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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
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• accurate but
slow

• P(x|θ, φ) must be
computable

x : MSA, θ = (τ, `) : Phylogenetic tree, φ : Evolution model Felsenstein 1993; Kleinman et al. 2010
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Context - Simulation-based/Likelihood-free inference
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• We can simulate many (tree, MSA) pairs
• Can we learn the mapping from MSA to tree?
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How do we do end-to-end
phylogenetic inference?



Methods - Neural posterior estimation (NPE)

• Given a probabilistic model p(x|θ) with some prior p(θ)
• We want to estimate the posterior: p(θ|x)
• We build qψ(θ|x) a family of distributions parametrized
by ψ (our NN)

• We find qψ∗ = argmin
ψ

Ep(x)[KL(qψ(θ|x)||p(θ|x)]

• In practice we maximize Ep(x,θ)[log qψ(x)(θ|x)] by sampling
from p(x, θ)

• The two are formally equivalent1

1Radev et al. 2020 x : MSA, θ = (τ, `) : Phylogenetic tree, ψ(x) : NN applied to x
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Methods - Phyloformer 2 and NPE
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• During training find ψ∗ = argmin
ψ

−
∑

i log qψ(xi)(θi|xi)

• At inference time sample from: qψ∗(xE)(θE|xE)
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Methods - The EvoPF module

the EvoPF module is an adaptation of the EvoFormer module
from AlphaFold2. The tasks are transpositions of each other:

given input MSA (n× r)

EvoFormer represent r × r relationships between sites
EvoPF represent n× n relationships between sequences

More expressive than MSA transformer
More lightweight than our first attempt, PhyloFormer

Jumper et al. 2021; Rao et al. 2021
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Methods - Trees are series of merges

We want to describe the following tree:
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Methods - Trees are series of merges

Iteratively merge shortest cherry:
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Methods - Trees are series of merges
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Methods - Trees are series of merges

Iteratively merge shortest cherry:
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Methods - Approximating the posterior with BayesNJ (1)

• Tree is an ordered set of merges: θ : {m(1), . . . ,m(N−1)}
• We factorize qψ(x)(θ|x) as the product of successive
merge probabilities:

qψ(x)(θ|x) =
N−1∏
k=1

qm(m(k)|m(<k))q`(`(k)|m(≤k))

• Merge probabilities have 2 components:
topological: qm(m(k)|m(<k))

branch-length: q`(`(k)|m(≤k))
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Methods - Approximating the posterior with BayesNJ (2)
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Methods - Approximating the posterior with BayesNJ (2)
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Methods - Approximating the posterior with BayesNJ (2)
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Methods - Approximating the posterior with BayesNJ (2)
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Methods - Approximating the posterior with BayesNJ (2)
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Methods - Approximating the posterior with BayesNJ (2)
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Methods - Approximating the posterior with BayesNJ (2)
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Methods - Approximating the posterior with BayesNJ (2)
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Methods - Approximating the posterior with BayesNJ (2)
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Methods - Sampling from the posterior with BayesNJ
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Methods - Sampling from the posterior with BayesNJ
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Methods - Sampling from the posterior with BayesNJ
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Methods - Sampling from the posterior with BayesNJ
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Methods - Sampling from the posterior with BayesNJ
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Methods - Sampling from the posterior with BayesNJ

0.30

0.50

m(4)

0.50

0.60

m(3)

0.20

0.25

m(2)

ψ(x)

0.20

0.35

Ready for
next merge!

L. Blassel - LEGEND 2025 10/18



How well does Phyloformer 2 work?



Results - Tractable-likelihood model (1)

• We train PF2 on MSAs simulated under
LG + Γ8 rates + indels
1. Pre-train on 8M 50-tip trees
2. Fine-tune on [10-160]-tip trees (20k trees per size)

• We test PF2 on data simulated under similar conditions
• LG has a tractable likelihood, this is the best-case for
likelihood methods
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Results - Tractable-likelihood model (2)
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Results - Tractable-likelihood model (2)
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Results - Intractable-likelihood model (1)

How well does this extend to more complex models ?

• Simulate 50-tip trees under same prior as LG training
• Simulate MSAs along those trees under Potts model
fit on PF00072 response-regulator PFAM family

• Test on under same priors
• No other methods to infer trees under Potts model, but
still compare to IQTree+ModelFinder

Work done with N. Sauvage and P. Barrat-Charlaix

Pagnani and Barrat-Charlaix 2025
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Results - Intractable-likelihood model (2)
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Results - Phyloformer 2’s posterior

Compared to RevBayes Simulation-based Calibration
b)
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• Overall RevBayes agrees with PF2
• PF2 has a smoother distribution
• PF2 posterior are generally well calibrated

Höhna et al. 2016
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Results - What about scalability ?
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1 With 2× bigger sequence embeddings, and 4× bigger pair embeddings…
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Where do we go from here ?



Conclusion - Take home messages

1. PF2 enables end-to-end phylogenetic posterior
estimation

2. Under tractable likelihood it outperforms all other
methods

3. Performs well Under models with no likelihood
4. PF2 can also produce well calibrated posterior samples
5. PF2 is amortized and allows for fast inference

Preprint→
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Conclusion - Improving Phlyoformer 2

• Improve Scalability of PF2 either through:
• More efficient encoders(W.I.P)

• Heuristics to build larger trees: e.g. supertrees

• Detect Out-of-distribution data and assess prediction
uncertainty

• Explore more flexible tree-distribution representations
• Extend PF2 to additional complex models: e.g. structural
models with epistasis

Wohlwend et al. 2025; Wang et al. 2025; Warnow 2018; Jiang et al. 2024
Gal and Ghahramani 2016; Lakshminarayanan et al. 2017; Latrille et al. 2021
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Thank you all!

P. Barrat-
Charlaix

B. Boussau Q. Chaung

V. Garot L. Jacob N. Lartillot

A. Leroy L.
Nesterenko

N. Sauvage

P. Veber

Special thanks to Jean-Zay for all the GPUs!
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Sup. Methods - EvoPF architecture
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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 BayesNJ 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 1

• On a given tree τ always merge the shortest available
cherry

• When sampling, add constraints:
1. Start with a N× N constraints matrix Mij = 0
2. At iteration k sample merge m(k) = (i, j) and cherry length
s(k) = Mij + X

3. Update constraints for cherries available when sampling
m(k): M′

ij = max(Mij, s(k)) M′
ui = 0

• During evaluation compute pPF2(s(k) −Mij|m(≤k))

1 Which is not the same if we use the NJ merge order
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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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• Input an MSA, get a Distance matrix
• Feed Distance matrix to FastME to get tree

Nesterenko et al. 2025; Lefort et al. 2015
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Sup. Context - PF1 performance
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