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DATA SET DS1 DS2 DS3 DS4 DS5 DS6 DS7 DS8

e.g., ar.lcestral e.g., Lognormal multi-sample 4 Taxa o7 29 36 41 50 50 59 64

ACATGGCTC. .. sampling for SBNs rl for branch lengths (71, q1) D lower b?und 4 SITES 1949 2520 1812 1137 378 1133 1824 1008

C D
ATACGTTCC. .. ¢ C f . PSP 7111.23(1.04)  -26369.63(0.69)  -33736.60(0.33)  -13332.37(0.54)  -8218.35(0.20)  -6729.27(0.50)  -37335.15(0.11)  -8655.48(0.38)
A C A | I PLANAR(16)  -7110.33(0.16) -26368.80(0.27)  -33736.14(0.14) -13331.92(0.11) -8217.98(0.13) -6728.89(0.18)  -37334.78(0.11)  -8655.15(0.17)
TTACGGTIC. .. Q sample 5 Q sample K < PLANAR(32) 7110.22(0.17)  -26368.69(0.23)  -33736.02(0.21)  -13331.73(0.12)  -8217.90(0.14)  -6728.68(0.19)  -37334.60(0.12)  -8654.97(0.16)
ATCCGGTAC. .. ¢(T) 9 : 1/;(Q|7') I 9 9 > L (¢’ w) 5 REALNVP(5)  -7110.12(0.13)  -26368.75(0.24)  -33735.86(0.10) -13331.71(0.11) -8217.80(0.14)  -6728.54(0.15)  -37334.44(0.11)  -8654.62(0.13)
T (7%, q%)

ATACAGTCT A B D A B ’ REALNVP(10) -7109.80(0.11) -26368.59(0.23) -33735.81(0.12) -13331.39(0.08) -8217.56(0.12) -6728.04(0.14) -37333.94(0.09) -8654.02(0.12)
= PSP -7108.73(0.02)  -26367.88(0.02)  -33735.29(0.02)  -13330.34(0.03)  -8215.57(0.04)  -6725.48(0.04)  -37332.69(0.03)  -8651.88(0.04)
A B A B T PLANAR(16)  -7108.70(0.02)  -26367.80(0.01)  -33735.21(0.01)  -13330.28(0.02)  -8215.44(0.04)  -6725.42(0.04)  -37332.50(0.03)  -8651.80(0.04)
2 PLanar(32)  -7108.64(0.02)  -26367.77(0.01)  -33735.17(0.01)  -13330.22(0.02) -8215.37(0.03)  -6725.32(0.04)  -37332.43(0.03)  -8651.72(0.04)
- ~ B REALNVP(5)  -7108.63(0.02) -26367.77(0.01)  -33735.18(0.01)  -13330.22(0.02)  -8215.36(0.03)  -6725.33(0.04)  -37332.42(0.03)  -8651.62(0.04)
Bayesian approaches for reconstructing the evolution history (e g 5 T . PN REALNVP(10) -7108.58(0.02) -26367.75(0.01) -33735.16(0.01) -13330.16(0.02) -8215.29(0.03) -6725.18(0.04) -37332.30(0.02) -8651.41(0.03)
_ Rl PSP -7108.39(0.18)  -26367.71(0.08)  -33735.09(0.10)  -13329.93(0.21)  -8214.44(0.48)  -6724.13(0.48)  -37331.92(0.32)  -8650.12(0.58)
phylogenetlc treeS) from molecular sequence data (e.g., DNA, RNA or PLANAR(16)  -7108.39(0.15)  -26367.70(0.07)  -33735.09(0.07)  -13320.93(0.17)  -8214.49(0.42)  -6724.25(0.45)  -37331.91(0.26)  -8650.42(0.52)
. . . . . . SGA update 1 PLANAR(32) -7108.40(0.14)  -26367.70(0.06) -33735.09(0.05) -13329.93(0.16)  -8214.50(0.38)  -6724.19(0.44)  -37331.93(0.23)  -8650.40(0.50)
prOteln) Is to estimate the fO”OW|ng phylogenetlc pOSteI’IOI’ o ] ] _ _ - 2 REALNVP(5)  -7108.40(0.14) -26367.71(0.04) -33735.09(0.06) -13329.92(0.16) -8214.50(0.38) -6724.28(0.39) -37331.92(0.22) -8650.46(0.44)
Tralnlng ObjeCtlve. A mUItl-Sample lower bound is used that facilitates REALNVP(10) -7108.39(0.11) -26367.71(0.04) -33735.09(0.05) -13320.92(0.13) -8214.51(0.36) -6724.25(0.37) -37331.90(0.22) -8650.42(0.41)
p(’Z', Q| Y) X p(Yl T, CI) . p(T, Q) ss -7108.42(0.18)  -26367.57(0.48)  -33735.44(0.50)  -13330.06(0.54) -8214.51(0.28) -6724.07(0.86)  -37332.76(2.42)  -8649.88(1.75)

exploration in the tree space

Lower bounds and marginal likelihood estimation

Unfortunately, traditional random walk MCMC methods do not scale.
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Inference gaps on tree topologies
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\ ~a B> /V‘-EV B B ACGCT- - - ACGGT- - - ACGGT- - ACCGT- - ACCCT:- - - ACGCT:- - - GAP PSP PLANAR (16) PLANAR (32) REALNVP (5) REALNVP (10)
57‘ Awmp A CD\Q C C Inconsistent alignments of branch length vectors across tree topologies TREE 36 ALL TREE36 ALL TREE36 ALL TREE36 ALL TREE36 ALL
b D D Permutation Equivariant Planar Flows APPROXIMATION 1.29 1.21 1.12 1.08 1.07 1.02 0.65 0.62 0.43 0.40
AMORTIZATION 3.37 0.84 2.80 0.82 1.33 0.72 3.10 0.98 1.83 0.93
F " = ~ ~ INFERENCE 4.66 2.05 3.92 1.90 2.40 1.74 3.75 1.60 2.26 1.33
Tree probability estimation z,=q,+vy.a <Ze,€E(r) éqé + b>, e € E(7)
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Structured amortization via PSP is used for all parameters.
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* Rooted Tree: ancestral sampling
« Unrooted Tree: ancestral sampling + root deletion
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