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Context - Phylogenetic inference
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Context - The problem with phylogenetic inference

1. Phylogenies are
hard!

2. Super-exponential
tree space
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Context - Tree reconstruction

Distance-based

Fast but inaccurate
Consider each pair
independently
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Maximum likelihood-based

Accurate but slow
Consider whole MSA
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Method - Likelihood-free inference, motivation
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Method - Amortized likelihood-free inference
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Method - Phyloformer overview
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Method - Similarity with structure prediction

12345678
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O = {d(a,b),d(a,c), . . . ,d(e,d)}
Distances between sequences

O = {d(1,2),d(1,3), . . . ,d(7,8)}
Distances between sites

Phyloformer Alphafold 1

1Jumper et al. [2021]

L. Blassel - MCEB 2024 7/14



Method - Why self-attention2?

Update xi with contribution from xj

xi

xj

q

k
a

v

Attention weight
(how much is
shared)

Value
(what is shared)

Query function Key function Value function

Learnable parameters

Dot product Update

• Represents elements in a
set as a weighted sum of
all elements (including
itself)

• Parametrized by learnable
weights

• Yields a context-aware
and learnable
representation

• Applies to sets regardless
of cardinality

2Vaswani et al. [2017]

L. Blassel - MCEB 2024 8/14



Method - Ensuring invariance & equivariance
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Self-Attention is already
permutation
equivariant!

Site-wise average
ensures invariance w.r.t.
sites.
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Results - Under LG+GC model, PF performs on par with ML
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Results - What about a more complex model ?

N

T∗
∗

Constraint

Structure MSA

adapted from 10.1038/s41598-019-55047-4
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• We simulate 250 pairs of
adjacent co-evolving sites

• We use a 400× 400
substitution matrix to
describe residue
co-evolution, from
CherryML a

• Most ML methods would
consider sites
independent

aPrillo et al. [2023]
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Results - Under a co-evolution model, PF performs the best
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Results - Inference speed
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• Phyloformer is the fastest
methoda

• Phyloformer is even faster
than FastME on its own

• Inference speed is
independent from model
complexity

ausing a GPU
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Final thoughts

Take-Home

1. On the standard LG model,
Phyloformer performs on par
with ML methods

2. It is easily adaptable to
more complex models

3. Once trained, it is the fastest
methoda

aProvided you have a GPU…

Perspectives

• Train on many complex
evolution models (e.g. Potts)

• Improve scalability by
moving away from pair
representation

• End-to-end MSA to tree
training pipeline with
differentiable tree-building
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Additional Methods - Data Encoding

MSA:
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Additional Methods - Network Architecture

Distance
Matrix

One-Hot encoded
Sequence
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Additional Methods - Tree simulation

Rescale branches
individually

Rescale branches
globally
to fit d

Rescale short
terminal
branches

Sample
empirical
diameter d

Birth-Death
model
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Additional Methods - Axial self-attention 3

Row attention
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3Ho et al. [2019], Rao et al. [2021]
L. Blassel - MCEB 2024



Additional Methods - Linear self-Attention

Scaled dot-product a

Z = softmax
(
QK⊤√
dk

)
V

ϕ̃(x) =
{
x+ 1, if x > 0
exp{(x)} if x ≤ 0,

aVaswani et al. [2017]

Linear Kernel Attention a

zi =
ϕ̃(qi)⊤

∑M
j=1 ϕ̃(kj)vj
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h=1 ϕ̃(kh)

Rank-1 Attention

z′i =
ϕ̃(qi)

M−1∑M
g=1 ϕ̃(qg)

·
∑M

j=1 ϕ̃(kj)vj∑M
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aKatharopoulos et al. [2020]
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Additional Results - Linear attention impact

0 2 4 6 8 10
Epoch

0.20

0.25

0.30

0.35

0.40

0.45

0.50

M
A

E
 L

os
s

Attention
Full

Kernel

Rank 1

Loss Type
Train

Val

2 3 4 6 10
Batch Size

0.0

0.5

1.0

1.5

2.0

2.5

3.0

P
ea

k 
A

llo
ca

te
d 

G
P

U
 B

yt
es

1e10

Attention
Kernel

Rank 1

L. Blassel - MCEB 2024



Additional Results - Indel Model
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Additional Results - SelReg Model
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Additional Results - PF captures co-evolution out of the box

Network on test dataset: PFCherry on Cherry PF on Cherry PFCherry on LG PF on LG

a = co-evolution attentions 0.256 0.255 0.120 0.135
b = other attentions 0.098 0.115 0.121 0.136
Ratio a/b 4.424 3.408 0.999 0.995
auto-attentions 0.579 0.535 0.542 0.523

• PF Already assigns
high-attention
values to
co-evolving site
pairs

• PFCherry likely
exploits this signal
for better
performance

• PF does this without
needing positional
encoding
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Additional Results - PF performs model-based inference
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Indels

Cherry

SelReg

3.4e-01 3.7e-01 1.1e+00 1.7e+00

3.2e+00 5.8e-01

2.5e+00 1.0e+00

6.1e+00 6.1e-01

Kuhner-Felsenstein distance

8.2e-02 9.3e-02 1.1e-01 1.2e-01

4.2e-01 1.3e-01

1.8e-01 1.2e-01

1.4e-01 1.2e-01

Normalized Robinson-Foulds distance

PF

PF_I
nd

el

PF_C
he

rry

PF_S
elR

eg

LG+GC

Indels

Cherry

SelReg

1.2e-01 1.3e-01 8.0e-01 1.4e+00

3.4e+00 2.0e-01

1.5e+00 2.7e-01

5.3e+00 1.5e-01

Mean Absolute Error

PF

PF_I
nd

el

PF_C
he

rry

PF_S
elR

eg

7.5e-02 8.1e-02 3.1e-01 8.1e-01

4.9e+00 1.1e-01

5.2e-01 9.0e-02

5.1e+00 7.4e-02

Mean Relative Error

1

2

3

4

5

6

0.10

0.15

0.20

0.25

0.30

0.35

0.40

1

2

3

4

5

1

2

3

4

5

L. Blassel - MCEB 2024



Additional Results - Fine tuning with MRE loss
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Additional Results - Mean relative error
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Additional Results - Memory requirements
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Additional Results - Phyloformer outputs likely trees
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Additional Results - Training runs

Network
Name

Starting
Network

Batch
Size

Dataset
Size

Model of
evolution

Effective
number of

Steps/Epochs
GPUs
used

Target
learning
rate

Target
schedule
steps

Selected
checkpoint

step
Loss

Function

PFBase
Initialized
network

4 170k LG+GC 145.18k/20.5 6×A100 10−3 213.2k 144k MAE

PF PFBase 4 224k LG+GC 40.3k/4.32 6×A100 10−4 66k 40,3k MRE

PFIndel PFBase 1 55k LG+GC+indels 240k/17.45 4×V100 10−3 240k 136.5k MAE

PFCherry PFBase 4 1M Cherry 30k/0.72 6×A100 10−3 66k 18k MAE

PFSelReg PFBase 4 1M SelReg 66k/1.58 6×A100 10−3 66k 66k MAE
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