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Context - Phylogenetic inference
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Goal: describe evolutionary-history of MSA
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Context - Likelihood-based tree reconstruction

Pros

» Very accurate

a TPRLPTC « Principled statistical
b TQPSVPKC
e model
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d TLGRSPSC c
e TQPRAKTC \' e . Cons
b - expensive and slow
* P(x|6, $) must be
’ computable

X :MSA, 6 = (7,¢) : Phylogenetic tree, ¢ : Evolution model Felsenstein 1993; Kleinman et al. 2010
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Context - Simulation-based/Likelihood-free inference

S1 TQPRLPTC

$2 TQPSVPKC 050
S3 TGVPVPAC hard

Sk TLGRSPSC casy ]

S5 TQPRAKTC

S6 TQPRIPAC 030

+ We can simulate many (tree, MSA) pairs
« Can we learn the mapping from MSA to tree?
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Method - Estimating tree posterior probability
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Method - Estimating tree posterior probability

Y « Tree probability is
product of conditional
merge probabilities

Gpr2(0|MSA) = gpra(m)

L. Blassel - CQSB Sorbonne Université - SMBE 2026 416



Method - Estimating tree posterior probability

0.30 ﬁ

Y « Tree probability is
product of conditional
merge probabilities

e

qpr2(0|MSA) = qpr2(M™) x gpra(m®|mV)
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Method - Estimating tree posterior probability

mD

m(Z)

n®

0.30 ﬁ

Y « Tree probability is
product of conditional
merge probabilities

Grr2(0IMSA) = gpra(mM) x gpra(M@|mM) x gppa (M |m(=2))
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Method - Estimating tree posterior probability

RN
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' 0.35 R « Tree probability is
S ) product of conditional
025 merge probabilities
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apr2(0|MSA) = qpra(mM) x gpra (M@ |MM) x gpra (M3 m(=D)) x gppa(m™)|m(=?))
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Method - Estimating tree posterior probability
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« Tree probability is
product of conditional
merge probabilities

« Sample from the
learned posterior by
sampling merges

apr2(0|MSA) = qpra(mM) x gpra (M@ |MM) x gpra (M3 m(=D)) x gppa(m™)|m(=?))
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Results - Topological performance
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Results - Performance on Intracatble-Likelihood Models
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Allows for inference under intracatble-likelihood models:
co-evolution, selection, heteerogeneity, ...
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Read the preprint Thanks you for listening
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Sup. Methods - EvoPF architecture
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Figure inspired by Jumper et al. 2021

Encoding the MSA conditioning with evoPF
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Sup. Methods - EvoPF, the MSA stack
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Sup. Methods - EVoPF, the pair stack
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Sup. Methods - The BayesN) Module
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Sup. Methods - Ensuring the merge order is unique

Ensuring a unique order on merges ensures that we define a distribution. It also
keeps training and sampling comparable '

« On a given tree 7 always merge the shortest available cherry
« When sampling, add constraints:

1. Start with a N x N constraints matrix M;; = 0
2. Atiteration k sample merge m® = (i,j) and cherry length s® = mM;; + X
3. Update constraints for cherries available when sampling m(®:

Mj; = max(M;,s®) M. =0

- During evaluation compute ppr, (s — M;m(=h))

T Which is not the same if we use the N) merge order
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Sup. Methods - Approximating the posterior with BayesN) (1)

- Tree is an ordered set of merges: 9 : {m(V) ... m(N-1}

+ We factorize g, (f|x) as the product of successive merge probabilities:

N—-1

q¢(x 9’X H C’m(m k)‘m (<R) ) ( (k)’m(gk))
k=1

« Merge probabilities have 2 components:
topological: g, (m®)|m(<k))
branch-length: g, (¢(®)|m(=k))
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Sup. Methods - Approximating the posterior with BayesN] (2)
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Sup. Methods - Approximating the posterior with BayesN] (2)
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Sup. Methods - Approximating the posterior with BayesN] (2)
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Sup. Methods - Approximating the posterior with BayesN] (2)
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Sup. Methods - Approximating the posterior with BayesN] (2)
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Sup. Methods - Approximating the posterior with BayesN] (2)
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Sup. Methods - Approximating the posterior with BayesN] (2)
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Sup. Methods - Approximating the posterior with BayesN] (2)
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Sup. Methods - Approximating the posterior with BayesN] (2)
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Sup. Methods - Sampling from the posterior with BayesN)

~ EEEEN

L. Blassel - CQSB Sorbonne Université - SMBE 2026



Sup. Methods - Sampling from the posterior with BayesN)
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Sup. Methods - Sampling from the posterior with BayesN)
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Sup. Methods - Sampling from the posterior with BayesN)
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Sup. Methods - Sampling from the posterior with BayesN)
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Sup. Methods - Sampling from the posterior with BayesN)
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Sup. Methods - Training runs
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Sup. Methods - Tree simulation procedure
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Sup. Results - PF2 performs well on complex models
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Sup. Results - Ablation study
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Sup. Results - Memory scaling
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Sup. Results - Sensitivity to MSA length
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Sup. Context - PF1 architecture
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Nesterenko et al. 2025; Lefort et al. 2015

L. Blassel - CQSB Sorbonne Université - SMBE 2026



Lo

Context - PF1 performance

a)

1.2
8 @
£ A PO 2
D 10 L aeeenn? 3
210 - =8 x ;
<
E)
2
508
@
(5]
L
206
=3
<
X

0.4

20 40 60
Number of leaves

..x.. FastME —e— |QTree_LG+GC
—m— FastTree

Blassel - CQSB Sorbonne Université - SMBE 2026

80

PF+FastME

100

b)

1.0 x)
§ Rarnnn) X .
@ 0.8 — Xy
o) &
E]
2 0.6
Qo
©
& 04
O
=

0.2

20 40 60 80 100
Number of leaves

Normalized Robinson-Foulds distance

20 40 60 80 100
Number of leaves



	References
	Appendix
	Supplementary Material


