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Scalable Parallel Computing Method for Conditional Likelihood Probability of Nucleotide
Molecular Phylogenetic Tree Based on GPU

HUANG Jia-wei, LI Xiao-peng and LING Cheng

School of Information Science and Technology, Beijing University of Chemical Technology, Beijing 100000, China

Abstract The efficient implementation of Bayesian and Metropolis Hastings algorithms makes Mrbayes a widely used tool for
molecular sequence phylogenetic analysis. However, the increase of molecular sequences and evolutionary parameters leads to the
rapid expansion of the sample space of candidate molecular trees, which makes the reconstruction of phylogenetic trees face great
computational challenges. In order to reduce the calculation time of conditional likelihood probability of molecular tree in mrbayes
phylogenetic analysis and improve the analysis efficiency,a number of parallel acceleration methods based on graphics processor
(GPU) have emerged in recent years. In order to improve the scalability of parallel methods,an optimized likelihood probability
multithreaded parallel computing method is proposed in this paper. As the calculation of molecular state likelihood probability in
the variable evolution rate model between sites needs to correspond to different transition probability matrices, this method fur-
ther decomposes the parallel calculation of likelihood probability of different sites using multithreading into the calculation of con-
ditional likelihood probability under different transition probability matrices between multiple sites. This strategy optimizes the
parallel overlap between threads and improves the parallel efficiency by increasing the number of threads without changing the
calculation transmission ratio of a single thread. In addition, because each thread warp only calculates the likelihood probability
under the same transition probability matrix,it avoids the synchronization overhead between different warps when using shared
memory,and further improves the computing efficiency of the kernel. Calculation results of 4 groups of actual data and 30 groups
of simulated data show that the computational performance of this method is 1. 78 and 2. 04 times higher than that of tgMC?® (ver-
sion 2. 0) and nMC? (version 2. 1. 1) in the calculation acceleration of core likelihood function.

Keywords MrBayes, Likelihood computing, GPU, Parallel computing, CUDA
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Table 1 Comparison of running time and number of calls of main functions nMC? ,tgMC? ,and the proposed method on four realistic data sets
A& 1(37X2238) 2(111X1506) 3(234X1790) 4(288X3386)

VRS [E-d B /s AR K E B /s R K # B /s Rk # it A /s WA K %
down_3 0. 64 181257 1.39 416870 1.81 505700 2.60 721296

nMC(C3 down_12 1.87 343205 5.72 1034872 13.75 2368756 13.14 2727090
down_0 3.34 527389 5.46 855992 13.70 1972821 13.87 1977480

down_3 0.62 176571 1.38 415353 1.68 500461 2.70 709824

tgMC3 down_12 1.75 356044 4.58 991078 10. 43 2171251 17.28 2809681
down_0 3.02 528266 4.62 833392 11.11 1834100 17.07 2063208

down_3 0.51 176571 1.17 415353 1.41 500461 2.22 709824

A X down_12 1.02 356044 2.85 991078 6.51 2171251 11. 30 2809681
down_0 1.70 528266 2.73 833392 6. 86 1834100 12. 30 2063208

210800189-5



Computer Science THAHLE2:  Vol. 49,No. 11A, Nov. 2022

# 2 nMC? tgMC? AR CITIETE 4 ABE 1/ B R Kl 8 /R & F eI M RELT A b A SCr
TP RO SR REAS T B TR AR TR 3 AN %0 PR KRG I A A T
Table 2 Comparison of floating-point calculation performance of nMC* Fll tgMC F ik . TEIX 4 4152 FREUR v A S0 v i 5
main functions nMC?,tgMC? ,and the proposed method on PERE R T BT 7 1 25 T I 5 2. 04 4% B N ik 2 S
f listic data sets
our reeTiene dute e F9Ca) — 8 9 (o) ZEREILBUI 4 1 0 2 1 T Mo 25 SR A
Wi 1(37% 20111 % 3(234% 1(288% : - N SO I b S A e
2238 1508) 1790) 3386) X down_3 BREL, AR 3L ¥ BLNL IR [R) P9 ARG T AN ST IR B
i & ¥ GFLOPS  GFLOPS  GFLOPS  GFLOPS aMC FE ) 1. 00~1. 30 £%, & teMC* F M 1. 20~1. 42
down_3 1.23 5.39 7.59 14.12 e o . s S Y e
aMC  down 12 2,73 s 468 10,55 5o X F down_12 MREK, A< 3CT7 ¥ B0 1) 8] P9 19 77 25038 B3 IR
down_0 2,34 2.82 3.91 7.25 B aMC* AT 1. 03~2. 00 5, J& tgMC* iR 1. 44~
down_3 4.38 5.54 8. 24 13. 44 - - . S R
gMC?  down_12  3.13 3.99 5.75 8.32 1.62 i AT down_0 pRAC. A ICT7 1 BT N 18] PY I 77 s
down_0 2.68 3.33 4.56 6.19 BRBE nMCP 1 1. 07~1. 84 %, & tgMC* T 19 1. 35~
down_3 5.31 6.53 9.82 16.39 . - . . .
% domm1z 5.8t o . 127 173 . L 1L A6 15 GUBTIUBCHR b, A% 3Ok 0 30 1 i
down_0 4.77 5.63 7.39 8.59 Yot T AT IR T IR 2 AR SR

2
10 28; 739 6 1639
6 1412
824
. 81 759 022 14 { 3. 850
12
» » » » 725
N S > 456, >
& g4 g2 s g1 1273 -
E r'?? 3 rT(: L — f;‘(: 8 1055 -
] ] S 4 48 S 83
2
B 4
B 2
ol 0 0
down_3 down_12 down_0 down_3 down_12 down_0 down_3 down_12 down_0 down_3 down_12 down_0
&2 0 HiE k2 HE%E3 HHitka
aMc? gMC® [ Ay

P8 3R Jr kA 4 B R RLR AT e BORAS ( FE SUIB ST TR RE R 1L
Fig. 8 Performance comparison of floating-point operations of likelihood estimation functions of three methods on four realistic data sets
[ 9Cd) — 1 9CD 2 BRI 2 96 P T IO MO Ik 1. 50~ 1. 67 . A F down_0 B Iy %
B X T down_3 BB, AS SC 7 I B I ) Y B4 I R I8 5 B IR IR) PN B A BT BORE nMCT TS 1. 19~ 1. 66
W aMC* J7 3519 1,00 ~ 1. 24 4, 2 @MC Ik fF R @MC kI 144~ 1,65 5. 28 B fEIX 15 41
1.19~1.50 f%, X T down_12 bR £, 4% 3CJ5 1k 54 7 B (7] PUBLAR v, A7 s 1 3T B PR R S A TR O L 3R AR
W I 538 5 CBOR nMC 5 3R 1 1. 04~ 1. 82 £, 02 tg- T Hew 1. 82 s AR .

o / ) “ / ; ! / ;
18 /_/' o, o ey e 8 o
16 o 10 4 " /\ P s
Ve v
2 14 : P / 2 71 7 ——
o o / [} /
— = 8 = /
12 [ { 61 /
3 3 / ] /
10 / / 5] ¢
/ 614
84 ./ 4
6 4
3
4
2000 4000 6000 8000 10000 12000 14000 2000 4000 6000 8000 10000 12000 14000 2000 4000 6000 8000 10000 12000 14000
FFRIKBE iZIES; 4 iZIES &
(a)down_3 (b)down_12 (¢)down_0
, & ——— L 1 —y— ."t—'.
175 e e e 0]\ e e R L e and
150 \\ e 70 \ /
2 125 91\ / 65
o a 2 60
5 100 & 81 &
) & 55
75 S 4] <
50
50
61 15
25
5 40
10 20 30 10 50 60 10 20 30 40 50 60 10 20 30 10 50 60
LUk o WFv % L8
(d)down_3 (e)down_12 (f)down_0
amc? gMC? ——— AXF %

B9 ARSCA R 3 b7 vk G ) T 1 S 2 R A A [ LU A5 T B0 B B R T I
Fig. 9 Floating-point performance comparison of the three methods in this paper under the condition of fixed number of
clusters and fixed number of sites
GRIE A SCHILE MrBayes #9& M RR THIE 0 IR AT M4k Th R 2. 04 REI N GE . AR SO VK T 0 2 R AN TR
75 nMC’ Fll tgMC* 7 3 B BRI AT 3H 50 0 v e AR 3RS ALRURUR AR I IR AT 3153, 3 — 25 00t 22 6 i JB) A ) 5 7%

210800189-6



BN AF T GPU M R T R G0 4 7 W 2R F BRI R T SR IR AT 5 07 vk

BEAHE BT B A5 PR RURME R AT . ORISR B 2
PRI A% f LU Y L Al b G G e AR AR U e T 2 AR
warp [H] 47 H BB R TR,

T — 2 B RARTT S O BB S R 64 4R T3

256 N E L A S GPU LR fe . dE— X IR
HERAG AT 55 G b B it A7 40 A L 31 580 067 A5 A0 0L AR A 3 iy 2
He GPU 4 e 3] 4 ¥t GPU 1735, i GPU R FiH&E

A7 i k5T 9 008 5 . DA T 5 9B 9 8 5
BT

5 % X W
[1] ARROWSMITH C,BOUNTRA C,FISH P,et al. Epigenetic

2]

[3]

[4]

[6]

7]

(8]

9]

[10]

[11]

protein families:a new frontier for drug discovery. Nature Re-
views Drug Discovery,2012,11(5) :384-400.

RAJAPAKSA S.RASANJANA W,PERERA I,et al. GPU Ac-
celerated Maximum Likelihood Analysis for Phylogenetic Infe-
rence[ PJ. Software and Computer Applications,2019.
GUINDON S, GASCUEL O. A Simple, Fast, and Accurate Al-
gorithm to Estimate Large Phylogenies by Maximum Likelihood
[J]. Systematic Biology,2003.,52(5) :696-704.

YANG Z,RANNALA B. Bayesian phylogenetic inference using
DNA sequences:a markov chain monte carlo method[ ]J]. Mole-
cular Biology & Evolution,1997(7);717-724.

HASTINGS W K. Monte Carlo Sampling Methods Using Mar-
kov Chains and Their Applications[ J]. Biometrika,1970,57(1) :
97-107.

GREEN P ]. Reversible Jump Markov Chain Monte Carlo Com-
putation andBayesian Model Determination [ ] ]. Biometrika.,
1995,82(4) :711-732.

METROPOLIS N,ROSENBLUTH A W,ROSENBLUTH M
N,et al. Equation of State by Fast Computing Machines[ ] ].
Journal of Chemical Physics,1953,21(6):1087-1092.

PRATAS F,TRANCOSO P,STAMATAKIS A,et al. Fine-
grain parallelism using multi-core, Cell/BE, and GPU systems:
Accelerating the phylogenetic likelihood function[ C]// 2009 In-
ternational Conference on Parallel Processing. IEEE,2009:9-17.
PANG S A,STONES R J,REN M M.et al. GPU MrBayes V3.
1:MrBayes on Graphics Processing Units for Protein Sequence
Data. [J]. Molecular Biology and Evolution,2015,32(9) :2496-
2497.

ZHAO M,REN Q,WANG Y,et al. A Three-Level Parallel Al-
gorithm for MrBayes 3. 2[C]// 2017 IEEE International Sympo-
sium on Parallel and Distributed Processing with Applications
and 2017 IEEE International Conference on Ubiquitous Compu-
ting and Communications ( ISPA/IUCC). IEEE, 2017 1246-
1250.

PRATAS F, TRANCOSO P,SOUSA L,et al. Fine-grain paral-

[12]

[13]

[14]

[16]

[17]

[18]

[19]

[20]

lelism using multi-core, Cell/BE,and GPU Systems|[ ] ]. Parallel
Computing,2012,38(8) :365-390.

ZHOU ] F,LIU X G,STONES D S,et al. MrBayes on a Gra-
phics Processing Unit[ ] ]. Bioinformatics,2011.,27(9) :1-7.

BAO J,XIA H J,ZHOU ] F,et al. Efficient implementation of
MrBayes on multi-GPU[]]. Molecular Biology and Evolution,
2013,30(6):1471-1479.

LING C,HAMADA T.,BAI ] N,et al. MrBayes tgMC?:A
Tight GPU Implementation of MrBayes[ ]J]. PLOS ONE, 2013,
8(4):1-9.

LING C.HAMADA T,GAO ] Y.et al. MrBayes tgMC® + + . A
High Performance and Resource-Efficient GPU-Oriented Phylo-
genetic Analysis Method[J]. IEEE/ACM Transactions on Com-
putational Biology and Bioinformatics,2016,13(5):1-9.

KUAN L.PRATAS F,SOUSA L.et al. MrBayes sMC?® : Accel-
erating Bayesian inference of phylogenetic trees[ J]. The Inter-
national Journal of High Performance Computing Applications,
2018,32(2) :754-755.

AYRES D L,DARLING A,ZWICKL D J,et al. BEAGLE: An
Application Programming Interface and High-Performance Com-
puting Library for Statistical Phylogenetics[]]. Systematic Bio-
logy»2012,61(1) ;170-173.

AYRES DANIEL L,CUMMINGS MICHAEL P,BAELE
G,et al. BEAGLE 3:Improved Performance, Scaling, and Usa-
bility for a High-Performance Computing Library for Statistical
Phylogenetics. [J]. Systematic Biology.2019,68(6):1052-1061.
YANG Z. Maximum likelihood phylogenetic estimation from
DNA sequences with variable rates over sites: approximate
methods[ ] |. Journal of molecular evolution, 1994, 39 (3):306-
314.

ANDREW R,NICHOLAS C. Grass. Seq-Gen:an application for
the Monte Carlo simulation of DNA sequence evolution along

phylogenetic trees[ ] . Bioinformatics,1997,13(3) :235-238.

HUANG Jia-wei, born in 1996, post-
graduate. His main research interests
include high-performance GPU compu-

ting in bioinformatics and so on.

210800189-7

LING Cheng, born in 1987, Ph.D, asso-
ciate professor. His main research inte-
rests include

high-performance GPU

computing on computational biology

and bioinformatics.





