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• Programação paralela é um paradigma de 
programação onde uma aplicação é quebrada 
em diversas entidades (processos, tarefas, 
threads, etc) que podem ser executadas 
simultaneamente.

• Esse paradigma existe desde a década de 
1960 e, apesar da evolução impressionante 
dos computadores, suas bases continuam as 
mesmas.

• O objetivo da programação paralela é obter 
resultados corretos de maneira rápida.

Introdução



• Na era dos multicores e aceleradores, a 
programação paralela tem um papel fundamental no 
sucesso de um projeto.

• Mesmo assim, uma parcela relativamente pequena 
dos programadores estuda essa importante área e, 
consequentemente, são produzidos programas de 
baixíssima qualidade.
– Produzem resultados errados e/ou

– Demoram muito tempo

• Dentre outras, a área de Bioinformática possui 
muitos problemas que podem tirar alto proveito da 
programação paralela.

Introdução



• Discorrer sobre os príncipios da programação 

paralela e apresentar estudos de caso em 

Bioinformática onde a aplicação paralela é 

composta:

• Tarefas independentes - Grid

• Tarefas dependentes 

– Placas gráficas – GPU

– Hardware reconfigurável – FPGA

Objetivo da Palestra
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• A aplicação paralela é composta de 

múltiplas tarefas, que podem ser:

– Independentes

• Bag of Tasks – BoT

– Dependentes

• de entrada e saída (workflow)

• na mesma etapa (communicating tasks)

Tipos de Aplicação Paralela



Tipos de Aplicação Paralela

tarefa

Bag-of-Tasks Workflow

2

1

dependência (comunicação)

as tarefas podem ser 

executadas em qualquer ordem

o input da tarefa 2 é 

o output da tarefa 1

Communicating

Tasks

As tarefas possuem um

fluxo de comunicação frequente

2

4 5

1



• Como as tarefas são independentes, o 

problema a ser enfrentado é garantir que a 

execução de todas as tarefas se complete 

rápido

– Mapeamento entre tarefas e unidades de 

processamento deve considerar balanceamento de 

carga

Aplicação BoT



• Deve ser garantido que as tarefas dependentes 

não usem dados que ainda não foram 

produzidos:

– Condição de corrida e sincronização

Aplicações com Dependência

T1

a = 1;

b = 1;

0

a b c d
0 0 0 T2

c = a;

d = b;

print (c,d);

Erro: pode ser

impresso 0,0/* sinaliza atualização */

/* espera sinalização */



• Deve ser garantido que a aplicação não vai 

ficar bloqueada eternamente em alguma 

execução.

Aplicação com Dependência

T1

a = 1;

b = 1;

0

a b c d
0 0 0 T2

c = a;

d = b;

print (c,d);

/* espera sinalização */



• Um bom programa paralelo vai se 

executar mais rápido que a versão 

sequencial, geralmente sem condição de 

corrida e com certeza sem deadlock.

– A sincronização faz com que o programa se 

execute mais lento

Programação Paralela



• O que fazer se o programa é estritamente 

sequencial?

– Executar em uma única tarefa ou

– Especulação

Programação Paralela

res = calcula(e);

print(res); 

T1

b = rot1(a);

c = rot2(b);

d =rot3(c);

e=rot4(d);

0

a b c d
0 0 0 …

T2

Observo que na maioria 

das vezes e=1

res=calcula(1);

/*espera o valor de e */

if (e ==1) /*acertei!*/

print(res); 

else /* errei… */

res= calcula(e);

print (res);
/* comunica o valor de e para T2 */
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Comparação Pairwise de 

Sequencias Biológicas

G A C G G A T T A G G A T C G G A A T A GS0 S1

G

G
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A
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match

-

T
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match
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-1

mismatch

T

T

+1

A

A

+1

G

G

+1

match

+6

escore

alinhamento

11 base pairs (BP)

O objetivo da comparação de duas sequências é 

produzir um escore e um alinhamento



• Smith-Waterman (SW) propuseram um 
algoritmo baseado em programação 
dinâmica que obtem o alinhamento local 
ótimo entre duas sequências de tamanho n 
em tempo e espaço O(n2).

– Os tempos de execução podem ser muito 
grandes e o uso de memória pode ser alto.

• Para comparar sequencias de DNA de 33 Milhões 
de caracteres x 46 Milhões, necessitaríamos de 12 
PB de memória e mais de 1.000.000.000.000 de 
operações

Comparação de Sequências

Smith-Waterman



• Dadas duas sequencias S0 e S1, onde |S0|=m e 
|S1|=n, a matriz de programação dinâmica Hm+1,n+1 é 
calculada com a seguinte equação:

   

H[i, j ] = max

H[i, j -1] - g

H[i -1, j ] - g

H[i -1, j -1]+ p(i, j )

0.

ì 

í 

ï 
ï 

î 

ï 
ï 

p(i,j) = ma, if s[i] = t[j]

mi, otherwise

Para calcular H[i][j], precisamos ter

H[i-1][j], H[i-1][j-1] and H[i][j-1] 

gap

match

mismatch

Algoritmo Smith-Waterman

Alinhamento Local



Algoritmo Smith-Waterman 

Exemplo

 - A T A G C T A 

 0 0 0 0 0 0 0 0 

A 0 ë 1 0 ë 1 0 0 0 ë 1 

T 0 0 ë 2 0 0 0 ë 1 0 

A 0 ë 1 0 ë 3 0 0 0 ë 2 

C 0 0 0 é 1 ë 2 ë 1 0 0 

G 0 0 0 ë 1 ë 2 ë 1  0 0 

C 0 0 0 0 0 ë 3 0 0 

T 0 0 ë 1 0 0 é 1 ë 4  ç2 

C 0 0 0 0 0 ë 1 é 2 ë 3 

T 0 0 ë 1 0 0 0 ë 2 é 1 

T 0 0 ë 1 0 0 0 0 ë 1  

 

escore

ótimo 

(traceback)

Local Alignment: 

A T A - G C T 

A T A C G C T 

 

pontuação: g=-2, mi=-1,  ma=1

S1

S0

primeira linha e

coluna são

inicializadas com

zero

max(2,-2,-2,0)



• Alinha fragmentos de subsequências.

• Também baseado em programação dinâmica, 

com complexidade de tempo e memória O(n2). 

•Com as sequências S0 e S1, duas matrizes são 
calculadas: score e prec.

score(i,j) = max { score(i-1,j), score(i,j-1), s(Di,j)}

s(Di,j) = maior cadeia de  

fragmentos que terminam

em (i,j)

Dependência similar ao Smith-Waterman

prec(i,j-1), if score(i,j)=score(i-1,j)

prec(i,j) =    prec(i-1,j), if score(i,j-1) < score(i,j) = score(i-1,j)

Di,j, if (score(i,j-1) and score(i-1,j)) < score(i,j) = s(Di,j) 

Comparação de Sequências

DIALIGN 



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

A
A

A
A

C
T

C
T

A
C

C
A

G
G

G
A

A
A

C
C

C
G

 

maior escore

Alignment:GCCCAACAGGGACAACCTCT----

GCCCAA-AGGGACC--CTCTAAAA

Algoritmo DIALIGN



Algoritmos Smith-Waterman e 

Dialign – Wavefront Paralelism

Paralelismo mínimo Paralelismo máximo

   

 

  

 

 

 

  

 

 

 

(i,j) depende de (i-1,j); (i-1,j-1) e  (i,j-1) 

Task1 

Task1 

Task2 

Task2 

Task3 

Task1 

Task4 

7 (4+4-1) antidiagonais



Table I
COMPARATIVE V IEW OF THE SW PROPOSALS FOR HPC PLATFORMS WITH MULTIPLE PROCESSING ELEMENTS

Ref. Type Comp. Work Assign Number of PEs GCUPS Max. Size

Aji(2008)[18] coarse/fine Fixed 14 × Cell/B.E.s 0.42 3,584

Chen(2005)[14] fine Fixed 18 × CPU Cores *0.37 132,290

Rajko(2004)[19] fine Fixed 60 × CPU Cores *0.25 1,100,000

Hamidouche(2013)[20] fine Fixed 6,144 × CPU Cores 15.50 24,894,269

Manavsky(2008)[8] coarse Fixed 2× GPUs 3.61 567

Saeed(2010)[9] coarse Fixed 4× GPUs 1.30 1,024

Blazewicz(2011)[10] coarse Self-Sched 4× GPUs 11.68 1,143

Ino(2012)[11] coarse Self-Sched 8× GPUs 64.00 367

Liu(2013)[21] coarse Fixed 4 × CPU Cores + 2× GPUs 185.60 5,478

Kopar(2013)[12] fine Fixed 2× GPUs *65.20 32,799,110

CUDAlign 3.0 fine Fixed 64× GPUs 1762.00 228,333,871

in 6 stages. Stage 1 corresponds to the first phase of SW

algorithm (Section II). It processes the whole DP matrix in

order to obtain the optimal score and its position, using the

affine-gapmodel (Section II). Stages 2 to 5 correspond to the

second phase of SW, where the DP matrix is reprocessed in

order to find the points that belong to the optimal alignment.

Stage 6 is used to visualize the optimal alignment.

The rest of this section focuses on Stage 1, the most

compute-intensive stage of CUDAlign [3] and the first

candidate to be adapted to multi-GPU platforms.

Thealgorithm receives sequences S0 and S1 as input, with

sizes m and n respectively. First, the DP matrix is divided in

a grid with n
αT

× B blocks, where B is the number of CUDA

blocks executed in parallel and T is the number of threads in

each block. Each thread is responsible to process α rows of

the matrix, so each block processes αT rows. Each diagonal

of blocks is called external diagonal and each diagonal of

threads, inside each block, is called internal diagonal.

To reduce theexecution timeof Stage1, two optimizations

were proposed [17]: Cells Delegation and Phase Division.

Cells delegation avoids the wavefront (Section II-B) to be

emptied and filled at each external diagonal calculation,

providing full parallelism during almost all the execution.

In order to do this, the GPU blocks have a parallelogram

shape, instead of the typical rectangular one. The next block

processes the pending cells of its left block. Additionally,

blocks in the right-most column delegate cells to left-most

blocks.

To avoid concurrency hazards, each external diagonal is

processed in two phases: short phase and long phase. The

short phase calculates the first T internal diagonals of the

block and the long phase calculates the remaining internal

diagonals of the block. Each phase corresponds to a kernel,

and a more optimized kernel is used in the long phase,

achieving faster execution time.

The memory accesses are designed to better fit in the

CUDA architecture. Two main data structures are used. The

horizontal bus is the area of the GPU global memory used to

store the last row of each block. This area is used to transfer

values to the block below, that will be processed in the next

GPU1 GPU2 GPU3 GPU4

Figure 4. Columns distributions for 4 GPUs.

external diagonal. The vertical bus is the area of the GPU

global memory used to store the last column processed by

each thread. This area is used to transfer values to the block

on the right, that will also be processed in the next external

diagonal. Besides that, CUDAlign uses the read-only texture

memory to read the input sequences more efficiently.

V. PROPOSED MULTI-GPU STRATEGY

CUDAlign 3.0 is an evolution of CUDAlign 2.1 (Section

IV) that uses multiple GPUs to parallelize the computation

of Stage 1. It parallelizes the computation of a single huge

DP matrix among many GPUs and the data dependency

between GPUs creates a path of communication between

them. Since CUDAlign 3.0 is not an embarrassingly par-

allel application, the computation/communication ratio was

carefully analyzed in order to produce good results.

The parallelization is done using a multi-GPU wavefront

method, where the GPUs are logically arranged in a linear

way, i.e, thefirst GPU is connected to the second, the second

to the third and so on (Figure 4). Each GPU computes a

range of columns of the DP matrix and the GPUs transfer

the cells of their last column to the next GPU. These cells

are computed by the short phase kernel (Section IV) and

stored in global memory for further transfer to thenext GPU.

Although the blocks have a parallelogram shape (Section

IV), the last column of each block is a straight line, so it is

rectified by the short phase kernel. This rectification permits

the communication between GPUs with equal or different

block sizes.

163

Task1 Task2 Task3 Task4

communication

computation flow

Algoritmos Smith-Waterman e 

Dialign – Block Wavefront Paralelism

Existem 32 (24+9-1) antidiagonais porém somente 4 tarefas



Comparação e Dobramento de 

Sequências:  Sankoff

(a) (b)

AAUGGCCCCGAGC- UGGGUA- - - CUCGGGGCCUGCACUCAGAGGGU- GGCGGUGGGAGGGGACUCACCGCC ( a)

. . . ( ( ( ( ( ( ( ( . . . . . . . . . . . . . ) ) ) ) ) ) ) ) . . . . . . . . . . . . . . . ( ( ( ( ( ( ( ( ( . . . . . . ) ) ) ) ) ) ) ) )

AAAGGGUCCG- - CCUGGGUAGUA- - CGGACCCUGCACUCAGAGGGUUGGCGGCGGGAGGGGUCUCGCCGCC ( b)

Figure 2: An RNA Structural Alignment example for two sequences from Rfam (RF01686) [3]. The dot bracket notation is

shown on top and thesecondary structure, composed of two hairpins and abulge, is shown at thebottom.

of subsequences A i ..j and Bk ..l . Sankoff [9] initially pro-

posed aset of recurrence relations that model theproblem of

minimizing the current energy. Later, these equations were

simplified and re-written in order to maximize the number

of base pairs. All of the current implementations based on

Sankoff employ variants of the same basic recursion equa-

tions [12]. In this work, we use the recursion presented in

Foldalign [4, 10] and FoldalignM [11]:

Si , j ,k , l =

max

8
>>>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>>>:

Si + 1, j ,k , l + γ (a)

Si , j − 1,k , l + γ (b)

Si , j ,k + 1, l + γ (c)

Si , j ,k , l− 1 + γ (d)

Si + 1, j ,k + 1, l + σ(A i , Bk ) (e)

Si , j − 1,k , l − 1 + σ(A j , B l ) (f)

Si + 1, j − 1,k , l + βA
i j + 2.γ (g)

Si , j ,k + 1, l− 1 + βB
k l + 2.γ (h)

Si + 1, j − 1,k + 1, l− 1 + βA
i k + βB

k l + ⌧(A i , A j , B k , B l ) (i)
m ax

i < m < j
k < n < l

{ Si ,m ,k ,n + Sm + 1, j ,n + 1, l } (j)

(2)

Terms (a) to (d) add an unpaired nucleotide aligned to

a gap. Terms (e) and (f ) add aligned unpaired nucleotides.

Terms (g) and (h) add a base pair in one of the sequences,

and a gap in the other. The term (i ) adds abase pair in both

structures to the alignment and the last term (j ) joins two

substructures into one to get amultibranched structure.

The Sankoff Algorithm for two sequences is depicted in

Algorithm 1. There are six nested ” for” loops (lines 1 to

4, 6 and 7), proportional to the size of the sequences. The

Algorithm 1 Sankoff Algorithm for 2 sequences

1: for i = L A ! 1 do

2: for k = L B ! 1 do

3: for j = i ! L A do

4: for l = k ! L B do

5: s  calculate scor e(i , j , k, l)

6: for m = i + 1 ! j do

7: for n = k + 1 ! l do

8: s  max(s, Si ,m ,k ,n + Sm + 1, j ,n + 1, l )

9: end for

10: end for

11: end for

12: end for

13: end for

14: end for

scores for matches, mismatches, base-pairs, and compensa-

tion scores are calculated in the line 5, using the recursion

function (Equation 2, terms (a) to (i )). After that (lines 6

to 10), the multibranched loop rule (Equation 2, term (j )) is

applied.

It is possible to represent the matrix S as two different

types of matrices: external (EM ) and internal (I M ). The

external matrix EM has LA columns and LB rows. Every

cell in the external matrix is an internal two-dimensional

matrix, called internal matrix, I M i ,k , each onehas i columns

and k rows.

Figure 3 shows the Sankoff dynamic programming ma-

trices for two sequences with 5 nucleotides. The matrix in

theleft is theexternal matrix, with size5x5. In therighthand

side, 25 internal matrices arerepresented, with sizes ranging

RNA 1

RNA 2

RNA 1 RNA 2

Dobra (fold) e alinha duas sequências de RNA 

simultaneamente em tempo O(n6) e memória O(n4)



Algoritmo Sankoff

(a) (b)

AAUGGCCCCGAGC- UGGGUA- - - CUCGGGGCCUGCACUCAGAGGGU- GGCGGUGGGAGGGGACUCACCGCC ( a)

. . . ( ( ( ( ( ( ( ( . . . . . . . . . . . . . ) ) ) ) ) ) ) ) . . . . . . . . . . . . . . . ( ( ( ( ( ( ( ( ( . . . . . . ) ) ) ) ) ) ) ) )

AAAGGGUCCG- - CCUGGGUAGUA- - CGGACCCUGCACUCAGAGGGUUGGCGGCGGGAGGGGUCUCGCCGCC ( b)

Figure 2: An RNA Structural Alignment example for two sequences from Rfam (RF01686) [3]. The dot bracket notation is

shown on top and the secondary structure, composed of two hairpins and abulge, is shown at the bottom.

of subsequences A i ..j and Bk ..l . Sankoff [9] initially pro-

posed aset of recurrence relations that model theproblem of

minimizing the current energy. Later, these equations were

simplified and re-written in order to maximize the number

of base pairs. All of the current implementations based on

Sankoff employ variants of the same basic recursion equa-

tions [12]. In this work, we use the recursion presented in

Foldalign [4, 10] and FoldalignM [11]:

Si , j ,k , l =

max

8
>>>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>>>:

Si + 1, j ,k , l + γ (a)

Si , j − 1,k , l + γ (b)

Si , j ,k + 1, l + γ (c)

Si , j ,k , l − 1 + γ (d)

Si + 1, j ,k + 1, l + σ(A i , B k ) (e)

Si , j − 1,k , l − 1 + σ(A j , B l ) (f)

Si + 1, j − 1,k , l + βA
i j + 2.γ (g)

Si , j ,k + 1, l − 1 + βB
k l + 2.γ (h)

Si + 1, j − 1,k + 1, l − 1 + βA
i k + βB

k l + ⌧(A i , A j , B k , B l ) (i)
m ax

i < m < j
k < n < l

{ Si ,m ,k ,n + Sm + 1, j ,n + 1, l } (j)

(2)

Terms (a) to (d) add an unpaired nucleotide aligned to

a gap. Terms (e) and (f ) add aligned unpaired nucleotides.

Terms (g) and (h) add a base pair in one of the sequences,

and a gap in the other. The term (i ) adds a base pair in both

structures to the alignment and the last term (j ) joins two

substructures into one to get a multibranched structure.

The Sankoff Algorithm for two sequences is depicted in

Algorithm 1. There are six nested ” for” loops (lines 1 to

4, 6 and 7), proportional to the size of the sequences. The

Algor ithm 1 Sankoff Algorithm for 2 sequences

1: for i = L A ! 1 do

2: for k = L B ! 1 do

3: for j = i ! L A do

4: for l = k ! L B do

5: s  calculate scor e(i , j , k, l )

6: for m = i + 1 ! j do

7: for n = k + 1 ! l do

8: s  max(s, Si ,m ,k ,n + Sm + 1, j ,n + 1, l )

9: end for

10: end for

11: end for

12: end for

13: end for

14: end for

scores for matches, mismatches, base-pairs, and compensa-

tion scores are calculated in the line 5, using the recursion

function (Equation 2, terms (a) to (i )). After that (lines 6

to 10), the multibranched loop rule (Equation 2, term (j )) is

applied.

It is possible to represent the matrix S as two different

types of matrices: external (EM ) and internal (I M ). The

external matrix EM has L A columns and L B rows. Every

cell in the external matrix is an internal two-dimensional

matrix, called internal matrix, I M i ,k , each onehas i columns

and k rows.

Figure 3 shows the Sankoff dynamic programming ma-

trices for two sequences with 5 nucleotides. The matrix in

the left is theexternal matrix, with size 5x5. In the righthand

side, 25 internal matrices arerepresented, with sizes ranging
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• PackageBLAST: compara uma sequência 

de proteína com um banco de dados de 

proteínas (composto de mais de 500.000 

sequências) em ambiente de grid 

heterogêneo (máquinas com configurações 

diversas) e não-dedicado (a tarefa remota 

compete pela CPU com as tarefas locais):

• Múltiplas políticas de alocação

• Uso de informação histórica

Estudo de Caso em Grid: 

Tarefas independentes



• Múltiplas políticas de alocação:

• Fixed: divide o número de tarefas pelo número de máquinas

• Pouca comunicação, baixo balanceamento de carga

• Self-Scheduling (SS): atribui 1 tarefa a cada máquina

• Muita comunicação, alto balanceamento de carga

• Entre esses extremos: TSS, GSS, FAC2, etc. 

Estudo de Caso em Grid: 

Tarefas independentes

20 tarefas

fixed
self-scheduling



• Uso de informação histórica: 

• Periodicamente as máquinas enviam 

informações sobre o avanço da computação

• W: número de notificações que devem ser 

levadas em conta

• W = 3: as três últimas notificações

• t: número de tarefas processadas antes de 

enviar uma notificação

• t = 2: ao processar duas tarefas é enviada uma 

notificação

Estudo de Caso em Grid: 

Tarefas independentes



• Arquitetura do PackageBlast

Estudo de Caso em Grid: 

Tarefas independentes



Publicações:

Journal J. Parallel Dist Comp Sys 2010 – A2 

Conferência ACM SAC 2006 – A1

Estudo de Caso em Grid: 

Speedup



Tarefa local de curta duração Tarefa local de longa duração

Estudo de Caso em Grid: 

Impacto das Tarefas Locais
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• Hardware programável (VHDL, Verilog, etc)

• Criação de um componente específico para 

execução de aplicações em hardware. 

FPGA (Field Programmable 

Gate Array)

*retirado de S. Brown, J. Rose, “Architecture of FPGAs and 

CPLDs”, IEEE Design and Test of Computers, 2002

FPGA



DIALIGN-Align 

Fase 1 – Obtem o escore

Celulas calculadas 

em paralelo

Menor sequencia escrita em FPGA

Maior sequencia passa

pelo FPGA

Foi projetado um vetor de 

elementos de processamento 

(PEs), chamados RRC

RRC

sincronização: cada passo

é executado em 1 ciclo 

de clock 



Diagonal que está

sendo calculada 

Escores já 

calculados

Fragmentos acima 

do threshold T

Verificação de

consistência

inconsistente

DIALIGN-Align 

Fase 1 

Projeto do RRC



DIALIGN-Align Fase 2 –Alinhamento

Cada RRC calcula 1 coluna

e guarda informações sobre

o maior escore da sua

coluna (especulação)

Na fase 2, os valores 

especulados são usados.

Em caso de erro,

reprocessa
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Circuito completo



DIALIGN-Align 

Resultados

Publicação:

IEEE Transactions Computers 2010 – A1
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• Programação Paralela: Visão Geral

• Comparação de Sequências Biológicas

• Tarefas dependentes com padrão wavefront

– Estudo de caso em FPGA: DIALIGN-Align

– Estudo de caso em GPU: CUDAlign

• Tarefas dependentes com padrão wavefront aninhado

– Estudo de caso em GPU: CUDA-Sankoff

• Conclusões e Trabalhos Futuros
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Progamação em GPU

• Em CUDA, temos um programa que roda em CPU e as 
rotinas invocadas em GPU são chamadas kernel.

• O mesmo kernel pode ser executado por vários blocos (B) 
que contém cada um várias threads (T). 

• Todas as threads de um mesmo bloco compartilham a 
shared memory (rápida).

• Todas as threads compartilham a memória global (lenta). 

• Os blocos são executados em paralelo (MIMD) e as threads 
de um mesmo bloco são executadas no modelo SIMT 
(Single Instruction Multiple Thread).

• Sincronização: 
– ao final da invocação do kernel

– Threads do mesmo bloco: __syncthreads



Arquitetura GPU NVidia Pascal
60 SMs cada um com 64 cores = 3840 cores

* Retirado de NVidia Tesla P100 white paper 



• Objetivo: comparar duas sequências de DNA muito longas 

em GPU com Smith-Waterman

– CUDAlign 1.0: escore em uma GPU 

– CUDAlign 2.0: escore e alinhamento em uma GPU 

– CUDAlign 2.1: escore e alinhamento em uma GPU com pruning

– CUDAlign 3.0: escore em várias GPUs

– CUDAlign 4.0: escore e alinhamento em várias GPUs

• Tese de Edans F. O. Sandes (Prêmio Capes de Tese na Área 

de Ciência da Computação 2016)

CUDAlign: Objetivo e Evolução



CUDAlign 1.0: 

Obtem o escore em 1 GPU
Retangulos: 

Abordagem tradicional

Condição de corrida Solução

Paralelogramo



function ProcessGrid (B,T,)

grid = (B,1,1);

threads = (T,1,1);

D = B + (m/T)-1;

for Dk = 0 to |D|+B-1 do

kernel.1 <<<grid,threads>>> (Dk);

kernel.2 <<<grid,threads>>> (Dk);

end for

max, max_pos = GetMaxScore();

return (max, max_pos); 

end function

short phase in GPU

long phase in GPU

CUDAlign 1.0: 

Invocação dos kernels em GPU



CUDAlign 1.0: Resultados

Comparison

8600 GT GTX 280

Time MCUPS Time MCUPS

128K × 128K 8.6s 1895 1.1s 15277

256K × 256K 34.1s 1923 3.7s 17837

512K × 512K 2min15s 1939 13.7s 19147

1000K × 1000K 8min34s 1947 50.6s 19773

2000K × 2000K 34min10s 1951 3min19s 20106

3147K × 3283K 1h28min11s 1953 8min32s 20196

5227K × 5229K 3h53min2s 1955 22min28s 20278

7146K × 5227K 5h18min40s 1954 30min41s 20289

23012K × 24544K - - 7h42min10s 20367

32799K × 46944K - - 20h59min31s 20375

Publicação:

Conferência ACM PPoPP 2010 – A1



CUDAlign 2.0: 

Escore e alinhamento em 1 GPU

(a) Stage 1 finds the best
score and its position. Special
rows are stored on disk.

(b) Stage 2 finds crosspoints
between optimal alignment
and special rows. Special
columns are stored on disk.

(c) Stage 3 finds more
crosspoints over special rows
stored from previous stages.

(d) Stage 4 executes Myers
and Miller’s algorithm be-
tween each successive cross-
points.

(e) Stage 5 obtains the com-
plete alignment between each
successive crosspoints.

Figure 4. Execution of each stage until obtaining the full alignment

Figure 7. Orthogonal Execution. The conventional thread execution (on
left) fully processes both halves of the matrix. Using orthogonal thread
execution (on right), the threads can stop execution as soon as the matching
goal is found. The gray area is not processed, reducing the execution time.
Note that orthogonal execution is only possible if the matching goal is
known.

!
"#

$
%

&'

! "#$%&(

)*+, -

Figure 8. Detail on the orthogonal matching procedure between the
forward alignment (stage 1) and the reverse alignment (stage 2).

in the same horizontal direction of Stage 1, Stage 2 calcu-

lates vertically, as illustrated in Figure 7. This technique is

called orthogonal execution and its goal is to reduce the area

processed until the matching occurs. Note that the matching

procedure is executed for each block, so it does not wait for

the full computation of the bottom area. Figure 8 shows in

detail the matching region.

The vectors that are compared in the matching procedure

are the nearest special row (forward) and the vertical bus of

the last block of Stage 2 (reverse). Nevertheless, the vertical

bus stores the last internal diagonal of the block (Section

III-C). So the vertical bus had to be rectified in order to the

matching procedure be correctly executed. This correction

is made in the short phase, where the last cells of the last

block are saved before starting a new line. The vector used

to store the last cells values is called rectified vertical bus.

Whenever a match occurs, a new crosspoint is registered

and the reverse matrix computation restarts from that point.

So, the next special row is loaded and a new iteration of

Stage 2 is done until it founds a new crosspoint again. At

each iteration, the goal score must be updated to the value

found in the special row. If there is a gap in this crosspoint,

the F matrix value is taken, or else the H value is taken.

This procedure is repeated until the goal score is zero.

Stage 2 does not compute the full DP matrix, but only

the cells near the optimal alignment. Approximately, the

area processed is the size of the flush interval multiplied

by the size n of the sequence S1. So, the processing area is

inversely proportional to the number of special rows saved

in Stage 1.

3) Differences fromStage1: UnlikeStage 1, that searches

the value of the best score, Stage 2 just needs to find out

where the best score happens in the reverse DP matrix.

That position is the start point of the alignment. As an

optimization, this check is made only when the reverse

alignment is near to its end, and that happens when the

goal score can be found in a position below the next special

row. When the goal score is found in the reverse matrix, this

position is the start point of the forward alignment and the

Stage 2 finishes execution.

Another modification in Stage 2 compared to Stage 1 is

that the DP computation is based on the global recurrence

equation, instead of the local recurrence that is executed in

Stage 1. This requires a proper initialization before each

iteration of Stage 2. When the previous crosspoint is a

gap, the initialization must be adjusted not to consider a

duplicated gap open penalty.

All the Stage 1 optimizations are also applied in Stage 2.

The Cells Delegation, the Phase Division and the Memory

Access Design are executed in the same way, but the

! &$5! &$5

much smaller then the available disk space used for the

constant |SRA|.

V. EXPERIMENTAL RESULTS

CUDAlign 2.0 was implemented in CUDA 3.1 and C++

and tested in an NVIDIA GeForce GTX 285. This board has

1GB of memory, 30 multiprocessors and 240 cores. It was

connected to an Intel Pentium Dual-Core 3GHz, 3GB RAM,

250GB HD, running Ubuntu 10.04, Linux kernel 2.6.32.

The Smith-Waterman parameters were set to: match:

+ 1; mismatch − 3; first gap: − 5; extension gap: − 2. The

execution configurations used for GTX 285 were α = 4,

B1 = 240, T1 = 26, B2 = B3 = 60 and T2 = T3 = 27. The

number of blocks may be reduced during runtime in order

to satisfy the minimum size requirement in each stage. Note

that the number of blocks must be preferably a multiple

of the number of multiprocessors (30 for GTX 285). By

doing this, a better performance can be achieved because

the multiprocessors do not become idle when they reach the

end of an external diagonal.

A. Execution Times and GCUPS

Our tests used real DNA sequences retrieved from the

NCBI site (www.ncbi.nlm.nih.gov). The names of the se-

quences compared, as well as their sizes, are shown in Table

II. The sizes of these real sequences range from 162 KBP

to 47 MBP and the sequences are the same used in [13].

For all pairs of sequences shown in Table II, Table III lists

the best score, its end and start positions, the length of the

optimal alignment, the number of gaps found, as well as the

number of cells processed in Stage 1. Note that the score

for the 32,799KBP⇥46,944KBP comparison is 27,206,434,

which indicates that the optimal alignment is huge.

An usual performance metric for Smith-Waterman imple-

mentations is the number of cell updates per second (CUPS),

that is calculated with the formula m n
t⇥109 where m and n are

the sizes of both sequences S0 and S1 respectively. Table IV

presents the execution times and MCUPS of Stage 1, with

and without flushing special rows to disk. Note that, for

long sequences, the overhead is about 1% of the execution

time, which we consider very low. In these tests, the size

of the SRA was chosen empirically. The results without

flushing rows are basically the ones presented in [13], but an

increased overall performance was noted due to the higher

version of the CUDA Platform SDK (3.1 compared to 2.2).

Table V shows the execution time for all the sequences

and all the stages on GeForce GTX 285. Note that when

the length of the optimal alignment is small, the runtime

of Stages 2, 3, 4 and 5 are negligible, as can be eas-

ily seen in comparisons 162K⇥172K, 543K⇥536K and

7146K⇥5227K.

Figure 11 shows the wallclock execution times for

CUDAlign 2.0 vs. DP matrix size (number of cells

calculated) in logarithmic scale. This shows the scalability

Comparison
No Flush Flush

Time MCUPS SRA Time MCUPS

162K⇥172K 1.4 19769 5M 1.5 18678
543K⇥536K 12.9 22545 50M 13.6 21419

1044K⇥1073K 48.3 23205 250M 51.6 21706
3147K⇥3283K 436 23706 1G 448 23035
5227K⇥5229K 1147 23822 3G 1185 23068
7146K⇥5227K 1568 23816 3G 1604 23282

23012K⇥24544K 23620 23911 10G 23750 23780
32799K⇥46944K 64507 23869 50G 65153 23632

Table IV
RUNTIMES (IN SECONDS) OF STAGE 1 OF CUDALIGN 2.0 FLUSHING

SPECIAL ROWS TO DISK . THE OVERHEAD OF SAVING SPECIAL ROWS

DEPENDS ON THE SIZES OF THE SRA AND THE SEQUENCES.

Comparison
Stages

Total
1 2 3 4 5+6

162K⇥172K 1.5 <0.1 <0.1 <0.1 <0.1 1.8
543K⇥536K 13.6 <0.1 <0.1 <0.1 <0.1 13.9

1044K⇥1073K 51.6 3.1 1.0 5.4 0.1 61.6
3147K⇥3283K 448 0.1 <0.1 0.3 <0.1 449
5227K⇥5229K 1185 65.9 20.3 47.6 1.9 1321
7146K⇥5227K 1604 <0.1 <0.1 <0.1 <0.1 1605

23012K⇥24544K 23750 0.3 <0.1 0.7 <0.1 23755
32799K⇥46944K 65153 805 236 376 9 66579

Table V
RUNTIMES OF EACH STAGE OF CUDALIGN 2.0 ON GTX 285 VARYING

THE COMPARISON SIZE. THE TOTAL TIME INCLUDES ALL THE STAGES

AND THE I /O OF READING THE SEQUENCES.

of our approach with almost constant GCUPS for megabase

sequences. Note that, for sequences longer than 3 MBP,

CUDAlign 2.0 is able to achieve a sustained performance

of 23 GCUPS when running at the GTX 285 board.

The execution times obtained by CUDAlign 2.0 were

compared to the Z-align cluster solution [19], which is, as

far as we know, the only CPU cluster solution that is able

to produce optimal pairwise alignments of huge sequences

(sizes greater or equal than 3 MBP each). Table VI presents

the execution times for Z-align (1 core), Z-align (64 cores)

and CUDAlign 2.0 (GPU). Thesameorganisms werealigned

by Z-align and CUDAlign. In this table, we also show the

impressive speedups achieved by CUDAlign 2.0 over Z-

align. Due to high execution times, the 5 MBP and 23 MBP

alignments were not executed with Z-align using one core.

Also, Z-Align was not able to align the human chromosome

21 with the chimpanzee chromosome 22.

Using only one core, Z-align aligned two 3 MBP se-

quences in 294,000 seconds (Table 3 in [19]) and using

64 cores, it aligned sequences of approximately 23 MBP

in 400,863 seconds (Table 3 in [19]). In the first case,

CUDAlign 2.0 obtained the alignment in 449 seconds (Table

V), resulting in a speedup of 654.79 over an one-core CPU

machine and, in the second case, the alignment was obtained

in 23,755 seconds, with a speedup of 16.87 over a 64-core

cluster. The maximum speedups obtained were 702.22 (1

core) and 19.52 (64 cores) when aligning sequences with,

respectively, 3 MBP and 500 KBP. These results clearly

! &$'! &$'

CUDAlign 2.0: Obtenção do alinhamento 

32MBP x 47 MBP em 18.5 horas

Estágio1 - GPU Estágio2 - GPU Estágio3 - GPU Estágio4 - CPU Estágio5 - CPU

escore alinhamento

Execução ortogonal

Publicação:

Conferência IEEE IPDPS 2011 – A1



CUDAlign 2.1:  Escore e 

alinhamento em 1 GPU com pruning

Publicação:

IEEE Transactions Par Dist Syst 2013 – A1

CUDAlign 2.1: Obtenção do alinhamento 

32MBP x 47 MBP em 8.09 horas

(14.96 horas sem block pruning)

Block pruning



CUDAlign 3.0: Obtenção do Escore 

32MBPx47MBP com 16 GPUs em 1.18 hora

CUDAlign 3.0:  Escore em 

várias GPUs

Publicação:

Conferência IEEE/ACM CCGRID 2014 – A1



CUDAlign 4.0:  Escore e 

alinhamento em várias GPUs

• Desafio: 

• Paralelização de código inerentemente 

sequencial (Estágio 2 do CUDAlign)

tempo1

tempo2
tempo3

…
Solução: 

Especulação, onde o 

valor especulado é o 

valor mais alto 

calculado pela GPUx-1

no estágio 1

Gx
Gx-1

GPUx-1 só começa a execução

quando a GPUx calcular o crosspoint



Sem especulação Com especulação

CUDAlign 4.0:  Incremental 

Speculative Traceback (IST)



Chr5: 58.46 minutos para 2.78 minutos

speedup IST

CUDAlign 4.0:  Escore e 

alinhamento em várias GPUs



Publicação:

IEEE Transactions Par Dist Syst 2016 – A1

Alinhamento ótimo do 

Cromossomo 1 homem X

Cromossomo 1 chimpanzé

GCUPS: Billions of Matrix Cells Updated per Second

CUDAlign 4.0:  Escore e 

alinhamento em várias GPUs



• Introdução e Motivação

• Programação Paralela: Visão Geral

• Comparação de Sequências Biológicas

• Tarefas dependentes com padrão wavefront

– Estudo de caso em FPGA: DIALIGN-Align

– Estudo de caso em GPU: CUDAlign

• Tarefas dependentes com padrão wavefront aninhado

– Estudo de caso em GPU: CUDA-Sankoff

• Conclusões e Trabalhos Futuros

Agenda



CUDA-Sankoff

Matrizes Aninhadas

External Matrix (EM)

tamanho de 

cada matriz interna



CUDA-Sankoff

• Primeira vez que o algoritmo Sankoff é implementado em 

GPU

• Decisões: 

• Linearizar a matriz de 4D (i,j,k,l) para simplificar o acesso

• Paralelismo em wavefront hierárquico

wavefront

externo

wavefront

interno



CUDA-Sankoff

Resultados

Publicação:

Conferência EuroMicro PDP 2017 – A2

3). Our CPU solution was implementend in C++ and uses

OpenMP. In this solution, a pragma is added to parallelize the

loops in Algorithm 2, Lines 12 and 3. We also used dynamic

scheduling, so a thread can start and finish without waiting

for the other threads in the same loop. This is necessary

because every internal matrix has a different size and can

processed at different times. Current tools based on theSankoff

algorithm [4], [5] use an energy model to calculate the base-

pairs interactions and also use heuristics to reduce the time

and memory complexity, but the optimal result is no longer

guaranteed. For this reason, the execution times and results

from these tools cannot be directly compared to our solution.

TABLE I: Sequences used in the tests

RFAM Description Seq
id Size

RF01414 Class I non-coding RNA 46
RF00981 mir-939 MicroRNA 81
RF01735 SAM-I-IV variant riboswitch 100
RF01999 group II D1D4-2 intron 120
RF00290 BaMV cis-regularoty-element 140
RF02053 STnc430 Bacterial small RNA 160
RF01543 LSU rRNA eukarya 180
RF01788 drz-agan-2-2-riboswitch 201
RF02079 STnc180 Bacterial small RNA 214
RF01845 enod 40 non-coding RNA 239
RF02365 Cyanobacterial functional RNA 17 261
RF02514 5’ ureB small RNA 281

Our GPU solution was implemented in CUDA C, using the

CUDA toolkit 7.5.18. The loop in Algorithm 2, line 3 is a

kernel invocation, creating y blocks of threads, where y is the

number of internal matrices that exist in the same diagonal.

Our experiments were run in a machine with 2 Intel(R)

Xeon(R) CPU E5-2650 processor, 2.00GHz, 64GB of RAM

(CPU version) and in two GPUs: NVidia GTX 780 (2304

CUDA cores, 900MHz, 2GB of memory) and NVidia 980ti

(2816 CUDA cores, 1075MHz, 6GB of memory).

In our comparisons, we used real RNA sequences retrieved

from the RFAM database at rfam.xfam.org [7]. RFAM is

a well-known database and currently is the largest general

RNA alignment database available [14]. Table I presents

information about these sequences. In each RFAM family, we

chose randomly two sequences of equal size. In our solution,

the entire dynamic programming matrix is calculated. Thus,

the execution time increases when the sequence length is

augmented and it is independent on the RNA structural motifs

found (Figure 1).

Table II shows the running times of our GPU and CPU

solutions and the speedups of the GPU solution over the CPU

(1 core and 16 cores) whereas Figure 6 shows the speedups

attained by the GPUs over the 16-core CPU version.

It can be seen in Table II that the GPU solution does

not achieve good execution times for sequences of length 46

(RF01414). The execution in 16 cores takes about 1 second

whereas the GPU solutions take more than 2 seconds. This

happens mainly because of the overhead of kernel invocation

and memory transfers to/from the GPU.
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Fig. 6: Speedups of the GPU solutions over the CPU multi-

threaded solution (16 cores)

For sequences of size 81 (RF00981) to 201 (RF02543), the

speedups of the GPUs over the CPU (16 cores) constantly

increase reaching impressive rates of 13.24x and 21.88x for

the GPUs GTX 780 and 980 Ti, respectively. If we consider

the serial execution (1 GPU), speedups higher than 100x can

be attained. For the GTX 980 Ti, the speedups continue to

grow up to 24.13x for sequences of length 281 (RF02514).

However the growth rate in the speedup is smaller since the

maximum parallelism of the GTX 980 Ti seems to be attained.

The same behavior happens for the GTX 780 for the sequences

of length 201 (RF01788) and 214 (RF 02079), with speedups

of 13.24x and 13.25x, respectively. The RF01845, RF02365

and RF02514 executions ran out of memory in the GPU GTX

780 and, for this reason, were not completed.

The execution times in Table II show that, as expected,

the Sankoff algorithm requires a huge amount of computing

power. In our test, the CPU serial, CPU 16 threads and GPU

solution obtain the same result for the same sequence set.

This is expected because they implement the same recursion

function. The RF02514 serial execution with sequences of

length 214 took more than 5 days to complete, the 16-core

execution took more than one day and the GPU solution took

less than two hours. This shows that GPUs are a very good

alternative to execute the Sankoff algorithm.

VI. CONCLUSION AND FUTURE WORK

In this paper, we proposed a GPU-based strategy to execute

the Sankoff algorithm for pairwise structural alignment of

RNA sequences. To our knowledge this is the first implemen-

tation of the Sankoff algorithm for GPUs. This is the first step

towards a more sophisticated implementation, which would

include energy model and heuristics to reduce thesearch space.

The results obtained on two different GPUswhen comparing

real RNA sequences with up to 281 nucleotides show that

CUDA-Sankoff is able outperform a 16-core CPU execution,

being up to 24 times faster. When compared to a single CPU

execution, CUDA-Sankoff computes up to 108 times faster. In

301301

16 CPU



• A programação paralela é fundamental na era do 
multicore e dos aceleradores.

• Um bom programador tem que:
– conhecer os fundamentos;

– ser criativo de maneira a aplicá-los de maneira a extrair o 
máximo paralelismo;

– Ser persistente

• Atualmente, a maioria dos sistemas HPC é híbrido 
e, portanto, a programação de aceleradores (GPU, 
FPGA, Intel Phi) é necessária.

Conclusão



• Com a programação paralela e hardware 
adequados, conseguimos fazer cálculos que até 
então eram considerados impraticáveis 
(unfeasible):
– CUDAlign: comparação dos cromossomos 1 homólogos 

do homem (249 milhões de caracteres) e do chimpanzé 
(232 milhões de caracteres), com uma matriz de 60 
Petacélulas, em duas horas com 384 GPUs.

– Implementação do algoritmo DIALIGN em FPGA, com 
speedups de até 140x em comparação com a 
implementação serial.

– Implementação do algoritmo Sankoff em GPU com 
speedups de até 24x em comparação com a 
implementação multicore.

Conclusão
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Barcelona Supercomputing Center (BSC):

Cluster Minotauro – 256 GPUs Tesla M2090

(usamos 64 GPUs no CUDALign 3.0)
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System Overview

Keeneland is a hybrid CPU/GPGPU system for use with codes that can take advantage of GPU accelerators. Keeneland is

a Georgia Tech machine administered by The National Institute for Computational Sciences  (NICS).

The Keeneland Full Scale (KFS) system was approved by the NSF and deployed late October 2012 as a production

XSEDE resource.

System Configuration

The KFS system consists of 264 HP SL250G8 compute nodes, each with two 8-core Intel Sandy Bridge (Xeon E5)

processors, three NVIDIA M2090 GPU accelerators, and a Mellanox FDR InfiniBand interconnect, for a total of 264 nodes,

528 CPUs and 792 GPUs. Each node has 32 GB memory.

Compute jobs are charged  according to the following equivalencies:

1 node-hr = 16 (KFS) CPU-hrs = 3 GPU-hrs = 3 SUs

File Systems

Users of Keeneland have access to two file systems: NFS and Lustre.

NFS

By default each user has an NFS home directory with a 2 GB quota. The path to this directory is

/nics/[a(e]/home/$USER. The environment variable, $HOME, is set to each user's home directory. This directory is

generally available by logging in to login.nics.xsede.org  even if Keeneland is not available.

Project directories are available by request for storing source code and other files that need to be shared among a group.

These project directories may have larger quotas. Large input and output files should be stored on the Lustre filesystem.

For more information, see NICS'  Project Directories  page.

Lustre

Each user has a Lustre scratch directory in /lustre/medusa/$USER. Lustre is a highly scalable cluster file system in

which storage of a given file is distributed (or striped) across several hardware locations. This allows larger files than
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