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H E MAEARS TAIKBMARAFE MR H L £ RAORRIBINT R E B Y K, & %4 F AHe 3T 38 3 0545 @ 06
FE R, L5, GRTREZRHFELEMCMO RA P RA#GEERSL RTRERFEHMO FEHAEN T AR
ATRAAABIM . TABLEHEL MCMC LT BEARZTHMAIFEAFT Y MR LREWRES, REZHT LN EBEELF
A E P HMC ik Rkl i M LA X PR B B M ERR, A TR T R, I PRET AR
S B AR FEM G R T X EHFE(MPHMO AL 77 ik . RGN0 i+ B R ARG 0T, AT 4% J ik R AR 3 12 P I dm 4t 2t
B A HMC 247484 ,5 HMC A E B B H X AR . M AR T A PIATHIELE RG> X ETHAK . LA
Wb AN GRS TR, ESMZBKIEE LT EE. 4 RER . MPHMC 7 i B4R EF 4 5 o F + R
M EWE ARG R MIERE LB HMC 2 -8 20 R F ik Ta 2 k8, M MPHMC F A st KA A 7209 R AR
FH 5 L A Mrbayes(MCMOC) & 14 % vA L84 R A2 &,

KEiF :MrBayes; I Z 0 ;0 FM L R TREHFFE(HMO) ; S EASE B A ;A% 72

REESES TP399

Mixed Path HMC Sampling Methods for Molecular Tree Spaces

LI Xiaopeng' . LING Cheng® and GAO Jingyang'
1 School of Information Science and Technology,Beijing University of Chemical Technology,Beijing 100000, China
2 China Overseas International Center, Advanced Micro Devices,Inc(AMD) , Beijing 100000, China

Abstract With the increasing abundance of modern molecular sequence data and the dramatic expansion of the tree-like topologi-
cal space describing historical relationships between species, reliable inference of phylogenetic trees continues to face enormous
challenges. In recent years,the most advanced Hamiltonian Markov Monte Carlo(HMC) algorithm in the Markov Chain Monte
Carlo(MCMC) family has been shown to be applicable to phylogenetic analysis, which can avoid the large amount of random walk
behaviors present in traditional MCMC algorithms and speed up the mixing of Markov chains. However, in the more complex
multimodal development tree space,the HMC algorithm cannot escape from the local high probability region by obtaining propo-
sals from other modes. In order to improve the robustness of the algorithm,a hybrid path Hamiltonian Markov Monte Carlo
(MPHMCOC) optimization strategy is proposed in this paper. Without adding additional computational cost,the algorithm samples
paths with a non-HMC update component for discrete parameters,alternating with HMC deterministic updates,and introduces a
branch rearrangement strategy with greater topological variation in the tree space,enabling freer traversal of the entire posterior
distribution’s tree space. Experiments on five empirical datasets demonstrate that the MPHMC method better samples from the
correct posterior distribution,and the HMC single-path sampling algorithm may fail when run on larger datasets that are more
difficult to sample, while the MPHMC method achieves a sampling efficiency gain over 14% than the widely used phylogenetic
analysis tool, Mrbayes(MCMC).

Keywords MrBayes, Tree space, HMC, Multimodal posterior distribution, Mixed path
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Horp — A HURE 33 A B BR AR 25 5 B b HORE QR 58D . TS AH 4B Y
R I 32 40 B AT 2 T A BRE  33 Rh 22 4 T LUAR B MH AR ofi 9
ML AP M 2 32 AR 4 B AR R T TR TR 35 L RRETE I
AT LA 2 00 46 2 i) anly b 52 B L 755 U)K R B O HE A A B I i)
M MPHMC J7 ¥ 8 AN FE 80 B0 15 B8 I, 5t T LA FE — 5 72
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i 3 A I 1]
BE 1 ZBELEFEWERIRARE x(c.b,p)Cexp(—U(z,b

|D.0,))

1. def MPHMC(t,b,e,L|U)

2. t<RWM_rSPR(z,LIU,b);

3. po~NC0,14);

4. To<t;bo<b;

5. for i==1 to L do

6 t,b,p< LeapFrog_Refractive(t,b.p,€|U);
7 € end

8. ,b<= MH_correction(t,tosbsbopspo | U, K);
9 € returnt, b;

10. end

11. def RWM_rSPR(z,L|U,b)

12.  forj<1 to L do

13. 1< rSPR(7);
14. <= MH_correction(t; st,b,b,0,0|U);
15.  end

16. return t;

17. end

18. def LeapFrog_Refractive(z,b,p.? [U)
19. p<p<evVU(r,1)/2;

20.  bi<b+e€p;

21, if B4 S B Rl BT S E A X(cubiap) # 7 then

22. t<0;

23. while X7 7 do

24, / /K6 I A YR 3 S 3 R A
25. / /A3 E S TE /N I TE] Rt
26. /AR T A TR A

27 t<t+te;

28. b<b+(e—0p;

29. 71 .b< NNI_UpdateEvent(t,b,p.te);
30. pe< " Pes

31. AE<U(z;,b)—U(z,b)

32. if || pe | 2>>2AE then
33.pe— /T p. [2—2AE;

34. <11

35. end

36. end

37. p<p—€VU(t,b)/2;
38. return t,b,p;

39. end

40. def MH_correction(t,to,bsbgspspo | U.K)

41. E¢<U(zy,bo) +K(py);

42. E<U(z,b)+K(p);

43, if min(0,log(Uniform(0,1)))=—E-+E, then
44, T,b<10,bo

D http://www. treebase. org: 7E £k ) R 4 & B BUI6 A7 1 1

45.  return t,b;

46. end
4 Iy

4.1 KIEHIE

ARCHE FIEL R B B 3 B R AE 2R 9 2 B (Mr-
bayes-RWM,PPHMC, MPHMO) 43 i B 45 3, [ oy & 5
B 1 ) R A LBk R A — T SRR T 5 4l
STz B UE R R R 2 B B s AR B R IE AN R 1 A

21 datasetl —dataset5 /S [A] 09 B0 R AE

Table 1 Different data characteristics of dataset]l —dataset5
¥ 3] 4 o kB fir & %

datasetl Trichophora 18S rDNA 26 1546

dataset2 Euhemiptera 18S rDNA 33 2238

dataset3 metazoan 18S rDNA 111 1506

datasetd eukaryotic 18S rDNA 234 1790

B Bacteria- Archaea-Eukaryota
dataset5 288 3386

23-28S rDNA

IX BRI AR 1 HL AR A B T AE SOk [31-33 ] Hh A L O FT
TreeBASEY H1 4B, 7E dataset]l —datasets [ HEAT3C0G, 45 1
HEH]T MPHMC fig 3k B 21 1E # 9 Jt 214 (3R, 7 ff MPHMC
SR Y TE A PR I 3R R A 09 8 TR SRS HE A A SR R X
M54 dataset3 — datasets I+, HL A 3 Fh R FE 8 (Mrbayes-
RWM, PPHMC, MPHMO) i S0 J% .

4.2 XBWAR

S0 B AR PG S X K B A SR AR T, IR 2 A X
o IR R PRI R SE R RE R B ML R SE g h R
P& E 0 B I ARE (ngen) . BT SE K AN Metropo-
lis ¥ A0, K38 17 20 5 B0 x5 0 1 R B 48 B8 ) 5 — k4%
JC69 A, I H 722 W& AN R A7 ot 5] 1Y bE R AR Ak, 33 4 1Y 1 5 T8
B T — S B e AR B A0 (8 5 50 40 A T ME DIOCR AR L BRk =z
Ah s FRATTI 2330 B L A5 e DX 2R, DA L 3 T R S ) SR A Y
PEfE, 2 I Mrbayes3. 1. 2 B9 BN IR & W HIN E R IG
FRLTEN B 24 50 e 38 AN 25 [ERE 9 b 1 43 S TR] A4 3 Ak ER AR Ak TR
Gy AR LR A A AR B 5 O S A5 R AT 25 %0109
FEARVE R 2 £ 5055, ST % Mrbayes B )% 21745
SRR AL TR A AR R ofE

o HPE BE L 5288 P PPHMC A MPHMC #92%
FEAR B e S B 4R X BBl AR BE Y T B IR B (LLPs)
LLPs 7t 5 K 0 5 Mrbayes 2 J5 B9 3R Ff A0 £ JE A — B,
PPHMC Fil MPHMC L Mrbayes Ht 5% J i 6 #1190 46 44 15 J
KRR A, HMBSEL Mef e SR Bk R L K
REATRR AR M IR, PR TN LLPs 5, e R K%
B BR 2 R B SR R R K R E SR
€20, 00 LRI AL La=20 ([ & 43 A HBEHLE R A TR T8 e
L X R 23 ] R BRI 52 0, e A, MPHMC [6] K 2 2%
Dinh %5 % 718 B 1 & . delta=0. 001,

4.3 HRoW

3 Afi ] Tracer v1. 7. 2850 . 7F dataset] — dataset5 b X} 3
AL R Gk FRF MCMC 21745 Rk 47 7 B EE o Mr
(L% 2—3F£ 5.
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*2 fESHABELELE

8 oA 1R 0T B DL IR S AR L

Table 2 Comparison of log-likelihood means of PDs on five datasets
Log-Likelihood(LL)
Methods
DS1 DS2 DS3 DS4 DS5
MB-RWM —7962.62(£5.28) —18913. 28(£6.36) —56191.66(+64.27) —183513.28(4+920.19) —424759.78(4+20.17)
PPHMC —8047.02(£5.92) —19049.70(£23.29) —60801.50(4280.10) —214909.66(+489.51) —500428.47(+489.51)
MPHMC —7961.76(%5.28) —18916.45(%6.22) —56014. 48(£63.06) —182380.47(£71.05) —421753.18(£195.32)
3 AE 5 AUBRAE L 4 A AR 4 3B KB
Table 3 Means of tree branch lengths of PDs on five datasets
the tree length(TL)
Methods
DS1 DS2 DS3 DS4 DS5
MB-RWM 0.676(=40.021) 1.815(£0.033) 8.200(=£0.077) 30.584(40.566) 42, 364(40.137)
PPHMC 0.694(+0.022) 1.848(+0.032) 9.181(=+0.105) 41.341(40.305) 57.243(40.269)
MPHMC 0.676(%0.021) 1.816(%0.034) 8.163(%0.079) 29.787(%£0.152) 41.370(£0. 165)
F 4 A5 ABARLE [ MCMC B 1T A BORE A L i
Table 4 Proportion of valid samples for MCMC runs on five datasets
ESS per sample of TL
Methods
DS1 DS2 DS3 DS4 DS5
MB-RWM 1.07x107 ! 7.50X 1072 2.00X10° 3.00X10~ 1 3.00X1073
PPHMC 2.87X10 ! 1.23x10 ! 1.00X10 3 1.00X10 3 1.00Xx10 3
MPHMC 2.23X107! 1.30X1071 8.50X1072 8.90X1072 1.00X1073
# 5 Mrbayes 76 5 HEE 4 13515 PPHMC, MPHMC {1 58 451 BEAE T NNI A 7S
(MCCT) iy i B L 4% x10*
Table 5 Comparison of Mrbayes’ tree distances to the MCCTs of

PHMC and MPHMC

PPHMC MPHMC
RF Quartet RF Quartet
DS1 0. 256 0.222 0.145 0.000
DS2 0.513 0.032 0. 467 0.002
DS3 4.332 0.443 2.739 0.216
DS4 27.727 0.584 12.374 0.196
DS5 37.920 0.619 14.019 0.154

F 2 5 T Mrbayes-RWM, PPHMC, MPHMC 7£ 5 4
Hoi 58 - MCMC #8805 56 43 A5 1 5t BURUR SF 3(E . 3% 3 31
H T MrbayessRWM, PPHMC, MPHMC 7 5 41 (¥t &%
MCMC #E U 56 53 7 W 43 2 B K38, R 4 51T Mr-
bayes- RWM, PPHMC, MPHMC 7£ 5 41 ¥4l & [ MCMC iz 17
BIATRREA L . 35 2.3 3 P 35S A BUE 2 bl 22

[ 1t 22 4k, % PPHMC, MPHMC 5 Mrbayes %38 17
55 T A A2 5 R — R B R I A T A E AR (MCCT) i £k
32 H5 B 1) e AU R AR, X 3k Ak B 1) <2 5 BE (43 32 R 96
)RR AT AR A B4 30T B R 4y R DT
I HLF— 26732 48 B 89 W B 85 (91 40 Robinson-Foulds (RF) #i
B Quartet I 2545 Sk X 45 Rk 47— B M (WL 5)

AR B AL o LT R A A T, MMKT =
*2—F 5 WHIEFEYW . MPHMC I MrBayes Y 81 3 48 £ (4
VL i
4.4 JFEEiEfL

ZIKjCIEfﬁ?E% dataset3 — dataset5 | Xf 3 Ff R AL #8
PR TR G B R AT VR A UL IR 2) o IR S A 4 ] 2 00 /N B 3 4
dataset] —dataset2 I, RWM F1 HMC 5 3 7€ B 25 1] 1 (14 £
REAFEEF AR, RIS R I K Mrbayes 2 )7 1%
SE R FIEZS full 8 5% T Local, TBR, NNT 4 £ 8 3€ fin H
Mrbayes F2& )7 % £ K & & # 25 [ R R, 5 LA X nni & R

XA

8 12 16 2 24

MR H R B/ T
(a)DataSet3

28 32 36 40

hr
£
=
ESY
®
34
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MASHRE/T
(b)DataSet4
4
42 I
-45 s =
y
-48 /
/
% B N
= 5411
= i
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® i
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MR KRBT
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N 2 AT LR B, 7 BT A B0HE 4 1, MPHMC Rk
AR A R b, R A A F PPHMC 1 Mrbayes _
nni 77 4, A 7E 5008 46 datasedd b B¢ B2 B AR T 4 444 4b
HRIK WG (9 Mrbayes 7. B AT 7, MPHMC Lk f& 4 (1
RWM Jr & RE T B TH A &b 48 R W as ], BT H R IF &
.

HERIE  ASCE X PPHMC BB KA T 8L
SYETEBCR 2 R R ERR AR A ) L 4R T
MPHMC i B E M SHF &M HMC T 5 H Al MH
B LT AT KBk KR T AT AE BN T 8 A A
[E] H SRy A 0 1 =2 ) A R BR ML 2% . 5 ST T AH Eb L 3 R Bk R
A AR T AR FS 25 T v B A, T A R AL O B AR U 56
Ay AR MRS AR bR T Dinh 5 5 04 R 2S 8] 0 850 52 4
RIEREE, ZREW.RZERF M P HEH MPHMC R R
Bk L AT LS B B TR A R A B

AKAD KA R TAE 7 225 M A5 X vk B 1 o
B BE VTS5 0 10 3 — 5 DR Ak TR B IR AT 5 4 2 AT
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