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Goal: describe evolutionary-history of MSA
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Context - likelihood-based phylogenetics (Max. Likelihood)
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Context - likelihood-based phylogenetics (Bayesian)
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Context - Dependence on likelihoods

model-based inference allows for principled assumptions.
It is good, but:

« As models grow in complexity so does P(x|0)

- Computing P(x|0) can be slow

« In some cases there is no analytical form of P(x|0)

- If we're lucky there is a workable approximation

The end result is that using the likelihood in our inference
process limits the types of models we can use
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Context - SBI
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« We can simulate many (tree, MSA) pairs
« Learn the mapping back from MSA to tree
+ “Can we infer?” becomes “Can we simulate?”
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Existing Deep-learning methods




Context - Quartet classifying

« Unrooted quartet has 3
A (ABICD) ¢ A (ACIBD) 5, (ADIBO) g unique topologies

>—< >—< >—< « Train a model to classify
8 b b0 ¢ 4-taxa into a topology
S8 B S e A « Reconstruct tree from
< < X X<
B D A D D B C B quartets
A D B D C B D B
< X X X<
B C A CcC D A C A

adapted from Tang et al. 2024

Scaling problem:
Quartets(n) = () = O(n*)

Suvorov et al. 2019; Zou et al. 2020; Tang et al. 2024; Zaharias et al. 2022
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Context - Machine Learning in phylyogenetic workflows

Replace steps in established methods.

Azouri et al.»: Guide tree-search: predict rearrangements’,
learn a search policy with RL2.

Ada. RAXML3: Predict dataset difficulty to adapt effort 3
EBG*: Predict branch supports from tree and MSA*
DEPP/APPLES>®: Place gene sequence in reference species
tree>®
Problem?
These methods don’t produce a tree.

TAzouri, Abadi, et al. 2021,2Azouri, Granit, et al. 2024,>Togkousidis et al. 2023,
“Wiegert et al. 2024,°Balaban et al. 2020,%Jiang et al. 2022,
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Context - Learning posterior samplers

VBPI-GNN': VI over tree topolgies and branch lengths

ARTree(Former)?3: generates topologie through repeated leaf
insertion

PhyloGFN“: Learns a tree sampler through subtree
merges

GeoPhy®: learns, continuous embeddings < trees
Problem?

1. These methods evaluate likelihood during training.

2. They are also often not amortized accross MSAs.

1zhang and IV 2019,2Xie and Zhang 2023; Xie, Mao, et al. 2025,3Zhang and IV 2019,
“M. Y. Zhou et al. 2024,>Mimori and Hamada 2023,
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Our approach to deep phylogenetic
inference




Method - learning setting
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Method - Using distance as a proxy
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adjust network weights

Inference: use FastME' on PF12 matrix.

TLefort et al. 2015, 2Nesterenko et al. 2025
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Method - Phyloformer 1 results

Distances: good

X Topology: less good
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We need to do end-to-end phylogenetic inference
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Method - Neural Posterior Estimation (NPE)

- Given a probabilistic model p(x|0) with some prior p(6)
+ We want to estimate the posterior: p(6|x)

+ We build g, (0|x) a family of distributions parametrized
by ¢ (our NN)

+ We find g, = argmin 50 [KL(P(0)19,(940)
* In practice we maximize Ey ¢ [log G (x)(6|x)] by sampling
from p(x,0)

« The two are formally equivalent’

TRadev et al. 2020 X : MSA, 0 = (7, £) : Phylogenetic tree, /(x) : NN applied to x
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Method - How does this look like in PF2 ?
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How to design BayesNJ so we can also sample trees?
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Method - How can we design a distribution family
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Method - How can we design a distribution family

pr2(0IMSA) = pr2(m™)
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Method - How can we design a distribution family

o

@pr2(6IMSA) = pr2(m™M) x gpra(MP|mM)
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Method - How can we design a distribution family

0.30 -~
0.20
o
0.35 A
n(2)
0.25

...................... =

0.60 ?

E))
0.50

arr2(0IMSA) = qpr2(M™) x gpra(MP M) x gppr (M) | m(=2)

L. Blassel - Al4omics - Oct. 2026 14/22



Method - How can we design a distribution family
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Method - How do we sample from this?
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Method - How do we sample from this?
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Method - How do we sample from this?
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Method - How do we sample from this?
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Method - How do we sample from this?
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Method - How do we sample from this?
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Results - Simple likelihood results (LG+GC)
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LG: Le and Gascuel 2008
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Results - Computational details
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- Very fast inference because of GPUs'.
« Comes at a memory cost.
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Results - Intractable likelihood results
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a) T b) c)

0.6
8 0.5 Method:
§ B (QTree
£04 [ FastTree
& B FastME
203 . PF
2 B PF2 (base)
£ 02 B PF2
2

0.1

0.0

CherryML; models pairs of Potts® Fit on PFO0072, models

co-evolving sites structural constraints.
SelReg? Adds selection N. Sauvage & P.
modes Barrat-Charlaix

TPrillo et al. 2023, "Duchemin et al. 2023, 3Pagnani and Barrat-Charlaix 2025
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Results - How are the estimted posteriors?
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Results - Empirical results
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Take-home message

- Deep learning can be a powerful tool for phylogenetic
inference.

« SBI enables inference under arbitrarily complex models

 PF2 is a likelihood-free, phylogenetic posterior estimator,
amortized accross MSAs.

« PF2 combines accurate posterior estimation with fast
inference.
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- Optimize execution speed and memory-usage under
current architecture.

- Explore branch-length parametrizations.

- Explore more fundamental architectural changes for
better scaling.

- Train versions of model under more complex and useful
evolutionary models.
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Thank you all!
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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. At iteration k sample merge m(®) = (i,j) and cherry length
S(k) = M,'j +X
3. Update constraints for cherries available when sampling
m®): M, = max(M,s®) M, =0
« During evaluation compute ppe (s — M;;|m(=R))

T Which is not the same if we use the N) merge order
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Sup. Methods - Training runs
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Sup. Methods - Tree simulation procedure

Sample
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Sup. Results - Sensitivity to MSA length
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Sup. Results - Why do we fine-tune on nb. of tip
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Sup. Results - Memory scaling
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