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Motivation - Li ood-free inference
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+ We can simulate many’ (tree, MSA) pairs
+ Can we learn the mapping from MSA to tree?

1 effectively oo
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Intro - Quartet methods
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an SEP e GEID 2 S - Poor scalability: O(n*)
B D A D D B C B
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adapted from Tang et al. 2024

Tang et al. 2024; Suvorov et al. 2019; Zou et al. 2020
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Intro - Phyloformer, our first approach
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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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Intro - Phyloformer is good!

14 4
10°
12
8
5
& 2
]
210 10
£
§08 8
§ |
: g
s 3
gos &
2 . &
< L ./ w o
~_ — 10
e e——, iU y A
04 - et
P smmsmen i *
107"
20 40 60 80 100
Number of leaves
20 40 60 80 100
Number of leaves
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Tree inference accuracy (KF) Runtime

« Fairly competitive even on simple LG+GC model
+ Fast because we use GPUs '

Nesterenko et al. 2025, 'J\ Jean-Zay
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Intro - But Phyloformer is less good...
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+ Gap between PF and ML methods
+ PF is by far the most memory intensive
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How to do phylogenetic inference
end-to-end ?




Methods - Initial attempts a differentiable N}

- With Phyloformer we NJ applied to D:
predict distances, we 1. Compute Q = f(D)
need tree-building 2

. Find (i, j) = argmin(Q;)
algorithm afterwards i#j
+ Can we just add NJ to the
end of Phyloformer and
learn through it?’ 4. Update DyV(R ¢ (i,)))
5. Go back to 1. until
topology is resolved

3. Merge (i,j) into u,
compute djy, dj,

TSpoilers, not really ...
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Methods - Making NJ differentiable

« The first problem is the discrete argmin:

+ We can use perturbations to approximate V,

+ Gumbel-softmax straight-through trick:

0 = armgin and O = softmin
forward: x — O(x)
backward: V,0(x) =~ VoO(x)

+ What loss can we use ?

« Approximate RF: unstable

« Optimal Transport: did not manage make work

- Distances: not great performance

In summary: Not the right approach’

Berthet et al. 2020; Jang et al. 2017 1 But cool nonetheless
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Methods - Neural Posterior Estimation (NPE)

- Given a probabilistic model p(x|#) 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 gy = argzznin Epx) [KL(Gy(0]x)[|p(0]x)]

+ In practice we minimize E, ¢)[log q,x)(6|x)] by sampling
from p(x, 0)

X :MSA, 6 = (7,¢): Phylogenetictree, )(x) : NN applied to x

L. Blassel - DEELOGENY 2025 8/27



Methods - How do we do NPE?
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+ During training find «* = argmin — 3~ log qyx,)(6i|X;)
P
« At inference time sample from: q,- (x,) (f|Xe)
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Methods - The EvoPF module, intro

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

given input MSA (n x r)
EvoFormer represent r x r relationships between sites

EvoPF represent n x n relationships between sequences

More expressive than MSA transformer
More lightweight than PF

Jumper et al. 2021; Rao et al. 2021
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Methods - The EvoPF module, details
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Encoding the MSA conditioning with evoPF

* Input an MSA and get:
sequence embedding {si}
sequence-pair embeddings {z;}

+ Both embedding-types used to update each-other

Figure inspired by Jumper et al. 2021
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Methods - EvoPF, the MSA stack
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Dong et al. 2024
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Column-wise attention
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Row-wise attention
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Methods - EvoPF, the pair stack
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Methods - A tree is a series of merges

We want to describe the following tree:
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Methods - A tree is a series of merges

Iteratively create cherries:
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Methods - A tree is a series of merges

Iteratively create cherries:
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Methods - A tree is a series of merges

Iteratively create cherries:
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Methods - A tree is a series of merges

Iteratively create cherries:
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Methods - the BayesN) module

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

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

N—-1

Qyx)(01X) = H Gm (M| m(<R)Yg, (£ | m(=R)
k=1

+ Merge probabilities have 2 components:
topological: g, (m®)|m(<k))
branch-length: q,(¢(®|m(<k)
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Methods - BayesN), evaluating topological probabilities
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- Adaptation of NJ algorithm

- Treating pair-embeddings like distances
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Methods - BayesN), evaluating branch length probabilities
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- Compute probability of s() the cherry length
- Compute probability of b() the cherry balance
« Combine both for branch-lengths probability
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Methods - BayesN) sampling mode
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- Sample merges and branch lengths until topoloy resolved

+ Two sampling modes given v(xg):
Bayesian Sample from distributions
Greedy MAP Choose mode
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Does it work ?




Results - Training topology only
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Results - Training topology only
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* Length overfitting is
an issue

Fine tuning helps
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Results - Scalability
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Results - Including branch lengths

Earlier was a pretty picture, in fact we have not decided on
the parametrization:

+ Cherry length: Gamma, LogNormal, truncated Normal,...

« Cherry balance: Beta, Kumaraswamy, Triangular,
truncated Normal,...

« NJ branch lengths: MSE is log PDF(¢) for N'({yy, 1)

For each combination test: bounds, normalizations,
initializations, prediction in log scale, etc...

1 Several hundreds of W&B runs

L. Blassel - DEELOGENY 2025 21/27



Results - Initial attempts with branch lengths

To test parametrizations we overfit PF2 on a tiny dataset:
{(x1,6h), -, (Xs0,650) }

« Cherry length: we use a LogNormal and predict:
log 11x and log(rx/ox)
+ LogNormal parameters from px and ox:

2 2
_Hx o? = log <1+0—)2(>
pg + o3 Hx

+ Predict one branch /,;g,, instead of balance: 1 € [0, s] and
log o with o € [0.1,10] (+ BatchNorm)

« Compute probability with N(u, o) truncated to [0, 5]

p = log
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Results - Overfitting experiment
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Perspectives - Where do we go now ?

Short term, practical:

« Branch length experiments, settle down on final
parametrization

- Train PF2 instance on a large LG training set
Longer term, theoretical:

- Posterior estimation: approximation performance of PF2?
« Likelihood-free: Models for which p(6|x) is intractable

L. Blassel - DEELOGENY 2025 24(27



Perspectives - Posterior approximation study

+ We can get a “ground truth” p(6|x) by running e.g.
RevBayes for many iterations’

« Such distributions have a limited number of topologies

- Compare topology frequencies between pgeygayes(d|Xx) and
prr2(0]x)

« Check calibration by comparing branches of simulated ¢
and samples ppr(0|X)

* For branch lengths, maybe you know ?

Hohna et al. 2016 110° ~ oo right?
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Perspectives - Intractable likelihoods

- Topologically we manage to beat IQTree’ on LG

+ Can we do better with complex models where computing
p(0|x) is difficult or intractable?

« Interaction models:

+ CherryML, residue pair coevolution
+ Potts models, How do we simulate ?
- Epistasis models

Models taking selection into account: e.g. SelReg

Confident this can work given our experience with PF

Prillo et al. 2023; Duchemin et al. 2023; Latrille et al. 2021 1 Yay!
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« WIP but we are close to truly end-to-end likelihood-free
phylogenetic inference
- Still limitations:

+ Better than PF but scalability is still an issue
+ Length overfitting also an issue

« Where do we go once PF2 is done ?

« Extend to unaligned sequence

« Predict Ancestral sequences or characters

« Downstream tasks: population dynamics, reconciliation,
epidemiology, ecology ...

Ti.e. DEELOGENY...
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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(My,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 - Tree simulation

sample
Birth-Death empirical
model diameter d
Rescale branches Rescale short
Rescale branches globally terminal
individually tofitd branches
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