clusterswith a texture unit. Each
multiprocessor contains 16KB of on-chip shared memory and 16384 32-bit registers.
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Coalesced reads. Maximum memory bandwidth is achieved only when threads of a
warp coalesce their memory accesses. Detailed requirements for coalesced reads
depend on device generation, but roughly are to have consecutive threads access
consecutive memory locations at the same time.

Shared memory. It is a fundamental element responsible of the architecture e! -
ciency. As stated in section 1.1.2, although already quite high the main memory
bandwidth is generally not su! cient to feed with data the numerous execution
units. The issue is addressed by storing data reused several times or by di" er-
ent threads in the small shared memory. Moreover, full performance is achieved
only when simultaneous accesses hit the 16 di" erent memory banks composing the
shared memory. Avoiding bank conßicts is however generally a late optimization
stage.

Occupancy. Each multiprocessor in the GT200 chip can handle 32 warps at a time,
i.e. 1024 threads. The ratio between the actual amount of warps residing in a
multiprocessor and the maximum is calledoccupancy. A high number of threads
allows the hardware to hide most of the memory latency: while a warp waits for
some data, another warp is scheduled for execution. This mechanism is the reason
why the GPU architecture does not need large data cache, but it works best only
if the occupancy is high enough.

Hardware multithreading. The execution context of each active warp in a multi-
processor is stored and maintained on-chip. This implies that switching from one
warp to another is completely free. It also means that on-chip resources (registers,
shared memory) are shared between all active warps. This implies that occupancy
is limited by the registers and by the shared memory consumption of each warp.

1.2.3 CPU/GPU comparison

From a general point of view, CPU and GPU architectures might looksimilar: a GT200
chip is an array of multiprocessors each containing a SIMD unit, while the Xeon E5430
is an array of cores each containing scalar and SIMD units. However, taking a closer
look reveals many key di" erences.

The CPU contains many components aimed at making a single instruction stream
run fast: out of order execution, complex branch prediction, memory pre-fetch system,
and large data cache. The GPU does not need such components, because massive multi-
threading provides an easy way to keep pipelines execution full.

GPU can therefore devote more space to computation units, which explains the
di" erence in peak throughput observed. The drawback is however that full e! ciency is
only reached with a high enough number of threads. The GPU relieson multi-threading
for its performance, therefore, contrary to the CPU which can run at full e! ciency with
one thread per core, the GPU needs thousands of threads to makefull use of its 240
ÒcoresÓ.

Despite these di" erences, GPU and CPU appear to follow a converging path. GPU
are evolving toward easier programmability while CPU are evolving toward more and
more parallelism: latest GPU Fermi architecture includes anautomatic cache, CPUs
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have more and more cores and will have wider SIMD units in the future. Therefore,
GPUs are merely anticipating what will need to be done for tomorrowÕs CPUs.



Chapter 2

Optimization case study: Smith
Waterman algorithm

The Smith-Waterman (SW) algorithm is a well-known bioinformatic algorithm perform-
ing local alignment [74, 25]. It is the most sensitive algorithm, but also computationally
demanding with its quadratic complexity. Therefore heuristic approaches are often pre-
ferred, such as BLAST [4, 5] although it may miss alignments.

To achieve both high sensitivity and reasonable execution times, the solution is to
make SW algorithm run faster. That is why SW has been thoroughlystudied and
optimized in the past decades. It has been implemented on many high-performance
architectures: VLSI, FPGA, GPU, Cell, SIMD CPU.

It is therefore a good example to have an overview of the di" erent high performance
architectures and to see how a GPU implementation competes with them.

2.1 Smith Waterman algorithm

SW is a dynamic programming (DP) algorithm: the global problem is recursively com-
puted from smaller subproblems. The similarity scoreH (i, j ) of two sequencesS1 and
S2 ending at position i and j is computed recursively with the equations:

E(i, j ) = max( E(i, j " 1) " Gext , H (i, j " 1) " Ginit ) (2.1)

F (i, j ) = max( F (i " 1, j ) " Gext , H (i " 1, j ) " Ginit ) (2.2)

H (i, j ) = max(0 , E(i, j ), F (i, j ), H (i " 1, j " 1 " W(S1(i ), S2(j )))) (2.3)

Ginit and Gext are the penalties for starting or extending a gap, andW(S1(i ), S2(j ))
the substitution scoring matrix for all nucleotide pairs. The computation of each cellH
depends on its left, upper and upper-left neighbors meaning cells along a minor diagonal
can be computed in parallel.

Performance of the SW algorithm is usually given in Cell Updates Per Second
(CUPS), calculated as|S1| $ |S2|/ execution time.

15
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2.2 VLSI accelerators

An application speciÞc integrated circuit (ASIC) is a chip customized for a particular
use. It provides highest performance but also highest development costs.

High performance is achieved with parallelization of theO(n2) DP matrix. A com-
mon scheme is to parallelize work across the minor diagonal. For two sequencesS1 and
S2, a linear array of|S1| processing elements (PE) can Þnish computation in|S1|+ |S2|" 1
steps. Each PE is assigned a letter ofS1 (i.e. a line in the DP matrix), then at each
step a database sequence is shifted through the array. Each PE computes one cell of
the matrix at each step. Since the number of PEs available is usually smaller than |S1|,
some partitioning strategy is needed.

In 1987, Lopresti [51] presented the Þrst VLSI implementation. He designed a chip
with 30 PEs with Þxed substitution score matrix and linear gap score, limited to global
alignments. They reported a125x speedup compared to a DEC VAX 11/785. They
noted that their design was severely limited by I/O bandwith,and that PEs were actually
running at a tenth of their full capacity.

Chow et al. [12] designed in 1991 a chip with 16 PEs. Their chip permits local and
global alignment and parameterizable insertions/deletions and score penalties. They
describe a system with 16 connected chips controlled by a Motorola 68020 microproces-
sor. Their system can be linearly extended with many chips to allow alignment of large
sequences without the help of external software.

In 1996, Guerdoux-Jamet and Lavenier [26] presented the SAMBA accelerator, a
systolic array of 128 VLSI processors designed to compute cells of the DP matrix. Key
aspects are: (i) the algorithm is parameterized so that computation of ungapped, gapped
local or global alignment are all possible, (ii) an FPGA interface handles the partitioning
of computation required when input sequences are longer than128. SAMBA yielded a
96x speedup compared to a 200 MHz Pentium Pro .

VLSI accelerators su" er from high development and production costs. This is the
reason why they have gradually been replaced by FPGAs. FPGAs allows programmers
to implement architectures similar than with VLSI, with the added beneÞt that a design
can be regularly upgraded to use state-of-the art technology.

2.3 FPGA accelerators

FPGAs are high density arrays of logic components that programmers can conÞgure to
approximate specialized hardware accelerators. They are a good alternative to special-
purpose hardware since they combine high performance with reconÞgurability. Moreover
the SW algorithm only requires simple integer arithmetic for which FPGAs excel. They
usually implement the SW algorithm with the same architecture as VLSI accelerators,
i.e. with a linear array of processing elements.

Oliver et al. [64] implemented the SW algorithm on FPGA by parallelizing work
across the minor diagonal. They designed an array of 252 PEs implementing SW with
linear gap penalties, and composed of 168 PEs in the case of a! ne gap penalties. They
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described a partitioning strategy to implement database scan with query sequences of
any length. They reported a125x speedup over contemporary P4 1.6 GHz processor.

More recently Allred et al. [2], Zhang et al. [83] followed the same parallelization
scheme and obtained 9 to 25.6 GCUPS.

Li et al. [45] proposed another FPGA implementation scheme: they still have one
PE compute a cell, but create a square 8x8 array of them. Withinthis tile the cell scores
are calculated through unclocked signal propagation. The whole matrix is subdivided
in as many 8x8 tiles as necessary. They reported a peak 24.5 MCUPS.

Cornu et al. [14] described how to use the ImpulseC C-to-hardware compiler tool
to quickly implement a traditional linear systolic array architecture computing the SW
algorithm. ImpulseC is a high level synthesis tool based on ANSI C aimed at facilitat-
ing the design process. They reported that ImpulseC indeed signiÞcantly accelerated
design process and allowed to try several di" erent design options much faster than with
traditional methods. They obtained a peak 38.4 GCUPS.

2.4 CPU vectorization

Wozniak [81] proposed a vectorization scheme with vectors parallel to the minor diag-
onal using SIMD-like video oriented instructions on an ULTRA SPARC processor. He
reported a twofold speedup over a traditional implementation.

Rognes and Seeberg [70] proposed another vectorization scheme with vectors parallel
to the query sequence using the Intel MMX SIMD instructions. Thisnew vector orien-
tation greatly facilitates loading of substitution scores: a query proÞleÑa kind of query
speciÞc scoring matrixÑis computed once for an entire database search and permits to
load all substitution scores of a vector of cells in one operation. However, in this scheme
each element of a vector is dependent on the element above it.They however noted that
the vertical contribution of F does not occur very often and can therefore be evaluated
in a lazy fashion afterwards. They reported a six-fold speedup over sequential code.

Farrar [19] then also used this scheme with vectors parallel to the query but in
a striped manner: a vector contains non consecutive values. This key improvement
made it possible to move conditional branches of the lazyF evaluation outside of the
inner critical loop. Sixteen 8-bits operations are conducted per SIMD vector, which
limits scores to 255 maximum but also doubles computational throughput. Higher 16-
bit precision computation is conducted when necessary. Farrar reported up to six-fold
speedup over previous SIMD implementations.

Szalkowskiet al. [76] slightly improved FarrarÕs implementation with optimizations
when loading the query proÞle and in the lazyF loop evaluation. They also provided
multi-core support. They reached a maximum of 15.7 GCUPS on a Quad core Q6600
2.4 GHz.
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2.5 Cell

The Cell broadband engine is a processor developed by IBM, present in particular in
the Playstation 3 [36]. It is a heterogenous multi-core system: it combines a Power
Processor Element (PPE) with 8 Synergistic Processor Elements1 (SPE). Each SPE has
a 128-bit SIMD unit and 256 Ko of local storage. It therefore combines task parallelism
and data parallelism.

The di! culty especially lies in the fact that SPEs cannot directly access main mem-
ory, instead software controlled DMA transfers are used to copy data to the local storage.
Moreover, it does not natively support saturated arithmetics, and 16-bit half word is
the smallest supported element, which reduces throughput compared to SSE implemen-
tation on CPU.

Wirawan et al. [80] implemented SW on a Playstation 3 with SIMD vectors parallel
to the query sequence, similar to the Rognes and Seeberg [70]scheme. The reference
database is split among the di" erent SPEs. They reported a speedup of 1.64 over the
FarrarÕsstriped vectorization running on a dual core Core2 2.4 GHz, and a peak 3.6
GCUPS.

Szalkowskiet al. [76] then presented an improved Cell implementation using the
FarrarÕsstriped scheme. They obtained a peak 8 GCUPS on a Playstation 3.

Farrar also presented in an unpublished article a Cell implementation with his striped
scheme [20], where he claimed a 12 GCUPS on a Playstation 3. He alsoreported that
a Cell with 8 SPE(in an IBM QS20 blade) running at 3.2 GHz is 20% slower than an
8-core Xeon 5130 running at 1.6 GHz, in particular because of the lack of saturated
arithmetic support.

2.6 GPU

The Þrst GPU implementation was conducted in OpenGL before CUDAwas available
by Liu et al. [48]. General purpose computation on GPU through OpenGL requires to
map the algorithm to the graphic pipeline: ask the GPU to render a quad, which will be
decomposed into pixels by the GPU rasterizer, and provide a fragment shader program
that will be applied to every pixel in parallel. In their implementation, a fragment
program computes one cell of the matrix and the quad covers a minor diagonal (skewed
to a column). They reported up to 650 MCUPS on a 7800GTX.

CUDA then made it signiÞcantly easier and more e! cient to implement SW on
GPUs. Manavski and Valle [55] provided the Þrst CUDA implementation. Their im-
plementation is inter-task: each GPU thread computes the whole alignment between a
query sequence and a database sequence. The database is sorted according to sequence
lengths so that di" erent threads stop computing approximately at the same time. Their
implementation performance is 1.8 GCUPS on a 8800 GTX and about 3.0 GCUPS on
a GTX280.

Liu et al. [49] then provided a signiÞcantly more e! cient CUDA implementation.

1In the Playstation 3, only 6 SPEs are available.
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They still used the inter-task parallelization, with several optimizations: (i) database
sequences and DP matrices are stored in a special way so that memory accesses are
coalesced across threads, (ii) in a 8x8 tile of the matrix, intermediate results are stored
in registers in order to decrease the number of global memoryaccesses. They obtained
9 GCUPS on a GTX 280.

Liu et al. [50] further improved their CUDA implementation by packing query proÞle
and sequence data in char4 vectors, fetched in a single texture access. These optimiza-
tions yielded 17 GCUPS on a GTX 280.

2.7 Four-Russians speedup

Contrary to previous sections detailing hardware accelerations of the algorithm, we now
present an algorithmic optimization of the SW algorithm, known as theFour-Russians
speedup. Although not directly related to our study focused on hardware acceleration,
we deem it necessary to also describe this approach.

It was introduced in 1970 by Arlazarovet al. [6] and initially developed for boolean
matrix multiplication. The principle is to partition the whol e DP matrix into blocks of
t x t cells. In each block, the outputs are the last row and last column. They can be
computed from the block inputs: the Þrst row and column, and substrings of the two
sequences spanning the block interval.

The idea is to precompute the block output results for every possible input and
store them in a lookup table. Then, partition the whole DP matrix in blocks having one
overlapping line and column, so that a block output becomes a neighborÕs block input.
Results of each block are obtained in constant time through the lookup table, hence
the overall computation is conducted inO(n2/t 2) steps. When choosingt = log(n),
complexity becomesO(n2/ (log(n))2).

One issue is the time taken for pre-computation. One key observation is that when
using a simple scoring scheme such as -1 for mismatch and gap open/extension, a block
input row and column can be coded as an o" set vectors of" 1, 0, +1 values. The number
of di" erent possible inputs for a block is then32t $ 4t on a 4-letter alphabet, each taking
t2 steps to compute. With t = log(n), pre-computation is conducted inO(n(log(n))2)
steps.

In practice the method would be used witht Þxed resulting inO(n2/t 2) complexity.
It is however not commonly used, in particular because of the restriction it requires on
the scoring scheme. The general idea is nevertheless very interesting and we believe
related methods could prove to be very useful in some cases.

2.8 Discussion

Table 2.1 shows the peak performance of the various architectures presented. The Þrst
thing that should be noted is that for all architectures, Þnding the optimal implemen-
tation is not obvious and was not obtained at Þrst time. It is the most striking with
GPUs, where implementation from Manavski and Valle on a GTX280 Þrst yielded 3



20 Discussion

Table 2.1. Smith Waterman performance on various architectures

Author Architecture Device model peak GCUPS

Rognes and Seeberg SIMD CPU Xeon Core2 2.0 Ghz 0.865
Farrar SIMD CPU Xeon Core2 2.0 Ghz 3.0
Farrar, Szalkowski et al. SIMD CPU quad core Q6600 2.4 Ghz 15.7

Liu et al. GPU GTX 7800 0.65
Manavski and Valle GPU GTX 8800 1.8
Manavski and Valle GPU GTX 280 3.0
Liu et al., Þrst version GPU GTX 280 9.0
Liu et al., second version GPU GTX 280 17.0
Liu et al., second version GPU GTX 295 28.0

Wirawan et al. Cell BE Playstation 3 3.6
Szalkowskiet al. Cell BE Playstation 3 8.0

Oliver et al. FPGA Virtex II XC2V6000 5.8
Allred et al. FPGA XD2000i 9
Zhang et al. FPGA XD1000/ Altera StratixII 25.6
Cornu et al. FPGA XD2000i 38.4

Peak GCUPS performance on CPU, GPU and FPGA. Figures for CPU, GPUand FPGA
are, respectively, taken from [19, 76], [48, 55, 50] and [64, 83, 2, 14].

GCUPS, then Liu et al. obtained 9 GCUPS and Þnally 17 GCUPS, realizing a5.6x
speedup on the same GPU. Similarly with SSE on CPU, there is a3.5x performance
di" erence between the Rognes and Seeberg, and Farrar implementations running on the
same CPU.

This shows that although the SW algorithm is apparently simple, with each cell
being computed from only three neighbors with simple arithmetic, getting the most of
an architecture is a di! cult task. Concerning GPUs, it seems that memory bandwidth is
the most problematic point: improvements from Liuet al. mainly concern decreasing the
number of global memory accesses when possible and developing a data layout allowing
threads to access memory in a coalesced way.

GPU demonstrated its ability to provide cheap performance compared to other ar-
chitectures: a GTX 295 card, costing around 450 $ contains 2 GT200 GPU chips and
reaches a high 28.0 GCUPS. However, vectorized code running onCPU is also perform-
ing remarkably well. The ability to perform operations on 8-bit elements is probably
largely responsible for this good result. There is not a largegap between vectorized
CPU code and the best GPU or FPGA implementations: the GTX 295 is less than 2
times faster than the quad core CPU. When considering hardwarecosts, the beneÞt of
high performance hardware is therefore not obvious.

What can be learned from this case study is Þrst that GPUs are able to compete
with other high-performance hardwares. Secondly, getting high performance is a di! cult
task even on a simple dynamic programming algorithm, it is therefore a real challenge
to obtain a good speedup on a signiÞcantly more complex algorithm such as the RNA
folding problem, presented in the following chapter. Finally, CPU is in fact a serious
competitor.



Chapter 3

RNA folding

The RNA secondary structure prediction problem has been studied for a very long time
and is routinely used in many bioinformatic pipelines. It is a computationally intensive
algorithm whose execution time is often a problem when dealingwith large data sets of
sequences, therefore making it worthwhile to work on its optimization. However a GPU
parallelization was never attempted before.

In this chapter, we investigate whether GPU architecture is able to provide a good
speedup for this problem. After an introduction of the principles of RNA folding in
section 3.1 and a state-of-the-art in 3.2, a proÞling of the standard sequential algorithm
is conducted in 3.3. We then detail our GPU implementation in sections 3.4 to 3.5, and
the CPU implementation in 3.6. Results are presented in section 3.7, then variation of
the algorithms are studied in 3.8.

3.1 Main algorithm

3.1.1 Problem Statement

RNA or Ribonucleic acid is a single-stranded chain of nucleotide units. There are four
di" erent nucleotides, also calledbases: adenine (A), cytosine (C), guanine (G) and uracil
(U). Two nucleotides can form a bond thus forming abase pair, according to the Watson-
Crick complementarity: A with U, G with C; but also the less stablecombination G
with U, called wobble base-pair. Because RNA is single-stranded, it does not have
the double-helix structure of DNA. Rather, all the base pairs of a sequence force the
nucleotide chain to fold in Òon itselfÓ into a system of di" erent recognizable domains like
hairpin loops, bulges, interior loops or stacked regions.

This 2-D space conformation of RNA sequences is called the secondary structure,
and many bioinformatic studies require its knowledge. Figures 3.1 and 3.2 show di" erent
representations of a secondary structure along with the di" erent kinds of loops. Algo-
rithms computing this 2-D folding runs in O(n3) complexity, which means computation
time quickly becomes prohibitive when dealing with large datasets of long sequences.

The Þrst algorithm was introduced in 1978 by Nussinov, which Þnds the structure
with the largest number of base pairs [62]. In 1981 Zuker and Stiegler proposed an

21



22 Main algorithm

!!!!!!"""!!!!"!!#!!!""!"!#$#$$#$##$$$$$#!!!""!!"!"" !"!#$#$$$#!!!!!$###$#$$$$%
&&&&'&&&&&'''&&&'&&&&&&&&''''((((((((((('''&&&&&&&' '''((((((('''''((((('((((%&)*+',(

!

"

#

$

%

&

Figure 3.1. Secondary structure of an RNA sequence. An RNA sequence is
a chain of four di" erent nucleotide units A,C,G,U. In the bracket representation, a
matching pair of parenthesis represents a base pair, and a dot an unpaired nucleotide.
The Þgure shows the di" erent kinds of loops: (1) a stacked base pair, (2) an interior loop,
(3) a multi-loop, (4) a bulge loop and (5,6) hairpin loops. Thescore -24.5 represents
the stability of the structure: the lower it is, the more stable the folding is.

algorithm with a more realistic energy model than simply the count of the number of
pairs [85]. It is still widely used today and is available in two widely used packages,
ViennaRNA [29] and Unafold [56]. Our goal was to write a GPU e! cient algorithm
with same usage and results as the one in the Unafold implementation.

RNA folding algorithms compute the most stable structure of an RNA sequence, i.e.,
the structure maximizing a given scoring system, or rather, minimizing the total free
energy of the RNA molecule.

Although this may seem a daunting task since there is an exponential number of
di" erent possible structures, a key observation makes it computationally feasible in rea-
sonable time: the optimal score of the whole sequence can be deÞned in terms of optimal
scores of smaller subsequences, leading to a simple dynamic programming formulation.

In the following, we note i . . . j the subsequence starting at positioni and ending
at position j . Let us look at the optimal scoreE of the whole sequence. As shown in
recursion diagram 3.3.A, there are two possible ways it can be constructed: the last base
n is either paired or unpaired. If it is unpaired, the scoring system implies thatE can
be directly derived from the score of sequence1. . . n " 1. In the second case, it is paired
with some basek, thus breaking the sequence in two parts: subsequences1. . . k " 1 and
k . . . n, with k, n forming a base pair. The scoring system implies thatE is the sum
of the score of these two parts. Now, if determining optimal scores of both parts are
self-contained subproblems, meaning they are independent of the rest of the sequence,
then they need to be computed only once, stored and reused wherever the subsequence
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AAAAAAGGGAAAAGAACAAAGGAGACUCUUCUCCUUUUUCAAAGGAAGAGGAGACUCUUUCAAAAAUCCCUCUUUU 
((((.(((((...(((.((((((((....)))))))))))...(((((((. ...))))))).....))))).))))

Figure 3.2. Secondary structure of an RNA sequence, arc repres entation. In
this representation the polymer backbone is a straight line and base pairs are connected
by arcs. In the absence of pseudoknots all loop structures are perfectly nested. This
means that the structure of a subsequencei . . . j in the case wherei, j form a base pair
does not depend on exterior element ofi . . . j , i.e the subproblem is self-contained. This
opens the path to dynamic programming.

occurs again. This opens the path to dynamic programming,E is computed as the
optimal way to construct it recursively with the equation:

E j = min
(

E j ! 1, min
1<k<j

(Ek! 1 + QPk,j )
)

(3.1)

With E j the optimal score of subsequence1. . . j and QPk,j the optimal score of
subsequencek . . . j when k, j form a base pair. The assumption that sub-problems are
self-contained implies that there cannot exist a base paird, e with d < k and k < e < j ,
i.e., something that would make their scores dependent on exterior elements. Such
forbidden base pairs are called pseudoknots.

Quantity QPi,j is also broken down in smaller sub-problems as shown in recursion
diagram 3.3.B. Either subsequencei . . . j contains no other base pairsÑi, j is then called
a hairpin loopÑor there exists one internal base pairk, l forming the interior loop
i, j, k, l , or there are at least two interior base pairs, forming amultiloop. The recursion
can then be conceptually written in the simpliÞed form:

QPi,j =

!
""#

""$

min

!
#

$

Hairpin loop
Interior loops
Multi loops

if pair i áj is allowed

! if pair i áj is not allowed

(3.2)

3.1.2 Recurrence equations

We Þrst describe with more details the principles of the folding algorithm as implemented
in the Unafold package in the functionhybrid-ss-min [56]. Recurrence equations of the
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Figure 3.3. Recursion diagrams [66] represent the recursive equations of the dynamic
programming algorithm. The ßat line represents the backboneof an RNA sequence. A
base pair is indicated by a solid curved line, and a dashed curved line represents a sub-
sequence with terminal bases that may be paired or unpaired. Shaded regions are parts
of the structure Þxed by the recursion, and white regions denote sub-structures whose
scores have already been computed and stored in previous steps of the recursion.A.
Recursion of subsequence1. . . j assuming no exterior dependence. Last basej is either
paired or unpaired. B. Recursion for subsequencei . . . j assumingi, j are paired. The
subsequence either contains none, one or several internal base pairs. This corresponds,
respectively, to hairpin loops, interior loops and multi loops. In the case of multi loops
another quantity QM is introduced and computed through another recursion.

RNA folding algorithm are well known in the bioinformatic community [85, 29]. Re-
currence equation 3.1 shows that Þnding the most stable structure of an RNA sequence
involves computing tableQPi,j , itself constructed in three possible ways as shown in
equation 3.2. The Þrst possibility is a hairpin loop, whose score is given by a function
Eh mainly depending on loop length. The second possibility is interior loops, containing
the special case wherek = i + 1 and l = j " 1 corresponding to a stacked base pair.
Functions Es and Ei give, respectively, the scores of stacked pairs and interior loops.
The last possibility is when subsequencei . . . j contains at least two internal base pairs,
forming a multi loop. Another quantity QM is introduced, representing the score of a
subsequence assuming it is forming a multi-loop. Recursive equation 3.2 can then be
detailed as:

QPi,j =

!
"""""#

"""""$

min

!
"""#

"""$

Eh(i, j )
Es(i, j ) + QPi +1 ,j ! 1

min
{ k,l |i<k,l<j }

Ei (i, j, k, l ) + QPk,l

QM i +1 ,j ! 1

%
"""&

"""'

if pair i áj is allowed

! if pair i áj is not allowed

(3.3)

The value QM represents the score of a subsequence with at least two internal base
pairs. It is simply broken down as two subsequencesi . . . k and k + 1 . . . j containing
both at least one internal base pair. A third valueQS is introduced to represent the
score of such subsequences.QSi,j decomposition is then straightforward: either a pair
is on i, j giving QPi,j , or there are several pairs givingQM i,j , or i or j are unpaired,
giving QSi + ,j or QSi,j ! 1.
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Figure 3.4. A. Recursion of subsequencei . . . j containing at least two internal base
pairs. Both subsequencesi . . . k " 1 and k . . . j each contains at least one base pair.B.
Recursion for subsequencei . . . j containing at least one internal base pair. It contains
either several or one base pair oni, j , or on i, j " 1 or i " 1, j if i or j are unpaired.

Recursion diagrams 3.4 shows their decomposition patterns.Their recurrence equa-
tions are written as:

QM i,j = min
i<k<j

(QSi,k + QSk+1 ,j ) (3.4)

QSi,j = min { QM i,j , min(QSi +1 ,j , QSi,j ! 1), QPi,j } (3.5)

The third term of equation 3.3 is computed over the four variables i, j, k, l , hence
implying a complexity of O(n4). However, a common approximation is to limit internal
loops sizes toK = 30, thus reducing complexity toO(n2 áK 2). Equation 3.4 is inO(n3),
leading to an overallO(n2 áK 2 + n3) complexity. The corresponding secondary structure
is then obtained by a trace-back procedure.

3.2 Related work

3.2.1 Alternative approaches

The most used algorithm for RNA secondary structure prediction is the Minimum Free
Energy (MFE) method, implemented in the two packages Unafold and ViennaRNA
[56, 29]. This method relies on thousands of experimentally measured thermodynamic
parameters giving the energy of the many di" erent kinds of possible loops. On the
contrary, the Stochastic Context Free Grammar (SCFG) approach does not rely on such
thermodynamic parameters, it instead uses automated statistical learning algorithms
to derive model parameters. It is obviously a major advantage, since experimentally
measuring parameters is both expensive and not necessarily accurate.

However, Þrst attempts at this method did not yield very accurate results [37, 18].
Then Do et al. [16] signiÞcantly improved the method and obtained even better accuracy
than the MFE method. The SCFG approach, while promising, is stillnot often used.
We therefore preferred to focus our work on the widely accepted and used MFE method.
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The last approach is the comparative analysis method, which predicts RNA sec-
ondary structures from multiple sequence alignments. Extensive work has also been
conducted in this Þeld, see in particular the review of [24].

One particularly noteworthy approach was conducted by Frid and GusÞeld [23].
They used the Four-Russians technique presented in section 2.7 to achieve a worst-case
time bound of O(n3/ log(n)). They however used the simple Nussinov scoring scheme
(the count of base pairs) and acknowledged that they did not provide yet a Þnished
competitive program. Their work nonetheless illustrates that it is possible to obtain
in practice a speedup with the Four-Russians approach even ona complex dynamic
programming algorithm. They also claim that their method could be extended to more
complex scoring schemes and energy functions.

There is a huge number of programs computing the secondary structures [1], detailing
the di" erent approaches is out of scope of this thesis. We instead focus now on the
previous attempts at parallelizing the MFE method.

3.2.2 Parallelization

Parallelization on cluster, i.e. distributed memory

First parallelization e" orts were aimed toward parallelization of the computation of a
single sequence over multiple computers via MPI [28, 21]. A diagonal is distributed
across the di" erent nodes of the cluster. The problematic point is the amount of data
transfer needed which greatly reduces overall speedup. Subsequent work aimed at de-
veloping a tiling scheme minimizing those costly transfers [3].

Those pioneer parallelization work are however not as usefultoday, since the com-
putation of even a very large sequence can be conducted on a single computer. Clusters
potential is now generally trivially exploited by distributing many di" erent sequences
across a cluster nodes.

Parallelization on multi core CPU, i.e. shared memory

Mathuriya et al. [57] implemented the MFE folding algorithm for multi cores using
OpenMP in their GTfold program. Their implementation splits the elements of a di-
agonal across the available CPU cores. They use for the last diagonals the Þner grain
parallelization level consisting in splitting the minimization loop of the di" erent kinds of
structure loops. They also implemented the fastO(n3) algorithm for the computation
of internal loops introduced by Lyngs¿et al. [53].

They ran their program on a 32 core P5-570 cluster and reported a19x speedup
compared to the sequential version. They also reported a84s running time on a 9781
nucleotide-long HIV virus sequence.

Parallelization on FPGA

Jacobet al. [32] Þrst parallelized both the Nussinov and Zuker algorithms [62] on FPGA.



3.2.2 - Parallelization 27

Since the Nussinov algorithm does not use energy tables but only counts the number of
base pairs, it is signiÞcantly simpler than the Zuker algorithm and as such a good Þrst
step to evaluate the FPGA approach. For the Zuker algorithm, they reported a103x
speedup with their FPGA implementation over a single core of a3.0 Ghz Core 2 duo,
but their implementation is limited to 273-nucleotide-long sequences [33].

3.3 Algorithm proÞling

The Þrst step before a GPU implementation is a code analysis to see which part is the
most time-consuming, and if it can be parallelized. Due to AmdahlÕs law, it is of the
outmost importance to check that the non-parallelizable portion is negligible. Even a
small 5% non parallelizable part would seriously impact overall speedup.

We proÞled thehybrid-ss-min function of the Unafold 3.7 package which computes
the minimum free energy of folding of an RNA sequence. Figure3.5 shows the percentage
time spent by the di" erent parts of the algorithm for sequences from 100 to 8000 nt.

For short sequences, computation ofQM, QS, QPÑcorresponding to equations 3.4,
3.5 and 3.3Ñrepresents, respectively, about 22%, 20% and 52% of total time. The
remainder is composed of theFinal reduction, computed with equation 3.1 (about 4%
total time) and of the initialization phase of the di" erent matrices (approximately 1%
of total time). For longer sequences, computation ofQM gradually becomes more and
more important since it has the highestO(n3) complexity, and reaches 88% of total time
for a 8000 nt sequence.

These results show that in order to obtain a good overall speedup, a GPU imple-
mentation needs to parallelize all these di" erent parts, including the Final reduction
and the initialization step. Fortunately, all these parts are parallelizable, as we shall see
in the next section. We can also expect that overall speedup will be di" erent on short
sequences and long sequences: long sequences overall speedup will be dominated by the
speedup of theQM part (which becomes predominant for large sequences), and bythat
of QP for short sequences.
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Figure 3.5. Percentage of time spent in the di" erent parts of thehybrid-ss-minfunction
of the standard Unafold package computing the minimum free energy of sequences from
100 to 8000 nucleotides.QM is the computation of multi-loops in equation 3.4. It is
the only O(n3) part of the algorithm, therefore it gradually becomes preponderant.QP,
QS and Final reduction refer, respectively, to equations 3.3, 3.5 and 3.1

3.4 First implementation

3.4.1 General parallelization scheme

Figure 3.6 shows the data dependencies coming from the recursion (3.3) to (3.5). They
imply that, once all previous diagonals are available, all cells of a diagonal can be pro-
cessed independently. Three kernels are designed for the computation of QPi,j , QM i,j

and QSi,j , corresponding to equations (3.3) to (3.5). Each one computes one full diago-
nal. The whole matrix is then processed sequentially through aloop over the diagonals.
The next step corresponding to equation (3.1) is a combination of reductions (search of
the minimum of an array) which is parallelized in another kernel. The pseudo-code for
the host side of this parallelization scheme is given in algorithm 1.
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Algorithm 1 Host code, Þrst implementation
1: Input : sequence of lengthN
2: Output : minimal energy of the sequence
3: for diagonald in [1;N ] do
4: launch kernelGPU_ QP(i # [1;N " d], j = i + d)
5: launch kernelGPU_ QM (i # [1;N " d], j = i + d)
6: launch kernelGPU_ QS(i # [1;N " d], j = i + d)
7: end for
8: launch kernel GPU_reduction EN
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Figure 3.6. Left: Data dependency relationship. Each cell of the matrix contains
the three valuesQP, QM and QS. As subsequencei, j is the same as subsequence
j, i only the upper half of the matrix is needed. The computation ofcell i, j needs
the lower left dashed triangle and the two vertical and horizontal dotted lines.Right:
Parallelization. According to the data dependencies, all cells along a diagonal can be
computed in parallel from all previous diagonals.
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3.4.2 O(n2) part: Internal loops

The third term of equation 3.3 corresponds to the computationof internal loops. Their
size is usually limited toK = 30, which means the minimization is conducted over the
domain deÞned by(k, l ) with i < k < l < j and (k " i ) + ( j " l ) < K . This domain
is represented by the dashed triangle in Þgure 3.6. This term is therefore responsible
in total for O(n2 áK 2) computations. The kernelGPU_ QP is designed to compute all
cellsQP(i, j ) over a diagonald.
One major issue with this kernel is the divergence caused by the two branches in equa-
tion 3.3: if pair i, j is not allowed thenQP(i, j ) is assigned the score! and no compu-
tations are required. Di" erent cells of the diagonal are following di" erent code paths,
causing a huge loss in performance. To tackle this problem wecompute on CPU an
index of all diagonal cellsi, j where base pairi, j is allowed. The kernel computation
domain is then the set of cells pointed by this index.

3.4.3 O(n3) part: Multi-loops

Equation 3.4 computes the most stable multi-loop formed by subsequencei, j , and
requiresO(n) computations per cell, thusO(n3) overall for the n2 cells of the matrix. It
requires the knowledge of the line and column represented by dotted lines in Þgure 3.6
and is simply computed by Þnding the minimum of(QSi,k + QSk+1 ,j ) over k # [i ; j ].
Although it is a simple computation, it is the only O(n3) part of the algorithm and as
such the most important one for large sequences.

First implementation

The obvious way to implement it on GPU is to compute cells of a diagonal in parallel,
with the reduction computation of each cell being itself parallelized over several threads.
This way is implemented in kernelGPU_ QM , shown in algorithm 2 and used in our
Þrst implementation. The scheme is simple:BX threads cooperate to compute the
reduction, with each thread sequentially accessing memory locationsBX cells apart, so
that the memory accesses toQS(i, k ) are coalesced among threads. The code shows
that each thread does 2 operations for every 2 global memory elements accessed, on
line 7. This is a very poor ratio, worsened by the fact that accessesQS(k + 1, j ) are
not coalesced. Performance for this piece of code is measured at only4.5 GOPS (Giga
Operations Per Second) and a bandwidth usage of17 GB/s for a 10kb sequence. It is
obviously severely bandwidth limited. It may be possible to improve and coalesce the
second reference in the loop body by storingQS and its transpose in global memory, but
we did not pursue this approach since tiling leads to signiÞcantly higher performance as
we shall see next.
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Algorithm 2 QM kernel, Þrst implementation
1: BlockSize : One dimension =BX
2: Block Assignment : Computation of one cellQM i,j

3: tx & threadIdx.x
4: k & i + tx
5: Shared_data[tx ] & !
6: while k < j do
7: Shared_data[tx ] & min (Shared_data[tx] , QS(i,k) + QS(k+1,j))
8: k & k + BX
9: end while

10: Syncthreads
11: QM i,j & Minimum of array Shared_data

3.5 Multi loops second implementation

This section explains the second parallelization scheme witha new e! cient reordering
of the computation of the multi loops part, allowing a tiled implementation with good
data locality.

3.5.1 Reduction split and reordering

The main issue with our Þrst implementation is that it requiresa lot of memory band-
width, as each cell of the diagonal requiresO(n) data, and there is no reuse of data
between the computation of di" erent cells. Theoretically there is a lot of data reuse,
as a single valueQS(i, k ) will be used for the computation of all cellsQM (i, j ) with
j # [k; n]. Unfortunately the dependency pattern makes ita priori impossible to take
advantage of this, as the set of cellsQM (i, j ) j # [k; n] are located on di" erent diagonals
and thus computed in separate kernel calls.

In our Òtiled implementation,Ó we designed a way to exploit this data reuse. The key
observation is that the computation of a single cell is a minimization overi < k < j ,
which can be split into several parts. Our approach is inspired by the systolic ar-
ray implementation of the optimum string parenthesizationproblem by Guibas-Kung-
Thompson [27, 65], which completely splits reductions in order to have a parallelization
scheme working for an array ofO(n2) processors. Although not going as far, our ap-
proach exploits the same idea: we split and reorder the reductions, in order to obtain a
parallelization scheme better suited for GPU.
LetÕs say we have already computed all cells up to a given diagonald0, meaning that all
cells(i, j ) such that j < i + d0 are known. For a given(i 1, j 1) outside of the known area
(marked with an x in Figure 3.7) with j 1 = i 1 + d0 + T, T > 0, the whole computation
min

i 1<k<j 1
(QSi 1 ,k + QSk+1 ,j 1 ) is not possible as manyQS values are still unknown.

Nevertheless, we can compute apart of the minimization for which QS values are al-
ready known: for"1 < k < "2 with "1 = j " d0 and "2 = i + d0 (shown as the pair of thin
blue lines in the left part of Figure 3.7). Similar Òblue portionsÓ of the accumulations of
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Figure 3.7. Left: Reduction split. All cells in light blue are already available.
For a point (i, j ) located outside of the known area, the middle part of the reduction
represented by the thin blue line can be computed.Right: Tiling scheme. The
middle part of the reduction is done Òin advanceÓ in the blue tiles. The remaining part
is done on the red cells, diagonal after diagonal.

all the points in the tile can be computed in parallel. This means that by taking apart
the range that violates the dependency pattern, we can compute in parallel a tile of cells
and thus beneÞt from a good memory reuse scheme. Figure 3.7 shows such a tile and
how the minimization is split.

3.5.2 Tiling scheme

We still move sequentially diagonal after diagonal, but we compute Òin advanceÓ the
middle part of the minimization of equation 3.4 in tiles. This tiled computation is
implemented in the kernelGPU_ QM _ tiled, and called everyT ile_ Size diagonals.
The remaining part of the minimization is done in kernelGPU_ f inish _ QM called
every diagonal, as shown in algorithm 3 and depicted with dotted red line in the right
part of Figure 3.7.

3.5.3 GPU implementation

Thanks to the tiled implementation the GPU program is very e! cient: each tile is
computed by a thread block, which can sequentially load into shared memory blocks
of lines and columns, similar to a standard tiled matrix-matrix multiplication. Kernel
code of GPU_ QM _ tiled is shown in algorithm 4. QS values are stored in shared
memory lines9, 10 and reusedBS times each, on line13. Bandwidth requirement is
therefore reduced by a factor ofT ile_ Size = BS compared to the Þrst implementation.
Performance of this kernel is now90 GOPS with a bandwidth usage of23 GB/s.
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Algorithm 3 Host code, tiled implementation
1: Input : sequence of lengthN
2: Output : minimal energy of the sequence
3: for diagonald in [1;N ] do
4: launch kernelGPU_ QP(i # [1;N " d], j = i + d)
5: if (d modulo Tile_Size == 0) then
6: launch kernelGPU_ QM _ tiled(d)
7: end if
8: launch kernelGPU_ f inish _ QM (i # [1;N " d], j = i + d)
9: launch kernelGPU_ QS(i # [1;N " d], j = i + d)

10: end for
11: launch kernelGPU_ reductionEN

Algorithm 4 QM kernel, tiled implementation
1: BlockSize : Two dimension = BS áBS
2: Block Assignment : Computation of Òmiddle partÓ ofQM for a tile of BS áBS

cells, with upper left corner(i 0, j 0)
3: tx & threadIdx.x , ty & threadIdx.y
4: iter & beginning of Òmiddle partÓ
5: bound& end of Òmiddle partÓ
6: temp & !
7: while iter < bound do
8: Load blocks in shared memory:
9: Shared_L [tx ][ty] & QS(i 0 + ty, iter + tx )

10: Shared_C [tx ][ty] & QS(iter + 1 + ty, j 0 + tx )
11: Syncthreads
12: for k = 0, k ' BS, k + + do
13: temp & min(temp,Shared_L [ty][k] +Shared_C [k][tx] )
14: end for
15: iter & iter + BS
16: end while
17: QM i 0+ tx,j 0+ ty & temp
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3.6 CPU new implementation

Vectorization

The tiled approach we developed for GPU also has signiÞcant advantages for the CPU
version. In the standard sequential Unafold implementation,the computation of QM is
not very e! cient because of the memory accesses toQSk+1 ,j which are made column-
wise. Such accesses are ine! cient as each data is in a di" erent cache line.

A simple solution, implemented in the Vienna RNA package, is to store the column
in a temporary array so that consecutive accesses are in the same cache line. This
temporary array can be loaded once and reused many times since in the sequential code
the matrix is Þlled column after column, from bottom to top.

Our tiled approach is also a good Þx to this problem: the tiling scheme naturally
provides a very good temporal locality, eachQS cell is reused many times for the
computation of other cells of the tile. Moreover, this tilingscheme also provides an
obvious way to implement an e! cient vectorization: four consecutive cells of a tile are
computed at the same time.

Additionally, a second level of tiling is applied. While the Þrst level permits data
to Þt in the CPU L1 cache, the second level permits data to Þt in the CPU SIMD
vector registers. Data is loaded once in a SIMD register and reused several times for the
computation of cells inside the second sub-tile. This way theoverhead cost of loading
data in SIMD registers is amortized.

The code for vectorized implementation is presented in algorithm 5. Variables VEC
denote SIMD registers able to contain four 32-bit values. The second level of tiling
operates on a 4 by 4 sub-tile, lines 6 and 7. The sixteen corresponding QM values
are stored in the 4 SIMD registersVEC0 to VEC3. Each QS value loaded in a SIMD
register, at line 14 and 16, is reused 4 times. The innermost loop at line 15 is unrolled
in the implementation.

A larger sub-tile would exhibit more data reuse and thus would amortize loading
costs more. However, the number of SIMD registers is very restricted, generally 8 or
16. Our implementation only uses 6 registers and therefore works well on all CPUs with
SSE. Themin operation was introduced in SSE4, but can also be decomposed in four
native SSE2 instructions. We provide a ßag at compilation to select the correct version.

Figure 3.9 shows a break down of the time spent in the di" erent part of the algorithm
for our new vectorized implementation. The time spent in the tiled vectorized part is
now only 30% of total time for a 8Kb sequence. It has however thedominating O(n3)
complexity and is therefore growing, although at a slow rate.

Multi core parallelization

We implemented the multi core parallelization via OpenMP across the di" erent tasks
of a diagonal. Thanks to the ease of use of OpenMP this was e" ectively a 5-minute
transformation of the code.
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Algorithm 5 CPU vectorized algorithm
1: Input : A tile of dimension BS_ CPU áBS_ CPU, with upper left corner (i 0, j 0) .
2: Output : Computation of Òmiddle partÓ ofQM .
3: start & beginning of Òmiddle partÓ
4: bound& end of Òmiddle partÓ
5: for tk = start , tk < bound, tk+ = BS_ CPU do
6: for ti = 0, ti < BS _ CPU, ti + = 4 do
7: for tj = 0, tj < BS _ CPU, tj + = 4 do
8: Load a 4 by 4 sub tile in SIMD registers:
9: VEC0 & QM (ti + i 0, tj + j 0), . . . , QM (ti + i 0, tj + j 0 + 3)

10: VEC1 & QM (ti + i 0 + 1, tj + j 0), . . . , QM (ti + i 0 + 1, tj + j 0 + 3)
11: VEC2 & QM (ti + i 0 + 2, tj + j 0), . . . , QM (ti + i 0 + 2, tj + j 0 + 3)
12: VEC3 & QM (ti + i 0 + 3, tj + j 0), . . . , QM (ti + i 0 + 3, tj + j 0 + 3)
13: for k = 0, k < BS _ CPU, k + + do
14: VEC_C & QS(tk + k, tj + j 0), . . . , QS(tk + k, tj + j 0 + 3)
15: for i = 0, i < 4, i + + do
16: VEC_L & four times the same value :QS(ti + i 0 + i, tk + k)
17: Core SIMD computation:
18: VECi & min (VECi , VEC_C + VEC_L )
19: end for
20: end for
21: Store back the four by four sub tile results
22: QM (ti + i 0 to ti + i 0 + 3, tj + j 0 to tj + j 0 + 3) & VEC0,VEC1,VEC2,VEC3
23: end for
24: end for
25: end for
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3.7 Results

Our GPU implementation uses exactly the same thermodynamic rules as Unafold, thus
the results and accuracy obtained on GPU is exactly the same asthe standard CPU
Unafold function. We therefore only compare the execution time between programs,
including the host-to-device transfer for the GPU implementation. Our tests are run on
a Xeon E5450 @ 3.0GHz and a Tesla C1060. CPU code is running on fedora 9, compiled
with gcc 4.3.0 with -O3 optimization level.

3.7.1 Tiled implementation

Figure 3.8 A shows the speedup obtained by the tiled implementation on a Tesla C1060
over the standard Unafold algorithm running on one core of a Xeon E5450 for randomly
generated sequences of di" erent lengths. Sequences are generated with each of the four
letters being equiprobable. Tests are run with a large enoughnumber of sequences
ensuring GPU starting costs are amortized. The speedup startsat around 20x for short
sequences and goes up to150x for large sequences. For small sequences, theO(n2)
part of the algorithm is preponderant. Thus, the overall speedup is roughly that of the
kernel computing internal loops, calledGPU_ QP and explained in section 3.4.2. As
sequence size increases, theO(n3) multi-loop computation becomes more important so
the speedup approaches that of kernelGPU_ QM _ tiled which is very e! cient thanks
to our tiled code.

In order to do a fair, Òapples-to-applesÓ comparison, we applied our tiling technique
on the CPU and used SSE vectorized instructions to get the full potential of CPU
performance. Execution speed of the vectorized part of the code is 5.4 GOPS for a10
kb sequence, which is quite high considering Þrst GPU implementation speed was only
4.5 GOPS. Speedup obtained by the second GPU implementation against this optimized
code is presented Þgure 3.8 B. Here, speedup is more stable across sequence lengths as
like the GPU, CPU tiled code is very e! cient. GPU speedup of theO(n3) part of
the code compared to CPU code using same tiling technique and vectorized code is90
GOPS / 5.4 GOPS = 16.6x. This is therefore the theoretical maximum speedup that
can be achieved when running on very large sequences when theO(n2) partÑexhibiting
di" erent speedupÑbecomes negligible.

The global memory to device bandwidth GPU usage of theO(n3) part of the code
computing multi loops was measured at 23 GB/s. The maximum bandwidth is around
100 GB/s for the GPU used, the code is not bandwidth limited. Although we do not
attain peak GPU 312 GOPS computational throughput, the code isactually computa-
tion bound.
First, the real peak GOPS is only 66% of the maximum when doing computation from
shared memory, consequently the maximum is only 205 GOPS [40,77]. The remainder
is probably explained by some ine! ciencies in the code.
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Figure 3.8. Tesla C1060 speedup against one core of Xeon E5450 @ 3.0Ghz for various
sequence lengths.A: Speedup against standard Unafold code.B: Speedup against tiled
and vectorized CPU code.

3.7.2 Overall comparison

Figure 3.11 compares performance on a 9781-nucleotide-long virus sequence on a larger
set of programs: the Þrst untiled GPU implementation, the tiled one, the standard
Unafold CPU code [56], the GTfold algorithm [57] running on 8 CPU cores, and the
new SSE-optimized CPU code running on one or eight threads.

We can see that our new CPU code is running10 times faster than the regular
Unafold code, thanks to both SSE and better memory locality of the tiled code. Even
against this fast CPU code, the Tesla C1060 is still more than11 times faster than
the Xeon. It is also worth noting the6x speedup obtained between the GPU tiled and
untiled code.

For the CPU tiled and vectorized however, going from one to eight threads yielded
a 6.2x speedup. We measured memory bandwidth usage of the tiled part of the code
at 0.6 GB/s when running on one CPU core, therefore running 8 cores at full potential
would require4.8 GB/s, exceeding the memory bandwidth limit of the Xeon E5450.As
a result, the single GPU tested is approximately 2 times faster than this 8-core CPU
system.

This may seem a low speedup, especially to those used to seeinghyped up GPU
performance gains. However, this is a more reasonable expectation Ð for example the
commercially released CULA package for linear algebra is Òonly" about 3-5 times faster
than a vectorized and optimized linear algebra library on a 4-core CPU.
Also note that when dealing with huge numbers of sequences, GPU computing provides
signiÞcant advantages for this application; when considering performance/watt, or the
ability to stack several GPU cards in a single system, hence rivaling with a small cluster
at a fraction of the cost.
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Figure 3.9. Percentage of time spent in the di" erent parts of ourSSEvectorized imple-
mentation of hybrid-ss-min function, computing the minimum free energy of sequences
from 100 to 8000 nt.QM is the computation of multi-loops in equation 3.4. The dark
purple segment representing the tiled portion of the computation ofQM is the only
O(n3) part of the algorithm. Its vectorized SSE implementation is so e! cient compared
to other parts of the codeÑof complexity O(n2)Ñthat its proportion is growing only
very slowly. Even for large 8000 nt sequences, it represents only 30% of total execution
time.
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Execution Time (s)

Tesla C1060 tiled : 13 s

Tesla C1060 untiled : 83 s

New CPU tiled and vectorized implementation, 1 Xeon core: 154 s

GTfold - 8 core Xeon : 225 s

Unafold 3.7  Xeon 3.0 Ghz : 1592 s

New CPU tiled and vectorized implementation, 8 Xeon cores  : 25 s

Vienna Package RNAfold , Xeon 3.0 Ghz : 330 s

Figure 3.11. Execution time on a 9781-nucleotide-long virus sequence. Various imple-
mentations are compared: standard Unafold and Vienna packages, the GTfold program
conducting multi core parallelization, our new CPU tiled andvectorized code, and GPU
implementation with or without tiling. It is striking to see th e di" erence in speedup we
obtain when changing the reference: GPU tiled implementationis 122times faster than
standard Unafold code, but only1.9 times faster than a eight core CPU system used at
its full potential.
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3.7.3 Multi-GPU implementation

Usually many independent sequences need to be folded. In that case, this provides a
coarse grain level of parallelism. We exploit this level to parallelize work across several
GPUs. Our program send sets of sequences to the di" erent GPUs available. This is
easily implemented with the Pthreads API and by creating a CUDA context in each
one of them. Synchronization is only needed when the di" erent threads write in the
same result Þle. Since no synchronization or data transfer is needed between GPUs,
performance e" ectively scales linearly with the the number of GPU used.

3.8 Related algorithms

We also investigated the computation of sub-optimal foldings and the partition function
of a sequence, whose algorithms are similar to the one presented for optimal foldings in
section 3.1. Sub-optimal foldings and partition function are very useful to give a more
accurate view of a sequence ensemble of possible foldings, since the unique ÒoptimalÓ
folding is not necessarily always representative of biological reality.

3.8.1 Sub-optimal foldings

Finding the optimal folding of a sequence is a good mathematical result, but is in prac-
tice often not enough. First, there can be many foldings within a few percents of the
minimum free energy, and these foldings can be very di" erent form the optimal one [86].
Moreover, since folding takes place during transcription, RNA sequences are in fact often
kinetically trapped in locally optimal structures. Therefore having an overview of the
possible sub-optimal foldings of a sequence is essential to many bioinformatic studies.

Stegeret al. [75] Þrst observed that by computing additional values representing the
minimum energy of the Òexcluded fragmentsÓ, one could compute the minimum energy
of a sequence containing a given base pairi, j . In section 3.1,QPi,j was introduced as
the optimal score of of subsequencei . . . j when i, j form a base pair. Similarly, Steger
et al. [75] deÞned1 QP ext

i,j as the sum of optimal score of both subsequences1. . . i and
j . . . n . QPi,j + QP ext

i,j then represents the minimum energy over the whole sequence of
a structure containing base pairi, j .

Zuker [84] then used this extension to compute a collection of sub-optimal repre-
sentative foldings. For every pairi, j , his algorithm computes the optimal structure
containing this pair. A distance criterion also ensures to output structures that are not
too similar. This is implemented in thehybrid-ss-min function (Ðmfold option) of the
Unafold package [56].

Following this seminal work, Wuchty et al. [82] then introduced an algorithm to
compute the exhaustive list of suboptimal foldings within a! band of the MFE. This

1originally with notation V (j, i ) in [84], as opposed toV (i, j ) for the internal part. We prefer to use
an ext exponent to denote theexternal part of a subsequence.
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is implemented in theRNAsubopt function of the ViennaRNA package [29]. Finding
relevant sub-optimal foldings is still an ongoing Þeld of research [7, 52, 72].

In the following, we study the sub-optimal folding algorithmintroduced by Zuker
[84] and examine its GPU implementation.

Zuker sub-optimal folding Algorithm

Algorithm 6 is the Zuker algorithm as implemented in thehybrid-ss-min function of the
Unafold package. The listL is the collections of all base pairsi, j along with the mini-
mum free energy of any folding that contains the given base pair. It contains therefore
at most n2/ 2 elements.
A quick proÞling of the code showed that lines 1 and 3 are the most time consuming
parts of the algorithm. Since the list contains at mostn2/ 2 elements, the sort (line 7)
complexity conducted with an e! cient merge-sort2 is in O(n2 logn), less than theO(n3)
complexity required to Þll theQP matrix.

GPU computation of line 1 is already detailed in section 3.5. Computation of QP ext
i,j

can also be conducted recursively as depicted with recursiondiagrams 3.12, with the
following equations:

With i < j :

QP ext
i,j =

!
"""""#

"""""$

min

!
"""#

"""$

Es(i, j ) + QP ext
i ! 1,j +1

min
{ k,l |k<i,j<l }

Ei (i, j, k, l ) + QP ext
k,l

QM ext
i ! 1,j +1

E i ! 1 + B j +1

%
"""&

"""'

if pair i áj is allowed

! if pair i áj is not allowed

(3.6)

QM ext
i,j =

*
min

j<k<n
(QSj,k + QS ext

k+1 ,i )

min
1<k<i

(QSi,k +1 + QS ext
k,i )

(3.7)

QS ext
i,j = min

+
QM ext

i,j , min(QS ext
i ! 1,j , QS ext

i,j +1 ), QP ext
i,j

,
(3.8)

Quantities QS, Es(), Ei () are those already deÞned in section 3.1.2.E i is the MFE
of subsequence1. . . i as deÞned in equation 3.1.B j is a new value corresponding to
the MFE of subsequencej . . . n . It is the symmetric of E i and computed the exact
same way. QP(i, j ) ext , QS(i, j ) ext , QM (i, j ) ext are, respectively, the equivalent of the
QP, QS, QM values but referring to the exterior part of subsequencei . . . j .

Equation 3.7 is particularly noteworthy: it is decomposed the same way asQM in
equation 3.4, however since the exterior part ofi . . . j is composed of the two parts1. . . i
and j . . . n the decomposition must also be broken down in two parts. Although still in
O(n3), the computation of QM ext is roughly twice as long as that ofQM .

2As of version 3.8, Unafold implements this sort with a quadratic sort, resulting in overall O(n4)
complexity. Unafold implementation is obviously designed to compute small sequences only.
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Algorithm 6 Zuker sub optimal foldings algorithm
1: Compute QPi,j

2: QPi,j is the minimum energy of the subsequencei . . . j wheni, j are paired.
3: Compute QP ext

i,j
4: QP ext

i,j is the minimum energy of the exterior of subsequencei . . . j when i, j are
paired.

5: ! G(i, j ) = QPi,j + QP ext
i,j

6: ! G(i, j ) is the the minimum energy of any folding that contains thei, j base pair.
7: Sort the list L of triplets { i, j, ! G(i, j )} in order of increasing! G(i, j ).
8: while L (= empty do
9: Compute the optimal folding containing the i, j pair at the top of the list L

10: Remove fromL all base pairs in the computed folding as well as those within a
distance ofW base pairs.

11: Output computed folding if it contains at least W base pairs not present in pre-
vious foldings

12: end while

=

i j

QP(i,j)ext

1 n

i j

QP(k,l)ext

1 n

Interior loop  i,j,k,l

k l i j

QM(i-1,j+1)ext

1 n

Multi loop 

i-1 j+1 i j1 n

Ei Bj

A

=

i j

QM(i,j)ext

1 n i j

QS(i,k)ext
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Figure 3.12. Recursion diagrams for the exterior part of i á á áj . A base pair
is indicated by a solid curved line, and a dashed curved line represents a subsequence
with terminal bases that may be paired or unpaired. Shaded regions are parts of the
structure Þxed by the recursion, while white regions denote sub-structures whose scores
have already been computed and stored in previous steps of the recursion. The dashed
region represents the interior segment enclosed by basesi and j which is not considered
here. A. Recursion forQP ext

i,j representing the MFE of the external part of subsequence
i . . . j when i, j is a base pair. B. Recursion forQM ext

i,j representing the MFE of the
external part of subsequencei . . . j when there is a multi-loop in the external part.
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Figure 3.13. Left: Data dependency relationship. The lower left triangle of the
matrix contains the three valuesQP ext , QM ext and QS ext . The computation of cellj, i
needs the lower left dashed triangle and the vertical and horizontal dotted lines. The
computation requires values in the upper right triangle, i.e the algorithm must Þrst Þll
the valuesQP, QM and QS of the upper triangle before beginning the computation of
the lower left triangle. Right: Parallelization. According to the data dependencies,
all cells along a diagonal can be computed in parallel from all previous diagonals.

GPU implementation

The GPU implementation is conducted in a similar way as that of the minimum energy
of folding. We use the same general scheme as the one implemented in the Unafold
package: a square matrix is allocated to hold theQM, QP, QS, QM ext , QP ext , QS ext

values. The upper right triangle is used to store theinternal values, while
the lower left triangle is used to store theexternal values. With i < j , cell
(i, j ) of the matrix contains QM (i, j ), QP(i, j ), QS(i, j ), and cell (j, i ) contains3

QM (i, j ) ext , QP(i, j ) ext , QS(i, j ) ext .

Implementation of equations 3.8 and 3.6 is the same as for theinternal case. Fig-
ure 3.14 details equation 3.7 which is slightly di" erent. Tiling is conducted the same
way, the only di" erence is that data needed are both in the upper and lower parts of
the matrix. Special care is needed to handle properly the boundary cases, i.e tiles cut
because of their proximity to the diagonal.

Results

We compared our GPU implementation of the Zuker sub-optimal foldings algorithm
with the the standard UNAfold 3.8 package on sequences of lengths up to 8 kb. We

3This implementation probably explains the original V (j, i ) notation to refer to external fragments
[84].
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Figure 3.14. Tiling implementation of QM ext computation. Left: QM ext de-
composition. The two steps of equation 3.7 are shown.Right: Tiling. The red line
shows the part of the minimization which is taken apart so that elements of a tile can
be computed in parallel in a GPU block of threads. This red part is done in a later step,
in the regular untiled way.

also implemented an SSE-vectorized code with our tiling technique to provide a fair
CPU-GPU comparison4. Speedup is presented in Þgure 3.15. The speedup obtained is
up to 80x for long sequences compared to the standard UNAfold package, and between
10x and 17x compared to our optimized CPU code.

4Our CPU implementation also includes an e" cient merge-sort as opposed to the quadratic sort of
the UNAfold package for line 7 of algorithm 6.
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Figure 3.15. Suboptimal folding algorithm GPU speedup. Tesla C1060 speedup
against one core of Xeon E5450 @ 3.0GHz for various sequence lengths for the algorithm
computing sub-optimal foldings (option Ðmfold="5,-1,100"). Left. Speedup against
standard Unafold code. Right. Speedup against our new tiled and vectorized CPU
code.
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3.8.2 Partition function

Contrary to the MFE which gives an information only about the most stable secondary
structure of a sequence, the partition function aims to give an information about the
ensemble of all possible foldings of a sequence. It therefore provides a more accurate
view of a sequence foldings.

The partition function Z is the sum over the setS of all possible secondary structures:

Z =
-

s" S

exp! ! Gs /RT (3.9)

With R the universal gas constant,! Gs the energy of a structures and T the temper-
ature. The equation is best understood with its relation to thermodynamic notions.

Thermodynamic reminder

Consider a general chemical equilibrium with stoichiometriccoe! cients #, $, %, "

#A + $B ! %G + "D

In solution the equilibrium constant is deÞned as :

K =
[G]! [D ]"

[A]# [B ]$

With [ ] denoting the concentration of the di" erent species in the solution.
The free energy! G of the equilibrium is linked to K with the relation:

K (T ) = exp ! ! G/RT

The partition function Z can therefore be seen as the equilibrium constant of the
reaction:

Sunfolded ! Sfolded

Where Sunfolded represents an RNA sequence in its unfolded state, andSfolded the
sequence folded in any of its possible secondary structure. We consequently also have :

Z =
[Sfolded ]

[Sunfolded ]

Z provides the relative concentration of the folded and unfolded states.
The partition function can also be used to compute the probability of a structure s:

P(s) =
exp! ! Gs /RT

Z
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Computation

McCaskill [58] Þrst developed an algorithm to compute the partition function. It is
based on the observation that since the energy is additiveÑenergy of sequence1á á án is
the sum of energies of1á á ák and k á á ánÑthe partition function is multiplicative. With
1 < k < n , partition function of the whole sequence1á á án is the product of partition
function over 1á á ák and overk á á án.

Following work in the community focused on computing the partition function in-
cluding some classes of pseudoknots [15, 8, 66]. Dirks and Pierce [15] article also provides
a very clear introduction on partition function computation.

Partition function can therefore be computed with dynamic programming as the
MFE. Similar recurrence equations are used, by replacing the minimization over di" erent
structures with a sum, and the sum over the di" erent subsequences by a product.
The decomposition looks the same: quantitiesZP (i, j ), Z1(i, j ), ZS(i, j ) are introduced
representing the partition function over a subsequencei á á áj in di" erent cases.

Base pair probability

In the same way as for suboptimal foldings, quantityZP (i, j )ext can be computed. It
represents the partition function of the external part of sequencei á á áj when i, j forms
a base pair. Due to the multiplicativity of the partition functio n, ZP (i, j )ext áZP (i, j )
represents the partition function over the set of structures that contains thei, j base
pair.

Therefore the probability of i, j forming a base pair can be derived as:

P(i, j ) =
ZP (i, j )ext áZP (i, j )

Z

Implementation

Although using similar recurrence equations as the MFE, the computation of the par-
tition function is much more computationally intensive. The main reason is that it
operates on double precision ßoating point numbers instead of integers. Secondly, since
Z grows exponentially with the length of the sequence, computation inevitably overßows.
Unafold counteracts this with a scaling system, which, while e" ective, also signiÞcantly
burdens computations in critical sections of the algorithm.

Our tiling approach introduced in section 3.5 can still be applied here. We imple-
mented again an SSE-vectorized CPU code. The method used is the same as the one
already introduced in section 3.5. Some adjustments had to be made in the tiling scheme
to Þt the particularities of partition function computation, yet globally the method re-
mains the same.

It is nevertheless interesting to see how the SSE-vectorizedCPU implementation
behave in this case, where computation is conducted on doubleprecision ßoating point
numbers. In the MFE code, SSE was able to compute four 32-bit integers at a time with
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its 128-bit SIMD vector, here it can compute only two 64 bits ßoating point values. We
therefore expect to have a lower SSE speedup than before.

We also tried a GPU implementation. Preliminary results were not very good, which
was expected since GPU hardware double precision support is still limited 5. We therefore
considered it was not worth the e" ort to pursue the GPU implementation of the partition
function. We instead focused on the SSE vectorized implementation, whose results are
presented in the next section.

Results

We computed the partition function on the 9781 nucleotide long hiv virus sequence. On
the standard Unafold 3.8 package and with our new tiled and vectorized implementation,
execution time was, respectively, 184 minutes and 20 minutes, a9.2x speedup. This is a
good result considering the SSE vectorization only provides at best a2x speedup here.
The remainder of the speedup comes from better memory locality of our approach, and
from some computation we were able to factorize thanks to our tiling approach.

3.9 Applications

This section gives examples of bioinformatic studies where the computation of RNA
secondary structures was successfully conducted with our GPUimplementation.

3.9.1 MicroRNAs Prediction

MicroRNAs (miRNAs) are small (18-25 nt) non coding RNAs playing crucial roles in
the regulation of gene expression in eukaryotes. miRNAs precursors have a distinctive
hairpin secondary structure between 65 and 100 nt long. In insects, they are involved
for example in embryonic development and tissue di" erentiation [34].

In collaboration with bioinformaticians and biologists working at INRA (Fabrice
Legai, Denis Tagu, StŽphanie Jaubert-Possamai) we developed a tool to identify new
miRNAs of the pea aphidAcyrthosiphon pisum. Contrary to common methods relying
in part on comparative analysis of related genomes to identify miRNAs, the new method
relied only on the analysis of the pea aphid genome and known miRNA characteristics.
This work lead to a publication in BMC genomics[41].

The whole pea aphid genome was scanned to Þnd miRNA-like hairpins. For that the
secondary structures of 120 nucleotides long windows with an overlap of 100 nucleotides
were computed. On the whole genome, this represents a total of21 million windows.

Hairpins longer than 63 nucleotides were selected, leading to approximately 2.5 mil-
lion genomic hairpins. A set of features was developed to discriminate between miRNA

5Tests were conducted with a Tesla C1060 where double precision throughput is only 1/8 that of
single precision. At the time of development the new Fermi architecture with improved double precision
support was not yet available.
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and non miRNA hairpins: folding energy, total and maximum internal loop size and
symmetry, arms and terminal loop sizes; GC% and complexity score.

Using 38 pea aphid miRNAs already found by homology search as a learning set, we
constructed a classiÞer using all these features. We Þrst used a decision tree implemented
in the R tree package to build a prototype classiÞer and then hand tuned it to improve its
selectivity. Out of the 2.5 million genomic hairpins, the classiÞer identiÞed 4500 hairpins
as putative miRNAs, out of which 98 were conÞrmed to be expressed by comparison
with deep sequencing data.

Although not related to our GPU parallelization work, this bioinformatic study pro-
vided a real-world test of our GPU implementation. The 21 million 120 nt long windows
were successfully folded in less than two hours with a Tesla C870 and a GTX280, whereas
this would have taken 24 hours if running on a typical dual core CPU. Work is still in
progress to generalize the tool so that it can predict miRNAs of other organisms.

3.10 Discussion

In this chapter, the goal was to Þnd whether GPUs were able to provide an e! cient
implementation of the RNA secondary structure prediction problem. We developed
a Þrst parallelization which yielded a17x speedup compared to the standard Unafold
package [67]. This Þrst version was however severely bandwidth limited.

We then developed a new tiling approach of the algorithm. Thisapproach exhibits
a lot of data reuse between threads. This technique thereforeallowed us to move from
a memory-bound algorithm to a compute-bound kernel, thus fully unleashing raw GPU
power. This tiled implementation is detailed in a chapter of the NVIDIA GPU comput-
ing gems book to be published [69]. The speedup obtained compared to the sequential
standard Unafold algorithm is up to150x for large sequences, a lot more than our initial
expectations.

Moreover we also successfully applied the method to the computation of suboptimal
foldings. The answer is thus deÞnitely positive, it is possible to parallelize e! ciently
on GPU a dynamic programming algorithm of the scope of the complex RNA folding
algorithm.

However, the150x speedup needs to be considered carefully. It does not solely comes
from GPU parallelization, but also from the beneÞts of our newtiling approach. We
noted that our algorithmic modiÞcation also enables tiling and subsequent vectorization
of the standard CPU implementation. This allowed us to a do a fairapples-to-apples
comparison of the CPU and GPU implementations, and avoid the hype surrounding
GPGPU.

The speedup compared to our well optimized and vectorized CPU code is around2x
compared to an eight core system. This corresponds to the typical speedup observed
when comparing to vectorized CPU code [40]. This may seem a low speedup but in fact
already very interesting for people having to conduct RNA folding intensively.

To sum up, our contribution to the RNA folding problem are manifold: we developed
a GPU parallelization for the MFE and suboptimal problems, anda new SSE vector-
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ized CPU implementation for the MFE problem, suboptimal foldings and the partition
function. The new CPU vectorized code is in itself a very good result.

An interesting point is that the method we developed for GPU was also able to
provide a large speedup of the CPU code. It is in fact not surprising, since both archi-
tectures equally beneÞt from good data locality and from e! cient vectorization.



52 Discussion



Chapter 4

Short Sequence Alignment

Sequence alignment is a major Þeld of bioinformatics. With the advent of next gener-
ation sequencing technologies, developing highly e! cient alignment programs is more
than ever a priority. In this chapter the goal is to Þnd whethera GPU parallelization is
able to tackle this problem e! ciently.

Section 4.1 Þrst explicits the problem, then section 4.2 details state of the art methods
used to tackle the alignment problem: algorithms based onseedsor on su" x trees.

Our GPU study is based on the ORIS algorithm already developedby Lavenier
in [39], initially targeting ungapped alignments. This algorithm exhibits good data
locality and provides many indepedent tasks, making ita priori a good match for GPU
parallelization. It is presented section 4.3. However, Þrst proÞling tests showed that in
the case of gapped alignments, signiÞcant optimizations were possible.

We developed a Þltering strategy that discards most alignments coming from the
seed phase before they are checked by the costly dynamic programming algorithm (sec-
tion 4.4). Promising results were obtained with this strategyon a Þrst prototype running
on CPU.

GPU parallelization of this Þrst prototype is conducted in section 4.5. Although
necessary, the Þltering strategy also makes GPU implementation signiÞcantly more dif-
Þcult. It was therefore decided to move back to a CPU program in order to be able to
develop the Þltering strategy to its full potential (section 4.6). This lead to the creation
of the GASSST program, whose results are analysed in section 4.7.

4.1 Problem presentation

Next generation sequencing (NGS) technologies are now able to produce large quantities
of genomic data. They are used for a wide range of applications,including genome re-
sequencing or polymorphism discovery. A very large amount of short sequences are
generated by these new technologies. For example, the Illumina-Solexa system can
produce over 50 million 32-100 bp reads in a single run. A Þrst step is generally to map
these short reads over a reference genome, in other words, Þnd the initial location of
the read in the genome. To enable e! cient, fast and accurate mapping, new alignment

53



54 Problem presentation

programs have been recently developed. Their main goals are to globally align short
sequences tolocal regions of complete genomes in a very short time. Furthermore, to
increase sensitivity, a few alignment errors are permitted.

The seed and extendtechnique is mostly used for this purpose. The underlying
idea is that signiÞcant alignments include regions having exact matches between two
sequences. For example, any 50 bp- read alignments with up to 3errors contains at
least 12 identical consecutive bases. Thus, using theseed and extendtechnique, only
sequences sharing common k-mers are considered for a possible alignment. Detection of
common k-mers is usually performed through indexes localizing all k-mers.

Recently, several index methods have been investigated and implemented in various
bioinformatic search tools. The Þrst method, used by SHRiMP [71] and MAQ [44],
creates an index from the reads and scans the genome. The advantage is a rather small
memory footprint. The second method makes the opposite choice: it creates an index
from the genome, and then aligns each read iteratively. PASS[10], SOAPv1 [46] and
BFAST [30] use this approach. The last method, used in ORIS andCloudBurst indexes
both the genome and the reads [39, 73]. Although more memory isneeded, the algorithm
should exhibit better performance due to memory cache locality. Another short read
alignment technique, used in Bowtie [38], SOAPv2 [47], and BWA[42], uses a method
called backward search [22] to search an index based on the Burrows-Wheeler Transform
(BWT) [9]. Basically, it allows exact matches to be found before using a backtracking
procedure that allows the addition of some errors. Although this technique reports
extremely fast running times and small memory footprints, some data conÞgurations
lead to poor performances1.

Moreover, in order to speed-up computations, some methods restrict the type or the
number of errors per alignment to a few mismatch and indel errors.In the building
alignment process, computing the number of mismatches requires linear time, whereas
indel errors require more costly algorithms such as the dynamic programming techniques
used in the Smith-Waterman [74] or Needleman-Wunsch [59] algorithms. For instance,
MAQ, Eland and Bowtie do not allow gaps. EMBF [79], SOAPv1 and SOAPv2allow
only one continuous gap, while PASS, SHRiMP, BFAST and SeqMap [35] allow any
combination of mismatch and indel errors. In most applications, when reads are very
short, dealing with a restricted number of errors is acceptable. On the other hand, when
longer reads are processed, or when more distant reference genomes are compared, this
restriction may greatly a" ect the quality of the search.

4.1.1 Problem deÞnition

The mapping problem can be formally stated as follows:

Problem 1. Let R = { r1, r2, ...} and Q = { q1, q2, ...} be two collections of sequences,
usually referred to as reference and query set. For a given scoring functionF , Þnd
for every query sequenceqi the substrings of any sequence inR which maximizes the
optimal alignment scoreF (s, qi ).

1Bowtie online manual at http://bowtie-bio.sourceforge.net /manual.shtml speciÞes for example that
reporting multiple alignments per read or allowing more "backtracks" to be performed signiÞcantly slows
down the program.
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Additionally, users can impose a minimal alignment score, i.e a maximal number of
errors above which alignments are deemed not signiÞcant enough and not outputted.
Queries, also calledreads, can be as short as 36nt, however their length is rapidly
increasing. One particular issue is when a query aligns equally well to many positions
of the reference. In that case, it is di! cult for the mapping algorithm to choose one
position over another. The typical solution is to pick one randomly and warn the user
that the read is probably not correctly mapped. Errors in the alignment originate from
two sources: mutations between the sequenced chromosomes and thereference genome,
and sequencing errors.

4.2 State of the art

Alignments algorithms have to deal with millions of short sequences, and map them on
a reference sequence, which can be as long as several giga base-pairs (Gbp) in the case of
the human genome. This is a daunting task if data are not handled correctly. The key
is the use of data structures organizing the data. The data structures commonly used
can be grouped in two major categories: algorithm based on hash tables containing the
position of k-mers and algorithm based on su! x trees.

4.2.1 Seed Based Algorithms

Introduction

This is the most commonly used strategy. The idea behind this strategy is that a sig-
niÞcant alignment will include some region having an exact match between the two
sequences. More formally, al-nt long sequence withk di" erences from a reference se-
quence is guaranteed to share at least al/ (k + 1) long substring with the reference. The
alignment problem can then be reduced to the search for common substrings between
the query and the reference. This idea, initially developed in BLAST [4, 5], is imple-
mented by creating a hash-table containing the position of everyk-mer of a sequence.
The other sequence is then scanned: k-mers substringsÑalso called seedsÑare extracted
and looked up in the hash-table. A couple of matching seeds in the two sequences is
potentially the start of a good alignment, sometimes called ahit, or Candidate Align-
ment Location (CAL) [30]. This Þrst phase, calledseedstep, provides all potentially
homologous areas in the genome with a given query sequence. Each CAL generated by
the seedstep needs to be checked to know if a good enough alignment can be generated,
i.e. with an alignment score below a given threshold. This is called the extend step.
To include gaps, theextend step is carried out with a dynamic programming algorithm
(Needleman-Wunsh or Smith-Waterman). This approach provides high accuracy, but is
prohibitively expensive due to the high number of costly Needleman-Wunsh extensions
that have to be performed.

To tackle this issue, several approaches have been proposed. The Þrst idea is to
restrict the size of the candidate hit space, with an improvedseedstep.
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Reduction of the hit space

Spaced seeds Ma et al. [54] found that non consecutive matches, called spaced seed,
signiÞcantly increase sensitivity. The relative positionsof the k required matches are a
model, for example 110100110010101111.k is the weight of the spaced seed. Compar-
atively to contiguous seeds of same weight, spaced seeds both increase sensitivity and
decrease the average number of generated CALs. Patternhunter was the Þrst program
to implement such spaced seeds [54], and was followed by many other programs. In
particular, YASS [61] introduced a more elaborate model calledtransition-constrained
seedsdeÞned with a third symbol deÞning a match or a transition (mutation A ) G or
C ) T).
Eland (A.J. Cox, unpublished results) was one of the Þrst program able to quickly
map millions of short reads to the human genome. A set of 6 spaced seeds span-
ning the whole 32 bp alignment are used, designed to Þnd 32-bp alignments with at
most 2 mismatches. The idea is that if the alignment is dividedin four 8-nt long re-
gions, then any alignment with 2 mismatches will have at least two 8-nt long regions
which are perfect matches. There are

. 4
2

/
= 6 possible ways of choosing these two re-

gions, creating the 6 associated spaced seeds (i.e.11111111000000001111111100000000,
11111111000000000000000011111111, ...). The algorithm is however restricted to un-
gapped alignment of size 32bp.
SOAPv1 and MAQ [46, 44] then used the same idea. SOAPv1 added the possibility of
one continuous gap of size 1 to 3 bp, while MAQ extended the principle to be able to
align reads up to 128 nt-long with more than two errors. The search is restricted to
alignments with at most 2 errors in the Þrst 28 bp of the read. MAQalso introduced the
key concept ofmapping quality score, which is a measure of conÞdence a read actually
comes from the position found by the mapping algorithm. Such a mapping quality score
is now commonly provided by most mapping algorithms.
BFAST [30] also uses spaced seeds. Its design idea is to decrease the number of CALs
generated by the seed step with the use of large spaced seeds. In order to achieve high
sensitivity, a set of di" erent seeds is used, usually ten. The associated indexes are loaded
iteratively in memory to generate a list of CALs. Gapped alignment is then performed
with standard dynamic programming algorithm.

Multiple seeds A second idea is to generate CALs only when multiple seed matches
occurs. A large spaced seed of the form111111110000000011111111might seem similar
as it apparently also allows two distinct 8-nt seed matches. However it is in fact di" erent
as the spaced seed does not allow gaps to occur in the Õ0Õ regions, whereas the multiple
seed technique does. Multiple seeds are used for example in the SHRiMP and in the
LSPMUL algorithms [71, 17]. It is based on the observation thata l-long query string
with k di" erences from a reference sequence contains at leastl + 1 " (k + 1) w substrings
of length w in common with the reference sequence. In SHRiMP the reads are indexed,
then a window is moved along the genome. If a read is found to have more than
a speciÞed number of matches in that window then it is considered as a candidate
alignment location.
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Filter step

The last idea is to include an additionalÞlter step after CALs have been generated and
before they are checked by the costly dynamic programming algorithm used to obtain
the actual gapped alignment. The idea is to discards CALs with some computation
that is faster than the full dynamic programming. SHRiMP usesa vectorized Smith-
Waterman algorithm that computes only the score of the alignment, i.e. which does not
perform the traceback procedure providing the actual alignment. PASS [10] implements
another solution: a pre-computed table of all possible short words, aligned against each
other, is built to perform a quick analysis of the ßanking regions adjacent to seed words.
The number of errors in the ßanking region is directly given bythe pre-computed table.
If it is greater than the maximum number of allowed errors, the CALs can be discarded.
In practice PASS works on 7-nt long ßanking regions, resulting in a414 = 256 MB
pre-computed table.

4.2.2 Algorithms based on su ! x tries

The use of su! x/preÞx trees solves e! ciently the problem of Þnding exact matches. The
main advantage of this data structure is that multiple identical substrings occurring in a
sequence are grouped in a single path in the preÞx tree. This saves a lot of computations
compared to the hash table method where every copy in the reference need to be treated
separately. On the other hand, preÞx trees requires a lot of memory. However, the
backward search technique developed by Ferragina and Manzini [22] allows to mimic the
traversal of a preÞx tree without actually putting the tree inmemory, but just through
the use of the Burrows-Wheeler Transform of the sequence [9].This key innovation
enables programs to beneÞt from the fast resolution of the exact matching problem with
a very small memory footprint (between 2 and 3 Gb for the human genome).If an exact
match is not found with this procedure, the search is generally extended to strings with
some substitutions/indels. This approach is very e! cient when dealing with sequences
with a low error rate. This backward search method is used in BWA, SOAPv2 and
Bowtie [42, 47, 38].

4.3 Starting point

In [39] Dominique Lavenier proposed the ORIS algorithm based on theseed-extend
paradigm, aimed toward faster execution time, with a new way of manipulating seeds.
The key idea comes from the observation that a lot of time is spent when accessing
the index. Traditionally the reference sequence is indexed, then for each seed in the
sequence query, the index is looked up to get the list of occurrences of the seed on the
reference sequence. Since the index is large (several gigabytes) and accesses are random,
this results in many time consuming cache-misses. The ORIS algorithm was designed
to address this issue.

The principle is to order seeds such that memory accesses exhibit better locality.
The two sequence banks are indexed for contiguous seeds, thenseeds are enumerated in
a strict order. For each seeds, two setsQs and Rs of occurrences are obtained, one from
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the reference sequence (Rs) and one from the query (Qs). Each pair in the cartesian
product Rs $ QsÑrepresenting a candidate alignment positionÑis then extended to see
if it generates a correct alignment. By doing so every access to elements ofRs and Qs

happen in a short time: the algorithm exhibits goodtemporal locality. In the case of
gapped alignment, the extension is conducted with a dynamic programming algorithm to
obtain the exact alignment, i.e. the Needleman-Wunsch algorithm for a global alignment
of the query sequence.

However, this special seed ordering also raises new problems. Since an alignment can
be generated by di" erent seeds, a method to ensure unique alignments are generated
had to be developed. The binary encoding of the seeds providesa straight-forward strict
ordering of seeds. Then, when an alignment is generated with a seed s1 every potential
seeds2 able to produce the same alignment are compared tos1. If s2 < s 1 then the
alignment is discarded. Each alignment is uniquely generated by its lowest seed. The
drawback is that, in the case of gapped alignment, this check can only be conducted
after dynamic programming. This results in a waste of computation.

Lavenier reported a speedup of5 to 28 compared to BLASTN. The initial idea,
developed in the next section, was to capitalize from these good results to create a
new GPU-accelerated program, suitable for sequences generated by next generation
sequencing technologies, i.e e! cient for a massive number of short sequences. Several
levels of parallelization can be exploited: di" erent seeds can be computed in parallel, and
each seed generates a list of candidate alignment locations that can also be computed
independently. Moreover the good data reuse of the algorithmmakes it a priori a good
candidate for GPU implementation.

4.4 Preliminary work

Since the ungapped mapping problem was already tackled e! ciently with BWT ap-
proaches, whose GPU implementation seems problematic, the idea was to target gapped
alignments. Common techniques often restrict indels in the alignment to improve speed.
The goal is to Þnd whether GPUs are able to provide an e! cient algorithm for short
read gapped alignments.
As with every GPU implementation we Þrst need to: (i) proÞle theCPU sequential code
and identify the most time consuming sections; (ii) make sure those sections are really
needed and cannot be further optimized, (iii) identify a parallelization scheme suitable
for GPU. These points are examined in the three following paragraphs.

4.4.1 ProÞling of the sequential code

The program implementing the ORIS algorithm, referred to asPrototype_V0, presented
in [39] and based on theseed-extendparadigm, contains two major steps: (i) searching
for exact matchingseedsbetween the reference and the query sequences, (ii) computing
the full gapped alignment with the Needleman-Wunsch (NW) algorithm. Alignments
with a number of errors below a user-speciÞed threshold are then printed. It should
be noted that since both sides of a Candidate Alignment Location (CAL) need to be
extended, the number of NW algorithm instances isa priori twice the number of CALs.
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However, CALs can be discarded after the extension of only oneside if the one-sided
alignment already contains too many errors.

The code has been proÞled with a small test case of a 20 Mb reference sequence, and
one million query sequences of 36 bases. The program was run tooutput all alignment
with at most 2 errors. Results show that96% of total time was spent in the dynamic
programming part computing gapped alignment. More interesting, we also measured
a number of 1.4 $ 109 CALs generated by theseedphase,1.8 $ 109 instances of NW
computed, and3.4 $ 106 alignments outputted in 53 minutes. First, it shows that only
a small fraction (0.2%) of CALs generate good alignments. Most NW instances are only
used to see that a given alignment is not good enough and needs to be discarded. Do we
actually need to compute the full optimal gapped alignment to realize that? Probably
not.

Secondly, as1.8 = 1.0 + 2 á0.4 we can see that for1.0 $ 109 CALs only one side
of the seed was extended, after what the alignment was discarded. The fact that the
extension is split in two parts saves a lot of computation. Thesooner the algorithm
can discard an alignment, the better. This key observation can probably lead to further
optimizations, if we Þnd ways to split the extension in smaller parts and discard afalse-
positive alignment sooner. Hence, optimizations are needed before considering GPU
implementation. Parallelizing is good, but avoiding computation is even better.

PASS [10] followed a similar approach, as it uses pre-computed table corresponding
to the Þrst part of the dynamic programming algorithm. They discard alignments if this
Þrst small part already contains too many errors. However, PASS only checks at most
a 7 $ 7 sub-matrix. This is enough in the case of small 36 bp sequences, but ine" ective
when considering longer reads with higher error rates. Moreover, in PASS, the size of a
7 $ 7 lookup table is414 = 256 MB, as a score is memorized in a single byte. This Þts
into any computerÕs main memory, but not in the Þrst level CPU cache. Hence, random
access of the table, even if many computations are avoided, may still be costly. Our
idea was to extend further this method. The next section presents our new algorithm
using pre-computed tables.

4.4.2 Major optimization: Tiled-NW Þlter

A lookup table, calledPSTl for Precomputed Score Table, containing all the alignment
scores of all possible pairs ofl-nt long words is Þrst computed. PASS uses aPST7 to
analyze discrepancies near the 7-nt long ßanking region adjacent to the seeds. The bigger
the table, the better the Þltering. But unfortunately, the table grows exponentially
with l. To address this issue, the idea is to analyze discrepancies in a region of any
length thanks to the re-use of a smallPST4 table. The goal is to provide a lower
bound approximation of the real Needleman-Wunsch score along the whole alignment.
If estimated lower bounds are greater than the maximum number of allowed errors, then
alignments are eliminated. If not, alignments are passed to the next step.

The following values are used for the Needleman-Wunsh score computation: 0 for a
match, and 1 for mismatch and indel errors. Consequently, the Þnal score indicates the
number of discrepancies in the alignment.

DeÞnition 3. In the following we callsemi-globalalignment of two sequencesS1 and
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S2 an alignment that starts at the beginning of both sequences and includes the end of
one or the other sequence.

The PSTl contains the optimal semi-global alignment score of all42lpossible pairs
of l-nt long words. For two sequencesS1 and S2 of sizel, the strings participating in
the alignment are thereforeS1(1, i ) and S2(1, j ), with i = l or j = l. When seeing an
alignment as a path in thel $ l dynamic programming matrix, the score is the minimum
number of errors of any path starting at the top left corner and ending somewhere in
the right column or bottom lineÑonly the starting point of the path is constrained.

In the following, only the right side of the seed is considered, the processing of the
other side being symmetrical.

DeÞnition 4. We call TNWl (n) the score of a region ofn nucleotides which are adjacent
to the right of the seed and which are computed with aPSTl . TNW stands for Tiled
Needleman Wunsch. TNWl (full ) operates on the maximum length available, i.e. from
the right of the seed to the end of the query sequence.

DeÞnition 5. If S1 and S2 are the two sequences directly adjacent to the right of
the seed, we callPSTl (i, j ) the pre-computed NW score for the twol-nt long words
S1(i, i + l " 1) and S2(j, j + l " 1).

If Gm is the maximum number of allowed gaps,TNWl (n) is computed with the
following recursion:

If n ' l then
TNWl (n) = PSTl (1, 1) (4.1)

Else

TNWl (n) = min ( A, B, C ) (4.2)

With

A = TNWl (n " l) + PSTl (n " l + 1, n " l + 1)

B = min
1# s# Gm

(max(s, TNWl (n " l)) + PSTl (n " l + 1, n " l + 1 " s))

C = min
1# s# Gm

(max(s, TNWl (n " l)) + PSTl (n " l + 1 " s, n " l + 1))

Figure 4.1.B shows a graphical representation of this recursion.

The beginning of the recursion is straight forward: the alignment path must start
right after the seed. Hence,PSTl (1, 1) is the Þrst level. At the second level, theTWN
computation minimizes over all the di" erent points an alignment can go through when
exiting the Þrst sub-matrix.

Theorem 1. The scoreTNWl (n) is a lower bound of the score of the optimal semi-global
alignment of S1(1, n) and S2(2, n) computed by the Needleman-Wunsch algorithm.



4.4.2 - Major optimization: Tiled-NW Þlter 61

  A   A   C   G   A   T   A   G   A   G   C   G

A

A

C

G

A

T

G

A

T

C

G

A

  A   A   C   G   A   T   A   G   A   G   C   G

A

A

C

G

A

T

G

A

T

C

G

A

  A   A   C   G   A   T   A   G   A   G   C   G

A

A

C

G

A

T

G

A

T

C

G

A

0 1

0 0 1

1 0 1

1 0 1

1 0 1

1 0 1

1 1 1

1 2 1

2 2 2

3 3 2

3 3 2

4 3

A. Traditional banded semi-global alignment

A A C G A T A G A G C G
| | | | | |   | |   | | 
A A C G A T - G A T C G

Step 1 Step 2

Step 3

  A   A   C   G   A   T   A   G   A   G   C   G

A

A

C

G

A

T

G

A

T

C

G

A

Tiled Algorithm Computations:

Step 3:  
PST(AGCG,ATCG)=1
PST(AGCG,TCGA)=2
PST(GAGC,TCGA)=2

 Step 1:
 PST(AACG,AACG)=0 

error = min(1+1, 1+2, 1+2) = 2

Step 2:  
PST(GATG,ATAG)=2
PST(ATGA,ATAG)=1
PST(ATGA,GATA)=2
error = min(1+2, 0+1, 1+2) = 1

B. New Tiled Algorithm

error = 0

Alignment result : 2 errors

Figure 4.1. Computation of a semi-global alignment (only the query sequence needs
to be globally aligned), in the case of a maximum of 1 error.A. Dynamic Program-
ming. With 12-nt long sequences and a traditional dynamic programming algorithm,
cell calculations can be limited in a band, but there are still 34 cells to compute.B.
Tiled Algorithm. With a pre-computed table score of size4 $ 4, the tiled algorithm
is performed in only three steps. The Þrst step requires1 table access, while the second
and third steps both require 3 table accesses. Here, the score given by the tiled algo-
rithm is the same as the full dynamic programming algorithm - there are 2 errors in
the alignment. In the general case, the tiled algorithm only gives a lower bound of the
number of errors present in the alignment.
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Theorem proof is in appendix A.1.

Since the score is the number of errors in the optimal alignment (scoring scheme is
0 for a match, 1 for mismatch or indel), theorem 1 implies thatTNWl (n) is a lower
bound of the number of errors in the alignment.

TNWl (n) can therefore be used as a Þlter which will not decrease overallsensitivity:
if TNWl (n) is greater than the user-speciÞed maximum number of errors, we can safely
discard a CAL before computing its actual NW score, knowing forsure it would have
been eliminated anyway. The Þlter never eliminates CALs which could have produced
good alignments.

In other words, the theorem impliesTNWl (n) Þlter has 100 % sensitivity. It is an
essential point which greatly di" erentiates this approach to commonly used heuristics
where a speed/sensitivity tradeo" is involved. Here the approach increases execution
speed at no cost to sensitivity.

On the other hand, the Þlter does not have 100 % speciÞcity: as it computes a
lower bound, some CALs having more than the maximum number of errors will pass
the Þlter. Such CALs will be discarded by the next step of the algorithm: the dynamic
programming algorithm computing the exact number of errors in the alignment.

Complexity of the Þlter With a PST4 lookup table storing each score in a single
byte, memory storage is equal to64 KB. This small size allows thePST4 to Þt into a
CPU cache of todayÕs desktop computers.PST4 hence requires only a few clock cycles
to be computed.

In the general case, the number ofPSTl accessesNacc[TNWl (n)] needed for the
computation is in O(n). If Gm is the maximum number of allowed gaps, the exact
number of accessesNacc is given by:

Nacc[TNWl (n)] = (
0n

l

1
" 1) á(1 + 2 áGm ) + 1 (4.3)

The Þlter works with iterative l-sized levels. The Þrst one takes1 access, then
each following level requires(1 + 2 áGm ) PSTl accesses. Each new level Þlters more
and more false-positive alignments. LargePSTl tables lead to fewer levels and higher
speciÞcity, but they imply longer execution times since the number of memory cache
misses increases rapidly with bigger tables.

Implementation of the Þlter For each seed, in the index, the position and the
ßanking regions are binary encoded. Two 32-bit integers are required for the position:
one indicating the sequence number and the other its index. Up to 16 nucleotidesare
stored on the left and on the right of the seed in order to speed up the Þltering steps,
hence requiring 2 additional 32-bit integers. The total sizeof the index is therefore four
32 bit integers per seed, i.e a16áN bytes index with N the number of nucleotides in
the bank.
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The PST4 is constructed to take as input 2 binary encoded strings of 4 nucleotides.
Before computing the full NW alignment score,TNW4(16) is computed on each side of
the seed. The Þlter is therefore composed of 4 levels. After each level, the partial scores
TNW4(4), TNW4(8), TNW4(12), TNW4(16) are compared with the maximum number
of errors allowed to see if CALs can already be eliminated. The Þlter is therefore a series
of 4 Þlters. This exactly performs what we intended: the extension process is split in
small fast computed parts, and alignments are discarded as soon as possible.

4.4.3 Analysis

We implemented theTNW4(16) on CPU, in a program we will refer to asPrototype_V1.
The only di" erence withPrototype_V0 is the new Þlter.

We conducted a proÞling ofPrototype_V1 on the same small test case of sec-
tion 4.4.1. The 3.4 $ 106 alignments were now outputted in about 5 minutes, a10x
speedup compared to the Þrst non-Þltered version.

Out of the 1.4 $ 109 CALs generated by the seed step,13$ 106 (0.9%) passed the
TNW4(16) Þlter. ProÞling shows that70%of total time is spent in the Þltering process,
only 7% in the NW extension and most of the remainder in the indexing step. These
are indicative Þgures, indexing part would decrease when dealing with large data banks
(indexing complexity is O(N 1 + N 2) while alignment is O(N 1 áN 2) with N 1 and N 2
the size of the two banks), and Þltering percentage depends on the maximum number
of errors allowed.

These results nevertheless show that this Þltering step is anessential optimization,
and that GPU parallelization should focus on its parallelization. A GPU implementa-
tion without this Þltering step would be much easier since more regular. However, it
would be ine! cient considering the10x speedup Þltering already provides by TNW opti-
mization. The parallelization scheme seems straightforward: thousands of independent
seeds provide more than enough work for the GPU.

4.5 GPU approach

In this section, we explore the GPU implementation of the Þlter introduced in sec-
tion 4.4.2. On one hand, there is plenty of parallelism to exploit with good data reuse.
On the other hand, tasks than need to be executed on GPU cannot be mapped per-
fectly on a SIMD execution modelÑdi" erent instances of theTNW4(16) Þlter can stop
at di" erent levels. In this case, it is di! cult to predict the outcome of the GPU imple-
mentation.

4.5.1 Parallelization scheme

With w the size of the seed, there are4w seeds to enumerate. Each of them can be
computed independently, and will give two listsQs and Rs of occurrences, one from the



64 GPU approach

reference sequence, the other from the set of queries. Each pair in the cartesian product
Rs $ Qs represents a Candidate Alignment Location (CAL) that can alsobe treated
independently from each other.

We exploit both levels of parallelization: we issue one GPU threadblockper seed. We
choose to have bidimensional thread blocks ofBX áBY threads, with the TNW4(16)
Þlter of each CAL being computed by a single thread. TheBX áBY threads of a
block will iterate sequentially over the|Qs $ Rs| di" erent CAL generated by the seed.
Figure 4.2 shows a graphical representation of this parallelization scheme.

Data speciÞc to each occurrence of a seed are the two 32-bits integers representing
the two 16-nucleotides ßanking regions of a seed. Computation of the TNW4(16) Þlter
only requires these ßanking regions along with thePST table itself. Therefore the
GPU, computing only this Þlter, does not need access to the whole data bank, the index
containing the binary-encoded ßanking regions is enough. Each occurrence of a seed
is reused many times, allowing the two ßanking regions to be stored in the fast shared
memory.

Algorithm 7 GPU kernel code
1: BlockSize : Two dimensions = BX áBY
2: Block Assignment : Computation of TNW4(16) Þlter for every CAL generated by

seeds
3: Total number of blocks = number of seeds =4w

4: parameter: n (maximum errors allowed).
5: tx & threadIdx.x , ty & threadIdx.y
6: T1 & number of occurrences ofs in Bank1
7: T2 & number of occurrences ofs in Bank2
8: for i = ty, i ' T2, i = i + BY do
9: if tx == 0 then

10: Store occurrencei of s in Bank2 in shared memory
11: end if
12: for j = tx , i ' T1, j = j + BX do
13: if ty == 0 then
14: Store occurrencej of s in Bank1 in shared memory
15: end if
16: if TNW4(16){ CAL(i,j)} < n then
17: Push CAL(i,j) in result list.
18: end if
19: end for
20: end for
NB: Push result is done with an atomic incrementation of a global counter
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Figure 4.2. Parallelization scheme. Each GPU thread block is mapped to a single
seeds. A lookup in the index for seeds givesT1 occurrences in the reference andT2
occurrences in the queries. This produces a total ofT1áT2 candidate alignment locations
represented by thisT1 áT2 matrix. For each one theTNW4(16) Þlter is computed by
a single GPU thread. A thread block is aBX áBY sub-matrix. The whole space is
computed by a single thread block by sequentially moving theBX áBY sub-matrix
from left to right, then up to bottom. Data needed for each occurrence can be stored
in GPU shared memory. Data for occurrences in bank 2 are reusedT1 times while data
concerning occurrences in bank 1 are reusedBY times. For each cell, the outcome of
the TNW4(16) Þlter is a boolean value.

4.5.2 Key optimizations

PST table

The Þrst optimization to consider is memory access. Flankingregions are stored in fast
shared memory, but the PST table itself, simultaneously accessed by all threads, also
requires careful consideration. APST4 requires64 KB if each score is stored in a byte.
This is too large to Þt in the16 KB shared memory.

The Þrst idea would be to compress this table. First, the tableis symmetric,
score(S1,S2) equalsscore(S2,S1). Secondly, with the scoring scheme used and 4 nt-long
sequences, the score is in the range0" 4. We could clamp this range to0 " 3(resulting
in a decrease in Þltering power) and store each score with 2 bits. The overall size of this
compressedPST4 would then be 8 KB and would Þt in shared memory. This would
however render accesses to the table very clumsy.

The second idea, which we chose to implement, is to leave the table in global memory.
This could seem a bad idea, as this both causes a lot of latency and greatly reduced
peak bandwidth. However, (i) latency can be completely hidden if occupancyis high
enough, (ii) since the table will be Òout of cacheÓ anyway, we might as well have a bigger
table, PST6 or PST7, (iii) potential problem is memory bandwidth, but we cannot be
sure this will be a bottleneck before we try. Aside from the potential access latency
problem, a largerPST table is better since it allows the Þlter on the 16-nt region tobe
computed with fewer steps.

Respective sizes of tablesPST4, PST5, PST6, PST7 are 64 KB, 1 MB, 16 MB
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and 256 MB. We were surprised to observe that performance degraded signiÞcantly
with the use of the PST7 table. It seems that for the largePST7 stored in 256 MB
access latency doubled. This phenomenon, not documented by NVIDIA, is explained in
[13, 77]. Nearly double latency is observed when misses in theTLB 2 occurs. Random
accesses to a large256MB table are indeed susceptible to many TLB misses, hence the
PST6 was preferred.

Result storage

The second problematic point is how to transfer results computed by the GPU back to
the CPU. The result is a boolean value for each possible CALÑa CAL either passes the
TNW (16) Þlter or it does not. CALs that passes the Þlter needs to be extended with
the NW algorithm on CPU.

A naive solution would be to store the result in a large bit array and transfer it back
to the CPU. Considering that the Þltering rate on a typical testcase is about99%, this
would be ine! cient. It would require a lot of space, and the CPU would need to scan
the whole array to Þnd the1% cases passing the Þlter, a relatively costly operation.

Instead, we implemented another solution: the GPU outputs the list of all CALs that
pass the Þlter. Each CAL can be uniquely identiÞed by two 32-bits integers representing
the two occurrences of a seed. As this is only stored for1% instances, this still requires
less space and less bandwidth than a whole bit array containingboolean values.

This is implemented on GPU with the use ofatomic operations allowing all threads
to push elements in a shared list residing in global memory. Atomic operations have to
be used with care since they serialize computation. However,here, it is not a problem
as only1% threads actually use it.
Since CUDA code cannot dynamically allocate memory, we statically allocate at the
beginning a Òbig enoughÓ array which will be used to store the list. This can be prob-
lematic since we do not know for sure in advance what the Þltering rate will be, and
therefore how much space will be required. When the array is full, the GPU stops out-
putting CALs, resulting in a loss of sensitivity of the algorithm.

Needleman-Wunsch computation

For each CAL passing theTNW4(16) Þlter, we need to compute the true Needleman-
Wunsch alignment. ProÞling showed that this operation was about ten times faster than
the computation of everyTNW4(16) Þlter on CPU. Therefore, if computing the Þlter
on GPU and the NW extension on CPU, both operations should take roughly the same
time. We overlap the CPU computation of NW with the GPU computation of the Þlter.
This way, we exploit to its maximum the ressources of the hardware, and ÒhideÓ most
of the computation time of the NW computation.

2Translation Lookaside Bu! er, cache used by the memory hardware to improve virtual address
translation speed. TLB implementation on NVIDIA GPUs is studie d in [13, 77].
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4.5.3 Results

We call this GPU implementation Prototype_V1_GPU . We compared it to Proto-
type_V1 on various test cases. In the best scenario, we obtained a10x speedup. It
is a good result when considering that the parallelization isin contradiction with the
SIMD model. Since theTNW4(16) Þlter is in fact a series of 4 Þlters and execution can
stop at any level, di" erent threads will compute Þlter instances that do not stop atthe
same level. This results in many idle threads. The computationoverlap between CPU
and GPU dramatically helped achieve this10x speedup.

However, it is highly dependent on the data set and conÞguration. One major
problem is when dealing with longer reads or with higher error rates, which both leads
to a lower Þltering rate. In that case, (i) the part parallelized on GPU is less important,
resulting in a much lower overall speedup, (ii) the list storing CALs passing the Þlter no
longer Þts in GPU memory, resulting in a major loss of CALs and decrease in sensitivity.
We could implement the NW extension on GPU to improve overall speedup, but this
would not solve the ÒstorageÓ issue.

In its current development state, this GPU sequence alignment program only works
well on a small set of conÞgurations. Some more work could be done to improve it.
However, the work already done revealed that this Þltering scheme is not a good match
for GPU parallelization. In particular, the storage of elements passing a Þlter will always
be highly problematic.

Although it makes e! cient parallelization very di! cult on GPU, the Þltering ap-
proach is interesting, since it saves a lot of computation. Therefore, instead of trying
to improve its clumsy GPU implementation, we choose to develop the Þltering strategy
further, even if it means it will only work on CPU.

4.6 CPU approach

A CPU architecture is now targeted. Free of the constraints of GPU parallelization,
we can develop theÞltering strategy and bring it to a higher level. This lead to the
creation of a new short sequence alignment CPU program, referred to asGASSST3 in
the following.

4.6.1 Overview

We use a traditional anchoring method followed by a Needleman-Wunsch extension
step. However, fast computation is achieved thanks to a very e! cient Þltering step.
Candidate positions are selected through a carefully designed series of Þlters of increasing
complexity and e! ciency. There are two main types of Þlter. One is related to the
computation of an Euler distance between nucleotide frequency vectors as deÞned by
[79]. The idea is the following: if one sequence has, for example, 3 more ÕTÕ nucleotides
than another one, then the alignment will have at least 3 errors (mismatches or indels).

3Global Alignment Short Sequence Search Tool
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The other is the Þlter introduced section 4.4.2. It is now usedin di" erent forms:
it is not restricted to a 16-nt long ßanking region, but computed up to the end of the
query sequence. In this way, the Þlter is much more selective and discards a very large
number of false-positive CALs, thus drastically decreasingthe time spent in the Þnal
extend step.

GASSST algorithm has three stages: (1) searching for exact matchingseedsbe-
tween the reference genome and the query sequences, (2) quicklyeliminating hits that
have more than a user-speciÞed number of errors, and (3) computing the full gapped
alignment with the Needleman-Wunsch algorithm. These three steps are referred to
respectively asseed-Þlter-extend. The novelty of the GASSST approach relies on a new
highly-e! cient Þlter method.

4.6.2 Seed

First, contrary to Prototype_V1, we chose to move back to a single index scheme. The
double index scheme becomes ine! cient when dealing with gaps since it can detect
duplicate alignments only after dynamic programming. Moreover the double index
scheme does not make it possible to output only thek best alignments of a read.

On the contrary the single-index scheme can perform per-read operations that would
otherwise be impossible. It makes it possible to sort alignments of a given read according
to their similarity score and output only the k best, an essential feature for short read
mapping. E! ciently taking care of duplicate alignments is also much easier with the
single index.

GASSST creates an index of all possible k-mers in the reference sequence and then
iterates over every query sequence. For each read, every overlapping seed it contains is
looked up in the index to get a set of CALs.

The index contains a listL of all k-mers occurring in the reference sequence along
with their list of occurrences. For each k-mer occurrence in the reference sequence,
the index contains the sequence number, the position where itoccurs, and the ßanking
regions (binary encoded). Up to 16 nucleotides are stored on the left and on the right
of the seed in order to speed up the next Þltering steps. The size of this index is equal
to 16$ N bytes, with N the size of the reference sequence.

A structure is then needed to know, for a given k-mer, if it actually occurs in the
reference, and if yes, its position in the listL . For seeds shorter or equal to 14, this
information is stored in an array containing all possible4k k-mers. This is the fastest
way, although space-ine! cient. For k such that 4k >> Reference Genome Size only a
small subset of every possible k-mer actually occurs in the reference sequence.

When seeds longer than 14 are selected the algorithm uses a simple hash-table mech-
anism. A hash function associates to every k-mer a 28-bit key used to index a table
with 228 entries. By using a hash-function with a good scattering behavior, we expect
to have less than 10 collisions per entry with most reference sequences.

If large reference sequences which exceed the memory size areconsidered, a simple
partitioning scheme is provided; the reference sequence is split into as many parts as
necessary to Þt in the available RAM. Each part is then processed iteratively.
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4.6.3 Tiled-NW Þlter

We use the sameTNWl (n) as introduced in section 4.4.2. With di" erent values ofl and
n we have some variations of the Þlter. A 16-nt long seed ßanking region is stored in
the index, allowing computation of the Þlter to be fast forn ' 16. Additionally from
the already usedTNW4(16), we now also useTNW5(full ) which operates until the end
of the query sequence with a largerPST5 table. The objective of this second Þlter is
twofold. First, using PST5 instead ofPST4 shifts the starting position of the di" erent
levels of the Þlter. Since some potential mismatches are missed in these ÒjunctionsÓ
between levels4, using aPST5 allows errors that could have been missed with thePST4

to be detected. Secondly, computing the Þlter on the full length of the sequence, even
if it requires more computation, allows a larger number of false-positive CALs to be
discarded.

4.6.4 Frequency vector Þlter

The frequency vector Þlter of GASSST is the same as the one usedin EMBF [79]. The
idea is quite simple: if one sequence has, for example, 3 more ÔGÕ nucleotides than
another sequence, then their alignment will have at least 3 errors. If the user-speciÞed
maximum number of errors is 2, then the alignment can be directly eliminated.

For a sequenceS = s1s2...sn of characters in the alphabet" = { a1, a2, ..., ap} , the
frequency vectorF = { f 1, f 2, ..., f m } is deÞned as:

* i # [1;m] f i =
-

1# k# n

"sk ,ai (4.4)

With

"sk ,ai =
(

1 if sk = ai

0 otherwise
(4.5)

The Euler distance has to be computed on similar frequency vectors, i.e., referring
to sequences of equal length. The distance is computed with:

ECD (F, G) =
-

1# i # m

|ui " vi |
2

(4.6)

In GASSST, frequency vectors of sequences of up to 16 nucleotides on both sides of
the seed are computed. Actually, this value is often limited by the length of the reads,
and forbids vectors of the reference sequence to be computed once and for all. Indeed,
the size of subsequences for which the frequency vector is computed depends on the size
available on the read, which is often less than 16 for short reads and which is only known
at compute-time. The Euler distance is computed between the frequency vectors of the
read and the genome. If the result is greater than the maximum number of errors then
the alignment is discarded.

4See proof of theorem 1
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The computation of the frequency vectors is vectorized and quickly performed thanks
to the binary format of the seed ßanking regions. The frequency vectors and the Euler
distance computations are both vectorized to beneÞt fromvector execution units present
in modern processors. Since a 16-nt sequence is 32-bit encoded, counting the frequency
of a single nucleotide can be done with bit-level logical operations that operate on
traditional 32-bit words. The vectorization consists of simultaneously computing values
for the 4 nucleotides of the alphabet and operates on 128-bitwide words. The frequency
distance vectorized Þlter is referred to asFD-vec.

4.6.5 Filters combination

The goal of theÞlter step is to eliminate as many false-positive alignments generated
by the seedstep as possible, and in the fastest possible way. This is doneby ordering
the individual Þlters from the fastest to the most complex and powerful. Algorithm 8
shows the main computation loop of GASSST with the series of Þlters. TNW4(4) is
Þrst since it is the fastest. It requires only onePST4 table access, hence is computed in
only a few clock cycles. It is followed by the vectorized frequency Þlter that rules out
remaining false-positive alignments. Then a more thorough Þlter is used (TNW4(16)).
The last Þlter is aTNW5(full ) Þlter which is applied on the full length of the sequence
and with a PST5 in order to eliminate a maximum number of false-positive alignments.
It is computationally intensive, but it comes at the end when most alignments have
already been ruled out.

Finally, the true Needleman-Wunsch alignment is computed on alignments that go
through all Þlters. This combination of Þlters ensures an e! cient and fast Þltering in a
wide range of conÞgurations, from short to longer reads, with low or high polymorphism.

One important point is that these Þlters only discard alignments which are proven to
have too many errors and that would have been eliminated by the Needleman-Wunsch
algorithm. They never eliminate good alignments, hence theydo not decrease sensitivity.

Moreover, to reduce execution time, the search is stopped whena maximal number
of occurrences of a seed in the reference sequence has been reached. This kind of lim-
itation is present in most other aligners. The only di" erence here is that a threshold
is also checked in some stage of the Þltering process. The threshold is automatically
computed according to seed length and reference sequence size. Users can control the
speed/sensitivity trade-o" of this heuristic through a parameters in 0 " 5 which mod-
ulates this threshold.
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Algorithm 8 GASSST main computation loop
1: Input :
2: reference genome, short query sequences.
3: parameter: n (maximum errors allowed).
4: Pre-calculation :
5: Compute the reference genome index
6: for each query q do
7: for each overlapping seeds in q do
8: for each occurrenceo of s in reference genomedo
9: if TNW4(4){q,s,o} < n then

10: if FD-vec{q,s,o} < n then
11: if not isDuplicate{q,s,o} then
12: if TNW4(16){q,s,o} < n then
13: if TNW5(full ){q,s,o} < n then
14: if NW{q,s,o} < n then
15: Print Alignment {q,s,o}
16: end if
17: end if
18: end if
19: end if
20: end if
21: end if
22: end for
23: end for
24: end for
A triplet query, seed, occurrence {q,s,o} deÞnes a Candidate Alignment Location (CAL)

4.6.6 Duplicate alignments

Since every overlapping seed in a query is considered, a single alignment can be generated
multiple times by di" erent seeds of a same query sequence. For example, an alignment
of a 50 bp query with two mismatches contains at least nine 14-nt seeds in common with
the reference. If not detected early, this can dramatically increase computation time.
In GASSST, a simple mechanism is used: a bit array stores if each position has already
been tested for the query currently considered. The functionisDuplicate simply checks
this array to determine if a given position has already been tested, if yes the associated
CAL is discarded. The array is then reset to zero between each query. This mechanism
was not possible with the double-index model ofPrototype_V1 where the enumeration
was seed-ordered and not query-ordered.

4.6.7 Long reads

For long reads, the key is to use larger seeds. Larger seeds aremuch more selective and
lead to a much lower number of CALs. However, large keys can also lead to a lower
sensitivity in the presence of more errors. It is known that al-long alignment with
k errors (mismatches and gaps) contains at leastl/ (k + 1) consecutive bases. This is
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Figure 4.3. The Þgure shows, for 200-nucleotide long reads, the percentage of missed
alignments for a given seed length (y axis) and number of errors (x axis). Data is
computed with a uniform distribution of errors across the alignment. Below they =
200/ (x+1) curve (dashed region), we are sure not to miss any alignment. It is interesting
to see that if accepting to miss at most 1% alignments, we can select a much larger
seed that will result in dramatically faster execution. For example with 20 errors a
conservative choice would be a 9-nt long seed, while a 20-nt long seed will only miss
1% alignments with a uniform distribution of errors. In practice, the distribution of
errors is non uniform, resulting in an even lower miss ratio. GASSST includes a model
to automatically selects a good seed length, guaranteeing both fast execution and high
sensitivity, according to the read length and maximum number of errors allowed in the
alignment.

very restrictive, since this bound is attained when errors are equally scattered across
the alignment, which is in practice highly unlikely. We included in GASSST a simple
statistical model estimating a good seed size according to the read length and selected
error rate. For example, for a 200-bp read and 10% errors maximum, a conservative
approach would select a 9-bp long seed (200/21), whereas a statistical study shows that
if the 20 errors are placed randomly in the alignment, a 20-bplong seed will only miss
1% of total alignments. This phenomenon is more pronounced with larger reads, where
the probability of errors being equally scattered is less and less likely. Figure 4.3 shows
the percentage map of 200-bp long alignments missed by a seed of lengthl (y axis) in
the presence ofr errors (x axis).
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4.6.8 Extend

The extend step receives alignments that passed theÞlter step. It is computed using
a traditional banded Needleman-Wunsch algorithm. SigniÞcantalignments are then
printed with their full description. It should be noted that i f the Þlter step provides
good e! ciency, no optimization of theextend step is required. Indeed, if most false-
positive alignments have already been ruled out, theextend step should only take a
negligible fraction of the total execution time.

4.6.9 Task parallelism

The parallelization over multiple CPU threads is straight-forward: the loop over di" er-
ent queries (line 6 of algorithm 8) is split among the available CPU cores. It is conducted
with the Pthreads API. The only two critical sections of the code needing mutual ex-
clusions are (i) when the main thread gives tasks to worker threads, (ii) when worker
threads write results to the same Þle. This is not an issue with standard multi-core
platforms but might become a bottleneck with massively multi-core systems.

The indexing part is not parallelized. Thus, it can signiÞcantly decrease overall
speedup. It however becomes a negligible part when dealing with huge numbers of
reads.

4.7 Results

GASSST results are evaluated both on simulated and real data, and compared against
four state-of-the-art aligners. Performance and behavior of GASSST Þlters are also
analyzed in detail.

4.7.1 Implementation

GASSST is implemented in C++ and runs on Linux, and OS X. It beneÞts from
vector execution units with the use of SSE instructions, and is multi-threaded. It
performs accurate and fast gapped alignments and allows the user to specify the
number of hits given per read (" h option). GASSST outputs either the best align-
ments or all alignments. GASSST is distributed under the CeCILL software license
(http://www.cecill.info). Documentations and source code are freely available from the
following web site: http://www.irisa.fr/symbiose/projects/ gassst/.

4.7.2 Evaluated Programs

The performance of GASSST is compared with four other programs: PASS 0.74 [10]
BFAST 0.6.3c [30], BWA 0.5.7 [42] and SSAHA 2.5.2 [60].

PASS indexes the genome and scans reads. It uses a pre-computed Needleman-
Wunsch table to Þlter alignments before conducting the extension with a dynamic pro-
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gramming algorithm. BFAST is currently one of the most popular tools. It relies on
large spaced-seeds for a fast execution, and on many di" erent indexes for sensitivity.
SSAHA also creates a hash table of the reference genome to store occurences of seeds.
For each read a list of hits is created and sorted, then regions with enough hits are
aligned with a banded SW algorithm.

BWA uses another approach, based on the Burrows-Wheeler Transform, and is prob-
ably one of the fastest aligners to date for alignments with a low error rate. We also
tested the BWA-SW variant intended to work best for longer reads.

The computer used for the tests is an Intel Xeon E5462 with 32 GB RAM running
at 2.8 GHz. Although all programs tested are able to beneÞt from multi-threaded
computations, we choose to compare performance on a single thread, as it is enough to
assess their respective strong or weak points.

We ran experiments with real data sets to give an indicative behavior. Detailed
program analysis was conducted on simulated data where alignment correctness could
be assessed.

4.7.3 Evaluation on real data

Performance was evaluated on three real datasets of short reads obtained from the NCBI
Short Reads Trace Archive. The three sets contain, respectively, 11.9 million sequences
of 36 bases, 6.8 million sequences of 50 bases and 8.5 million sequences of 76 bases of
accession numbers SRR002320, SRR039633 and SRR017179. Theyare all aligned with
the whole human genome.

BWA short read aligner was run with default options, BFAST wasrun with its ten
recommended indexes and default options, GASSST and PASS were set to search for
alignments with at most 10% errors. SSAHA was not initially designed for short reads
and hence only tested with longer reads in section 4.7.4.

We measured the execution time and the percentage of mapped reads having a
mappinq quality greater than or equal to 20. The results are presented in Table 4.1.
For PASS which does not compute mapping quality, we measured percentage of reads
having a unique best alignment.

Evaluation on real data is di! cult since true alignment locations are unknown. How-
ever it is possible to compare results of di" erent aligners to estimate accuracy, as it is
done for BWA-SW evaluation in [43]. If an alignerA gives a high mapping quality
to a read and another alignerB Þnds an alignment at another position for that same
read with an alignment score better or just slightly worse, then A alignment is probably
wrong. A score for each read is computed as the number of matches minus three mul-
tiplied by the number of di" erences (mismatches and gaps). We say thatA alignment
is questionable if the score derived fromA minus the score derived fromB is less than
20. Since this evaluation method is approximate, a full evaluation was conducted on
simulated data in section 4.7.4.

On short 36bp reads GASSST performance is comparable to BWA. On longer 76 bp
reads both PASS anf BFAST execution time increases a lot. On the other hand, the
GASSST combination of Þlters still works well for the 76 bp dataset.
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Table 4.1. GASSST evaluation on real data

Read Software Index (s) Align (s) Q20% Q20
length Err rate %

36 bp GASSST 1712 3211 34.5 0.14%
BFAST 520800 17520 41.8 0.12%
BWA 5158 3739 35.4 0.17%
PASS 2312 5072 41.4* -

50 bp GASSST 1719 4090 73.7 0.04%
BFAST 520800 22799 80.4 0.10%
BWA 5158 3043 74.5 0.17%
PASS 2144 5384 79.3* -

76 bp GASSST 1701 8483 81.3 0.04%
BFAST 520800 161220 85.4 0.28%
BWA 5158 3101 86.4 0.53%
PASS 1951 118541 87.7* -

Datasets consisted, respectively, of 11.9, 6.8 and 8.5 millions of
reads of size 36, 50 and 76 bp, of accession numbers SRR002320,
SRR039633 and SRR017179. The three datasets were aligned with
the whole human genome. The time required to compute the
genome index is shown in column 3. For BFAST and BWA, the in-
dex was computed only once and stored on disk. Column 4 shows
the time required in seconds to align reads, running on a single
core of a 2.8 GHz Xeon E4562. Column 5 shows the percentage of
reads with a mapping quality greater than or equal to 20 (Q20).
Last column is the percentage of Q20 alignments that are probably
wrong given the results of other aligners: if a program gives ahigh
mapping quality to a read and another program Þnds a di! erent
alignment of similar alignment score for that read, then the Þrst
program is probably wrong. (*) Since PASS does not compute
mapping qualities, Þfth column shows for PASS the percentageof
reads with a unique best alignment, and error rate is not computed.

GASSST and PASS currently cannot store the index on disk, yet index computation
time is amortized when working on very large sets of reads. BFAST index time is very
long because it uses ten di" erent indexes and because its hash table relies on a sorted
list of k-mers, however they are computed only once.

4.7.4 Evaluation on simulated data

We simulated twelve datasets containing one million reads each from the entire human
genome, with lengths of 50, 100, 200 and 500 bp and with error rates of 2%, 5% and
10%. The error rate is the probability of each base being an error, twenty percent of
errors are indel errors with indel lengthl drawn from a geometric distribution of density
0.7á0.3l ! 1. BFAST is run with options " K 8 and " M 1280with ten indexes. GASSST
was tested in two di" erent conÞgurations, afast one with option " s 0 and an accurate
one with " s 3, which controls the speed/sensitivity trade-o" of the algorithm by setting
a maximum number of occurrences per seed. It is roughly the equivalent of options
" K and " M of BFAST. Other GASSST options such as seed length and maximum
number of allowed errors were tuned accordingly to the di" erent datasets. BWA and
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PASS options were also tuned to allow more mismatches and gaps when necessary, and
BWA-SW was run with default conÞguration. Finding the most e! cient set of options
for each program and each dataset is a lengthy process, so although we did our best
to tune options and provide a fair evaluation, in some cases di" erent options may yield
better performance. The results are presented in Table 4.2. Appendix A.2 gives the
detail of options parameters used.

For each run we reported accuracy, sensitivity and executiontime. A read is con-
sidered to be mapped if it has a unique best alignment. A mapped read is considered
correct if it is within 10 bases of the true location. We Þltered all alignments that had a
mapping quality less than 20, except for PASS which does not compute mapping qual-
ity. Sensitivity and accuracy are then respectively deÞned as the percentage of total or
mapped reads that are correct.

The execution time reported does not include index loading orcomputing phase.
Although this choice penalizes BWA, which is the only one not spending noticeable
time recomputing or reloading indexes, it is relevant since time spent for the index of
the genome is constant and is amortized when dealing with a verylarge number of reads.

Tests were also conducted with SHRiMP 1.3.1 but not included here since running
times were tens to hundreds of times larger than GASSST, rendering evaluation im-
practical. This corresponds to observations in other studies that had to extrapolate
SHRiMP running time [30].

With a low 2%error rate GASSST performance is comparable to BWA. For example
on short 50 bp reads, GASSST in fast mode obtained45.8%/ 99.2%sensitivity/accuracy
in 584 s compared to48.2%/ 99.2% in 792 s for BWA. For higher error rates GASSST
becomes better than BWA, for example on the 100 bp reads with10%error rate GASSST
obtained43.5%/ 97.5%sensitivity/accuracy in 3262s compared to7.3%/ 97.9%in 3364s
for BWA

On datasets simulated with a high10%error rate, GASSST consistently reports bet-
ter results than other aligners. For example on the 200 bp10%error data set, GASSST
was the only one able to provide high sensitivity and accuracy within a reasonable
amount of time.

On the 500 bp dataset, experiments are only conducted on GASSST, BWA-SW and
SSAHA2 since other aligners are not designed for this read length. They show that
GASSST still performs very well. For example, on the2% error rate data set, GASSST
obtained results comparable to BWA-SW. With10%error rate GASSST is 8 times faster
than SSAHA2 for similar results, whereas BWA-SW accuracy is dropping. BFAST is
e! cient on short 50 bp reads only, its execution time increases a lot for longer reads.
The ability to perform well on long reads is important since read lengths are following
an increasing trend.

BWA is e! cient only with low error rates, BFAST is e! cient only with short reads.
On the contrary, these experiments show that GASSST performs well on a wide range
of conÞgurations, as expected with the design of our series ofÞlters. This versatility is
the strong point of our approach.
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Table 4.2. GASSST evaluation on simulated data

Program Mode Metrics 50bp 100bp 200bp 500bp

2% 5% 10% 2% 5% 10% 2% 5% 10% 2% 5% 10%

GASSST fast Align sec 584 781 1720 794 981 1160 2030 2314 3051 6573 8453 11859
Sensitivity% 45.8 42.8 36.1 54.2 53.3 44.9 58.6 56.3 53.8 61.0 59.8 58.8
Accuracy% 99.2 98.5 93.8 90.5 89.4 86.9 91.9 91.5 89.7 93.0 92.8 91.7

GASSST accurate Align sec 1709 2741 4706 1290 1887 3262 3452 6173 8744 12864 18737 34222
Sensitivity% 46.7 44.6 37.5 51.0 50.3 43.5 53.4 52.8 51.7 57.5 55.7 55.5
Accuracy% 99.8 99.3 93.5 99.7 99.4 97.5 99.9 99.8 99.3 99.9 99.9 99.7

BFAST Align sec 2279 2044 1756 15263 15787 11452 - - - - - -
Sensitivity% 46.5 43.0 32.1 52.7 51.0 48.5 - - - - - -
Accuracy% 98.8 96.1 85.2 99.0 98.7 95.8 - - - - - -

BWA Align sec 792 1392 1572 1862 4941 3364 4660 2145 185 - - -
Sensitivity% 48.2 38.6 16.8 54.8 41.0 7.3 53.3 11.9 0.1 - - -
Accuracy% 99.2 97.4 93.5 99.7 99.0 97.9 99.8 99.6 96.7 - - -

BWA-SW Align sec - - - - - - 4699 3546 2365 13027 9646 7835
Sensitivity% - - - - - - 54.9 50.3 25.2 57.3 56.1 45.4
Accuracy% - - - - - - 99.4 96.9 85.7 99.2 96.8 85.2

SSAHA2 Align sec - - - 27740 41978 45295 22285 27504 65420 179095415252275622
Sensitivity% - - - 45.3 43.5 38.6 53.2 51.4 48.4 59.5 58.8 55.8
Accuracy% - - - 99.8 99.1 95.3 99.8 99.1 96.0 99.8 99.2 95.3

PASS Align sec 2012 2281 5085 14387 26033 30022 103338139436180943- - -
Sensitivity% 50.0 43.8 31.3 51.6 37.5 16.4 49.3 16.6 2.8 - - -
Accuracy% 96.6 93.2 82.4 98.5 94.0 86.8 97.2 93.6 92.4 - - -

Data sets containing one million reads each are simulated from the human genome with di! erent lengths and error rate.
Twenty percent of errors are indel errors with indel length l drawn from a geometric distribution of density 0.7á0.3l ! 1.
The alignment time in seconds only includes the fraction of the total time proportional to the number of reads, i.e,
not the time spent in computing or loading the index of the human genome, running on a single coreof a 2.8 GHz
Xeon E4562. Computed alignment coordinates are compared to the true simulated coordinates to Þnd sensitivity and
accuracy. Sensitivity is the percentage of reads correctlymapped, while accuracy is the percentage of mapped reads
that are correctly mapped. A read is considered mapped if it has a unique best alignment. A mappedread is considered
correct if it is within 10 bp of its true coordinates. We Þlter alignments having a mapping quality less than 20, except
for PASS, which does not give mapping quality.

4.7.5 Filter behavior analysis

We measured the Þltering power of the Þlter combination on thesame three datasets
of the section 4.7.3 to validate their e! ciency on di" erent conÞgurations. The allowed
similarity rate was set to 90% minimum so the number of allowed errors was 3, 4 and 7,
respectively. Other program options are possible and would result in di" erent behavior,
so the results presented here cannot be generalized and are only intended to provide an
indicative example.

Hits coming from theseedstep are pipelined through the Þlters. At each Þlter step,
we calculate the Þltering percentage of the individual step as well as the cumulative
percentage of hits Þltered so far. The Needleman-Wunsch alignment is seen as the last
Þlter and its result is also included. Table 4.3 shows the results. The Þrst thing that can
be noted is that in all cases the percentage of hits arriving at the Needleman-Wunsch
step is limited to 4.0% of the number of hits generated by theseedphase. This means
that without Þlters, this step would take at least 25 times longer. In the 36 and 50 bp
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data sets it is less than 1.0%, meaning the NW step would take at least 100 times longer
without Þltering.

Secondly, one interesting thing to observe is the number of false positive alignments
that passed the Þlters and still arrive at the Needleman-Wunsch step. The NW step
Þlters about 80% of incoming hits, meaning that previous Þlters have e! ciently ruled
out most false-positive alignments - one alignment out of Þve that enters the NW step is
valid. As expected, on the last dataset (7 allowed errors), the TNW4(4) Þlter e! ciency
is very poor since it can only manage a maximum of 4 errors on each side of the seed. In
the current implementation, this Þlter is deactivated when the number of errors exceeds
7. The Þltering rate can also be presented as a bar plot where thepercentage of total
CALs discarded by each Þlter is drawn, shown in Þgure 4.6.

Figure 4.4 shows the Þltering rate on the nine simulated data sets.

In the case of reads simulated with higher error rates, the program is set to allow
more errors in Þnal alignments. It is very clear that the series of Þlters behave di" erently
with di " erent levels of errors. As the error rate is increasing, the Þrst ÞltersTNW4(4),
FD-vec andTNW4(16) gradually Þlters less and less CALs. They can manage, respec-
tively, a maximum of 4,16 and 16 errors on each side of the seed. On the contrary the
TNW5(full ) Þlter still performs well for any level of errors. For low error levels very few
CALs pass the Þrst Þlters and reachTNW5(full ), hence it discards a low percentage
of total CALs. For high level of errors a lot of CALs pass the ÞrstÞlters and reach
TNW5(full ), hence it discards a higher percentage of total CALs.

It is also worth noting the amount of duplicate alignments that are discarded by the
isDuplicate Þlter. A l-long query string with k di" erences from a reference sequence
contains at leastl + 1 " (k + 1) w substrings of lengthw in common with the reference
sequence [11]. This is the number of duplicate alignments that are potentially generated
by our algorithm. We indeed observe in Figure 4.4 that the quantity of CALs discarded
by the isDuplicate Þlter is increasing for larger reads, and decreasing for higher error
rates. On the 500 bp data set with 2% errors and 20 bp long seed, the formula says
each alignment is generated by at least 280 di" erent seeds. It is therefore of the outmost
importance to quickly discards CALs generating duplicate alignments. Figure 4.4 shows
the isDuplicate Þlter discards nearly 80% of all CALs in this case.

These tests showed that (i) computing short or long reads, withlow or high level
of errors is radically di" erent, (ii) our series of Þlters performs very well on all di" erent
cases, the percentage of total CALs reaching the NW step is in the worst case 10% and
lower that 1% in the best case.

To complete this analysis, we measured the time spent insideeach Þlter. The program
was proÞled for a typical execution with the 50bp and 500bp dataset. For each step, the
computation time of a single hit in nano-seconds was measured. Figures are probably
not very accurate, however knowing the order of magnitude is already very interesting.
The results are shown in table 4.4. TheGeneral Overheadmostly represents the cost of
line 8 of Algorithm 8, which iterates through hits and loads the associated information.
The TNW4(4) Þlter takes only 5.8 ns, which represents, as expected, only afew clock
cycles of the processor. We can also verify that the Þlters are indeed ordered from the
most simple to the most complex.

For all simulated datasets, total execution time of each Þlter was also measured and
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Table 4.3. Filtering rate on three datasets

Data Set Filter Step Step Þlter (%) Total Þlter ( %)

36 bp T NW4(4) 54.9 54.9
FD-vec 61.6 82.7
Duplicate 57.9 92.7
T NW4(16) 84.9 98.9
T NW5(full ) 32.9 99.3
NW 81.2 99.9

50 bp T NW4(4) 12.1 12.1
FD-vec 57.3 62.4
Duplicate 49.7 81.1
T NW4(16) 84.9 97.7
T NW5(full ) 67.7 99.1
NW 86.9 99.9

76 bp T NW4(4) 0.0 0.0
FD-vec 4.2 4.2
Duplicate 75.1 76.1
T NW4(16) 26.6 82.5
T NW5(full ) 81.1 96.7
NW 82.2 99.4

The Þrst column gives the % of hits Þltered by a given Þlter.
The second column gives the total % of hits Þltered by the
sequence of Þlters. Reads were aligned with 10 % errors max-
imum, which means a maximum of 3, 4 and 7 errors, gaps or
mismatches, respectively. Figure 4.6 is a bar plot representa-
tion of the second column.

presented in Þgure 4.5. With low error rates the NW step takes less than 10 % total
time which validates the assessment formulated in section 4.6.8 that we do not need to
be concerned about its optimization. However, with high error rates it still represents
up to 40 % of total time and may thus beneÞt from further optimization.

The time spent in accessing the index is signiÞcantly higher with reads length+ 100,
where the seed length selected is+ 15. In that case the algorithm switches to a hash
table mechanism instead of direct table lookup, which explains this major di" erence.
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Table 4.4. GASSST Þlters execution time

Step 50 bp dataset 500 bp dataset
time for one hit (ns) time for one hit (ns)

General Overhead 13.9 860
T NW4(4) 5.8 -
FD-vec 22.4 24
T NW4(16) 78.5 % 300
T NW5(full ) 356.7 % 3000
NW 4486.5 % 135000

Average time taken by each Þlter step for one hit of 50-bp and 500-
bp query, in nano-seconds. Note that only the times ofT NW5(full )
and NW should actually depends on query size since the others only
work on a bounded size subsequence.
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Figure 4.4. Detailed Þltering rate of GASSST series of Þlters o n simulated
data sets . Data sets containing one million reads each are simulated from the human
genome with di" erent lengths and error rate. Twenty percent of errors are indel errors
with indel length l drawn from a geometric distribution of density0.7 á0.3l ! 1. The
series of Þlters is composed in this order ofTNW4(4), FD-vec, isDuplicate , TNW4(16),
TNW5(full ), NW . The percentage of total Candidate Alignment Locations (CALs)
discarded by each Þlter is represented as a bar plot. CALs passing all Þlters are correct
alignments and outputted. It should be noted that the cumulative Þltering rateof the
series of Þlter is very high, most of the time between 95 % and 99%. This is what makes
GASSST e! ciency: the costly NW algorithm is computed on a few number ofCALs
only.
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Figure 4.5. GASSST algorithm proÞle on the twelve simulated data sets. The Þgure
shows the percentage time spent in each part of the algorithm.

4.7.6 Hash table statistics

It is essential to check whether the hash function (used for seeds longer than 14 bp)
e" ectively scatters seeds well in the hash table. Since collisions are stored in a linked
list in each entry, if the average number of collisions for a seed isN then it takes in the
worst caseN steps to Þnd the seed in the index. IfN is large overall execution time
can be signiÞcantly increased.

In GASSST the hash function is a commonly used function consisting of a combi-
nation of xor, mult and shift on the whole input seed. The result is then truncated to
28 bits. We measured the behavior of the hash function on a 500Mb partition of the
human genome, and compared it to a simple hash function takingthe 28 Þrst bits of
the input seed, such as the one used in BFAST [30]. Since GASSST hash table has228

entries, the best case result would be to have an average number of1.86 collisions per
seed.

The results are presented in Table 4.5. The average number of collisions is 2.55, a
satisfying result. With the simple hash function, it is 11.2. In BFAST, this simple hash
function is used with an additional feature: seeds are sorted. It means that locating a
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Figure 4.6. Filtering rate on real data sets, consisting, respectively, of 11.9, 6.8 and 8.5
millions of reads of size 36, 50 and 76 bp, of accession numbers SRR002320, SRR039633
and SRR017179. The three datasets were aligned with the whole human genome. The
percentage of total Candidate Alignment Locations (CALs) discarded by each Þlter is
represented as a bar plot.
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Table 4.5. Hash Table statistics

hash function Collisions Seed 16 Seed 18 Seed 20

standard Average 2.22 2.52 2.55
Maximum 12 13 14

simple Average 4.2 7.5 11.2
Maximum 16 256 3650

Number of collisions in the index hash table with two dif-
ferent hash functions, on a 500MB partition of the human
genome. The simple hash function takes the 14 Þrst nu-
cleotides of the seed, while thestandard hash function is a
combination of xor, mult and shift operations on the whole
input seed, then truncated to the 28 Þrst bits.

seed can be done by bisecting the list of collisions. In BFAST,where the whole genome
is usually indexed entirely in one time, sorting seeds seems a sound choice to reduce
lookup access time.

However, with GASSST the genome is usually partitioned in smaller parts, for ex-
ample 500 millions nucleotides. With these relatively small partitions, sorting seeds is
inadequate: since (i) sorting seeds signiÞcantly increases indexing time (see indexing
time of the ten indexes of BFAST in table 4.1), (ii) using a good hash function renders
the bisecting procedure useless, aslog2(11.2) = 3.5 is still greater than 2.55.

4.8 Discussion

In this chapter, the goal was to Þnd whether GPUs were able to provide new fast algo-
rithms for short sequence alignment. We started from the ORIS algorithm developed
by Lavenier [39], and tried both a GPU approach and a CPU approach. The GPU ap-
proach gave some results, but not satisfactory enough. The CPU approach yielded good
results and lead to the creation of the GASSST program, whose results were published
in the Bioinformatics journal [68].

The evolution of the place of GPU along this work is very interesting. The starting
point was an algorithm with a very high level of parallelism, highly regular and with
good data reuse. Millions of costly instances of Needleman-Wunsch computations were
indeed conducted, with a good temporal locality coming from the ordered index seed
algorithm. That made it a priori a perfect match for a GPU implementation.
Then, from benchmarks to optimizations, we gradually realized it was beneÞcial to break
the regularity of the code to avoid a lot of computations. For some candidate alignment
locations, it is very easy to see that they will not generate good enough alignments, while
for others it is necessary to conduct a full NW extension to be able to make a decision.
Computation is then no longer regular: the di" erent CALs stop at di" erent levels in the
pipeline of Þlters, each CAL does not require the same amount of computation. With
a complex series of Þlters as the one used in GASSST, it appearsno longer possible to
implement an e! cient GPU code.
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The Þrst reason is that it is not possible to map a thread to a CAL since the com-
putation of di" erent CALs, stopping at di" erent levels of the sequence of Þlters, is not
in accordance with the SIMD GPU model. The other solution would beto compute
the series of Þlterslevel after level. In other words, compute in parallel for every CAL
the Þrst Þlter, store the list of CALs passing the Þlter, then compute in parallel the
second Þlter, and so on. This approach would Þt the SIMD model. However, that would
require storing the list of CALs passing each Þlter, which is highly problematic. Even
if a way was found to conduct it successfully, the overhead cost associated with this
operationÑabsent in the sequential CPU codeÑwould most probably seriously impact
the overall speedup of such a GPU implementation.
Therefore, it appears nearly impossible to obtain a good speedup with a GPU imple-
mentation of the GASSST algorithm in its current state.

The GPU approach we tried in section 4.5 was working on an algorithm already
halfway between the original regular ORIS algorithm and the Þnal GASSST algorithm
with his complex series of Þlters, i.e it was already using a Þlter. On one hand, bench-
marks showed that Þltering was essential; on the other hand it is what rendered the
GPU parallelization tricky. This illustrates well the dilemma we faced with the GPU
approach: is it better to parallelize the regular, ine! cient algorithm, or try to parallelize
the highly e! cient but irregular one ?
The answer here is that both options lead to a dead-end for GPU parallelization, as
(i) parallelizing the regular algorithm is useless, since its speedup compared to the se-
quential e! cient and irregular algorithm would be abysmal, (ii) as explained, the GPU
parallelization of the irregular algorithm seems impossible.

To conclude, GPU architecture seems not to be able to provide good speedup for
short sequence alignment, at least not for theseed-and-extendparadigm. On the other
hand, more optimizations are yet possible on the sequential algorithm.

Figure 4.5 shows that theGeneral Overhead, the cost of iterating through hits, can
represent up to a third of the total execution time. This reveals that for the simple
indexing scheme we use, our Þltering technique is close to the optimal solution, in
the sense that further improvements of Þlters would not bring much overall speedup.
However, combining state-of-the-art indexing techniqueswith our series of Þlters should
achieve better performance. We could, for example, replace our simple unique contiguous
seed index with spaced seeds or with the multiple indexing technique used by BFAST.
It would reduce the number of hits to explore, probably increasing performance even
further.

Moreover, GASSST currently uses a simple gap and mismatch scoring scheme,
whereas a! ne gap penalties are sometimes necessary. It could very easily be integrated
in the extendstep. Yet if the Þlter and extendstep uses di" erent scoring schemes, Þlters
will no longer be guaranteed to discard only false-positive alignments. This could be
a problem that needs to be investigated. Another solution would also be to include
a! ne gap penalties in theÞlter step. Although apparently problematic for our tiled
NW algorithm, approximate solutions might be designed and should be the focus of
future work.
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Chapter 5

General conclusion

5.1 Contributions

We contributed to two di" erent problems: computation of RNA secondary structures
and short sequence alignments.

For the RNA folding problem presented in chapter 3, we successfully developed a
GPU implementation yielding in the best case more than a100x speedup compared to
the standard Unafold sequential code. This was made possibleby a tiling technique ex-
posing good data locality. We also developed a new tiled and vectorized CPU program
running up to ten times faster than standard Unafold code. Our method was applied
to the computation of suboptimal foldings with Zuker algorithm, for which both GPU
and vectorized CPU programs were developed. We obtained similar speedup compared
to optimal foldings computation. Finally, we also explored the algorithm computing
the partition function. Both GPU and vectorized CPU codes were tried. However,
only the vectorized CPU program gave good results since the GPU available at that
time did not have enough double precision ßoating point capabilities required for the
partition function computation. The tiling scheme we developed provides a good ex-
ample of what needs to be done to exploit GPU to its full potential. Whereas our Þrst
untiled implementation was bandwidth limited, the tiled algorithm is limited by GPU
peak computational throughput. Similar techniques might be useful for other GPGPU
programs.

In chapter 4, the initial goal was to develop a GPU program performing fast gapped
short sequence alignment. It was a failure, but our work however lead to the development
of an algorithm computing an approximation of the NW algorithm. It allowed us to
develop a new approach to quickly Þlter candidate alignment locations. It lead to the
development of the GASSST software, a new program to align sequences on a reference
genome. GASSST provides signiÞcant advantages compared to other state-of-the-art
aligners: it works well on short and long sequences, with low or high error rates.
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5.2 Discussion

We focused our study on two di" erent problems: RNA folding and sequence alignments.
For the Þrst one, the GPU implementation was successful, whereas it was not for the
second problem. The Þrst issue with the sequence mapping problem for a GPU im-
plementation is that the problem has not reached ÒmaturityÓ. Many new aligners are
proposed every year, and still many new approaches are probably yet to be discovered.
In that sense the GPU implementation of this problem may have been conducted too
early. Moreover, the new approach we developed is not consistent with the SIMD model.
This is also a reason why the GPU implementation failed.

Those two di" erent problems provided an insightful view of GPU architecture. In
the next sections, we discuss what we learned and conduct our evaluation of GPU usage.

5.2.1 General design rules

It is very di ! cult to guess if a problem is going to beneÞt from a GPU implementation or
not. General rules can however be given. First, the problem should contain thousands of
independent tasks. Secondly, their should not be Òtoo muchÓdivergence within a warp.
Then, there should be some data locality to beneÞt from sharedmemory, and some way
to coalesce memory accesses. If all these rules are veriÞed,a GPU implementation will
probably yield a good speedup. However, in most cases at least one of these rules is
violated to some degree. It is very di! cult to determine a precise boundary, i.e. it is
di! cult to deÞne what is Òtoo muchÓ divergence. It is therefore di! cult to predict the
outcome of a GPU implementation.

The most important point to obtain an e! cient GPU implementation is to Þnd a way
to expose data locality. As explained in Chapter 1, the bandwidth to computational
throughput ratio implies that, in the best case, i.e when memory accesses are fully
coalesced, more than 20 operations need to be performed for each memory load/store in
order to reach peak throughput. Without good data locality,a program will inevitably
be bandwidth limited. Exposing data locality is harder than exposing parallelism. In
many cases, parallelism is natural or requires minor transformations of the code. On
the contrary, locality generally requires to drastically change computation order, and is
a concept more di! cult to grasp than parallelism.

5.2.2 GPU evaluation

Development time

The development time required for a GPU implementation is longer than what we
initially expected. The main reason is that there are numerous di" erent possible imple-
mentation options for a GPU program. First, a parallelization scheme has to be chosen.
What will be the task of a single thread? We can have many threads performing small
basic tasks, or fewer threads conducting more complex computation, i.e. Þne to large
grain parallelization. Secondly, the GPU kernel parameters: the number of threads per
block, and grid dimensionality. Then, the choice of memory space to use for the di" erent
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data needed by the algorithm: should it be placed in registers, shared memory, constant
memory, texture memory, global memory? Additionally, data packing and layout in
memory also has a crucial impact on memory bandwidth. To make things worse, all
these parameters deeply interact with each other, making theoptimization of a GPU
implementation a complex optimization problem with a very large search space. It is
di! cult to predict which choice will yield the best performance. Hence, the only way is
often to test and proÞle many di" erent options. ProÞling and tuning a program often
leads to a local optimum of this large search space, and is thereason why most of the
time subsequent optimizations are still possible.

All these optimizations aspects take time to master. Moreover, hardware is con-
stantly evolving and regularly provides additional options. A good implementation for
a given GPU might require modiÞcations to run best on newer generations.

In our opinion, GPU development takes signiÞcantly more timethan a vectorization
on CPU using SSE instructions, its main competitor. While SIMD on CPU requires
the programmer to explicitly handle vector length and may seem to be a lower level
interaction with the hardware, the Òoptimization search spaceÓ associated and hardware
aspects to master are in our opinion substantially easier than on GPU.

Execution speed

It is possible to claim large 100x speedups with GPU. Our RNA folding implementation
can be more than 100x faster than standard sequential Unafold code. However, when
comparing against well-optimized CPU codes, such speedups are not possible. In a fair
comparison, when using all cores of a CPU and the vector units, the speedup generally
lies in the range 2x-4x, according to a recent study [40]. Thisis also what we experienced:
our GPU code is only 2x faster than an 8 core system exploiting all cores and vector
units.

This speedup is lower than what we expected initially, but already a good result for
some critical problems. For example it is possible to Þt two GTX 295 GPU boardsÑeach
one containing in fact 2 single GPUsÑin a computer, totalizing the equivalent power of
64 cores of CPU for our RNA folding implementation.

It is interesting to compare how much of the peak throughput we were able to
harness for both GPU and CPU architectures. Let us consider theO(n3) tiled part
of the RNA folding computation. It uses simple arithmetic operations,min and + .
For those operations, GPU and CPU can theoretically deliver, respectively, a peak 320
GOPS for a GTX 280 and 12 GOPS for one core of a Xeon 3.0 GHz. Our codeachieved
90 GOPS on GPU, and 5.4 GOPS on the CPU., i.e.28% of the peak for GPU and45%
for CPU. However, as reported by Volkov and Demmel [77] and Leeet al. [40], GPU
performance is only66% of the peak when operands are in shared memory. This brings
the true GPU peak to 211 GOPS, and our implementation to43% of this optimum. This
Þgure is then very close to the percentage we get on the CPU with SIMD instructions.
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Cost

For standard GPUs, the initial cost is low: high end GPUs rarely exceed 500 euros. In
fall 2010, the previous example of two GTX 295 costs around 800euros total, much
less that what would cost 64 cores of CPU. Tesla versions, designed for reliability, are
however more expensive.

The relevant cost metric is the performance/watt ratio, as itdetermines the running
cost. Our code running on a Tesla C1060 is approximately12x faster than a single core
of a quad core Xeon E5450 running at 3.0 Ghz, i.e we would need 3 quad cores to have
same computational power. The Tesla C1060 TDP is 190W, while the quad core Xeon
TDP is 80W. In this case the GPU is therefore1.26x (80$ 3/ 190) more power e! cient.
Again, this is less than our initial expectations, but already interesting in the case of
large scale clusters.

When considering speciÞc sections of the code, the situation is di" erent. When
looking at the tiled O(n3) part alone: GPU performance reaches 90 GOPS while 1 Xeon
core with vectorized code gets 5.4 GOPS. Here, GPU is1.74x more power e! cient than
CPU. The reason is that in this part of the algorithm, we exposed good locality allowing
GPU to make full use of its execution units. In other parts of the code, the GPU is
bandwidth bound and less power e! cient, leading to the overall Þgure of only1.26x
more power e! cient for the whole program.

We are however aware that this crude comparison is partly ßawed. It is di ! cult to
provide a precise comparison with CPUs. CPU and GPU peak power consumptions are
provided by manufacturers. However, in the case of GPU, powerconsumption is for
the whole board, i.e. including memory and various control logic and transfer units.
On the contrary, for CPU, Þgures concern the CPU chip only. For a fair comparison,
consumption of CPU motherboard and main memory should be addedto some extent,
but di ! cult to evaluate.

Discussion

For our implementation of RNA folding computation exhibiting good data locality, the
GPU is very e! cient. When considering theO(n3) tiled part of the RNA folding com-
putation alone, GPU is16x faster than one core of a CPU using vectorized instructions,
a very good result. However, exposing good data locality is a di! cult task, and not
always possible. Moreover, with newer GPUs the peak computational throughput is
increasing faster than memory bandwidth. As a result, the ratio of operations per mem-
ory transactions required to reach full throughput is increasing, data locality is more
and more important. This means that it is getting more and moredi! cult to exploit
GPUs to their maximum.

In our opinion, GPU architecture is still interesting for the speedup of bioinfor-
matic problems, although not as much as initially expected. For dynamic programming
problems, our experience with the RNA folding computation showed that it is possible
to obtain good speedup even on complex cases. GPU should be able to yield good
speedup in other dynamic programming algorithms, although it may require substantial
transformations.
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Concerning sequence alignment and more generally sequence analysis, GPU e! ciency
is in fact not obvious. The Þrst reason is that most algorithmsdo not bluntly apply
some computation to every sequence of a data set. Instead, they usually rely on a
data structure to organize data and quickly access sequences of interest. Such data
structures are not well suited for GPUs: most of the time they require pointer-chasing
or random access of the memory, yielding low bandwidth on GPU. Secondly, as is the
case with our software GASSST, some schemes are suitable for task parallelism for a
multi core implementation, but not for a Þne grained data-parallelism required for a GPU
implementation. Task parallelism is almost always possible, whereas data parallelism
is in fact not always apparent in sequence analysis. Finally, in many cases getting the
exact result is not necessary, algorithms can a" ord to make approximations and use
lots of heuristics. Heuristics generally involve breaking the regularity of the algorithm
and introduce conditional branches, which decreases GPU e! ciency. For example for
the BLAST algorithm which uses heuristics to speed-up alignment, as far as we know
no e! cient GPU implementation has yet been achieved. The most recent attempt has
been made by Vouzis and Sahinidis [78], who report a 3.5x speedup at most. This is
of course not enough to justify the use of GPU. For the Smith Waterman algorithm
which is more regular since it does not use heuristics, GPU performance is better, as
detailed in Chapter 2. However even in that case a well-optimized CPU code using all
cores and vector units may be more interesting to use (Table 2.1). In our opinion, rather
than attempting GPU parallelization, work on sequence analysis should preferably focus
on the development of new e! cient algorithms. We believe there remain unexplored
approaches and data structures which could yield signiÞcantspeedup in this domain.

The lesson we learned is that in many cases, it would be better to start with a
vectorization on CPU associated with task parallelism to use all cores. CPU vector
units provide high computational power, and they are already present in all desktop
computers. In our opinion they can provide enough processing power to many high-
performance problems.

However, because of the convergence between GPU and CPU mentioned in chap-
ter 1, we also believe that a GPU implementation is never done totally in vain. Any
parallelization work conducted will eventually prove to be useful for the ever-increasing
level of parallelism needed to exploit CPU.

Moreover, conducting a GPU implementation provides in our opinion many edu-
cational beneÞts. First it forces programmers to conduct deep proÞling of the code,
generally leading to a high level of understanding of the algorithm. This in turn may
lead to subsequent optimizations and the development of new approaches. Secondly, it
forces programmers to understand well the GPU hardware and identify speciÞc hard-
ware bottlenecks. This knowledge is highly useful to program any high performance
architecture. Finally, it renders in comparison CPU parallelization seem relatively easy.

5.3 Future works

For the RNA folding problem, other tiling schemes might be developed, possibly yielding
better performance. ProÞling however showed that further optimizations should focus
on the computation of internal loops representing generally more than 40% of total
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time. Yet, it is unclear how much more performance is still left to exploit and we are
not sure if it is worth the e" ort, since our current implementation already provides
signiÞcant speedup compared to standard Unafold program. Instead, additional work
may be needed to implement more options or to explore other related algorithms, such
as computation of secondary structures including pseudoknots, or more representative
suboptimal foldings.

Concerning GASSST, it would still be possible to tweak Þlters:there are many Þl-
ters combination and parameters yet to explore. It would also be beneÞcial to include
a more e! cient indexing technique, for example with state of the art spaced seed meth-
ods. Then, the program still lacks useful functionalities, like the support of a! ne gap
penalties, paired-end reads and sequences in ABI color-space format.

For the short sequence mapping problem, there are still many approaches to explore.
Di" erent indexing methods need to be investigated. The use of seeds to generate can-
didate alignment locations is e! cient but we believe better schemes are possibles, that
have yet to be discovered.



Appendix A

A.1 Theorem proof

Theorem. The scoreTNWl (n) is a lower bound of the score of the optimal semi-global
alignment of S1(1, n) and S2(2, n) computed by the Needleman-Wunsch algorithm.

Proof of theorem 1. We make a proof by induction for everyn = k ál, with k # N.

¥ For k = 1, n = l we haveTNWl (n) = PSTl (1, 1). By construction PSTl (1, 1) is the
score of the optimal semi-global alignment betweenS1(1, l) and S2(1, l).

¥ We suppose the theorem true fork = p.
We now consider the optimal semi-global alignmentAopt betweenS1(1, (p + 1) l) and
S2(1, (p + 1) l).
It can be divided in two parts P1 and P2:
(P1) the semi global alignment betweenS1(1, pl) and S2(1, pl), and (P2) the rest of the
alignment.
The number of errors inAopt is the sum of its errors in P1 and P2. Moreover withGm

the maximum number of allowed gaps, any alignment, includingAopt, has (1 + 2 áGm )
possible ways out of P1, i.e. every possible exit point out of P1in a band corresponding
to the maximum number of gaps allowed.

Equation 4.2 iterates over all these possible ways of constructing Aopt. Variable s
represents the deviation from the diagonal of one possible exit point. For each possibil-
ity it computes the corresponding total score of the alignment as the sum of the scores
in the two parts P1 and P2. It Þnally takes the minimum of all these (1 + 2 áGm )
possibilities.

For every givens, we have:

Number of errors in P1 in equation 4.2 is computed asmax(s, TNWl ((p + 1) l " l)) .
As the theorem is true fork = p, TNWl (pl) is a lower bound of the number of errors
in P1. If the alignment Aopt passes through a points cells away from the diagonal then
the semi-global alignment ofS1(1, pl) and S2(1, pl) contains at leasts gaps. Therefore
max(s, TNWl ((p + 1) l " l)) is a lower bound of the number of errors in P1.
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Number of errors in P2 in equation 4.2 is computed asPSTl (pl + 1, pl + 1 " s). By
deÞnition PSTl (pl + 1, pl + 1 " s) is the optimal semi-global alignment score between
S1(pl + 1, (p+ 1) l) and S2(pl + 1 " s, (p+ 1) l " s), i.e. of any alignment either including
the end S1[(p + 1) l ] or the endS2[(p + 1) l " s].

Moreover, the semi-global alignmentAopt either includes the endS1[(p + 1) l ] or the
end S2[(p+ 1) l ]. If it includes S1[(p+ 1) l ] it may Þnish before or afterS2[(p+ 1) l " s].

¥ If Aopt ÞnishesbeforeS2[(p + 1) l " s] then it includes S1[(p + 1) l ] and PSTl (pl +
1, pl + 1 " s) is by PST construction the minimum number of errors ofAopt in P2.

¥ If Aopt Þnishesafter S2[(p+ 1) l " s] then PSTl (pl + 1, pl + 1 " s) is the minimum
number of errors ofAopt in P2 minus the number of errors contained in the part
of the Aopt alignment starting at S2[(p + 1) l " s]. It is therefore a lower bound.

Thereforemax(s, TNWl ((p+ 1) l " l)) + PSTl (pl + 1, pl + 1 " s) is a lower bound of the
number of errors ofAopt for s Þxed. The algorithm then takes the minimum over every
possibles, then TNWl ((p+ 1) l) is a lower bound of the number of errors of the optimal
semi-global alignment betweenS1(1, (p + 1) l) and S2(1, (p + 1) l).

A.2 Test Parameters

Program Option 50bp 100bp 200bp 500bp

2% 5% 10% 2% 5% 10% 2% 5% 10% 2% 5% 10%

GASSST fast -w 14 14 14 18 18 18 18 18 18 20 20 20
-p 94 90 82 96 91 85 96 92 86 97 93 87
-g 2 3 5 3 5 7 4 7 12 7 14 23
-s 0 0 0 0 0 0 0 0 0 0 0 0

GASSST accurate -w 13 13 13 18 18 18 18 18 18 20 20 20
-p 92 86 78 94 89 81 95 90 83 96 92 86
-g 3 4 6 4 6 9 5 9 13 9 16 26
-s 3 3 3 3 3 3 3 3 3 3 3 3

BWA -n def 5 5 def 7 7 def def def - - -
-o def 2 2 def 4 4 def def def - - -

PASS max_seed_hits 20 20 20 20 20 20 20 20 20 - - -
-pst 11 9 5 8 4 0 4 0 0 - - -
-Þd 94 90 82 96 91 85 96 92 86 - - -
-g 2 3 5 3 5 7 4 7 12 - - -

Program parameters. ÒdefÓ means with default program options.

Parameters set for each program and dataset for experiments on simulated data
corresponding to Table 4. BWA-SW and SSAHA2 were set with default options. Option
-454 was set for SSAHA2 for 100 and 200 bp reads. BFAST was run with its ten
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recommended indexes, with options -K 8 and -M 1280 for all datasets. PASS was run
with seed 111111101111111 and PST table W7M1m0G0X0.pst
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