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AI revolution is transforming the world

• Large Language Models, 
e.g., ChatGPT
• Autonomous systems (self-
driving cars, drones)
• Creativity - first Christie’s AI 
art sale 
• Drug discovery and health 
care, AlphaFold2



AI phylogeny

Our research aims to harness AI to improve phylogenetic 
inference



AI phylogeny

Part 1:



Phylogenetic-based tools and algorithms
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The tree score = log-likelihood

Tree likelihood 
𝑃𝑃(𝐷𝐷|M,T): The conditional 
probability of the data, given the 
model, M, and the tree, T 

T = Tree M = Evolutionary model

D = Data = Alignment



Finding trees keeps becoming more difficult
Today:
•Data: Aligned genomic sequences
•Size:  Up to GB of DNA sites, thousands of species
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The tree space is huge



Heuristic search

•To avoid local 
maxima, we start 
from multiple 
starting points

Start tree

•Start the search with a good guess for a starting tree
•Examine all “neighboring” trees by making small 
modifications to the current tree

•Move to the neighbor with the highest (likelihood) score



We can infer the ML tree
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How confidence we 
are in the best tree?

Different (unrooted) trees

LL score = -117

LL score = -110 LL score = -107



The phylogenetic jackknife



• We create new data sets by sampling randomly half of 
the characters without replacement. 

• We generate 100 pseudo-data sets.

• We do not change the number of sequences, just the 
number of positions!

Jackknife



s1 AGA
s2 AAA
s3 AGA
s4 AAA

Jackknife
Pseudo-data 1

We removed positions 1,4, and 6

s1 AAGTAA
s2 CAAAAC
s3 CAGGAA
s4 AAATAC

Original data



Jackknife

s1 AGA
s2 AAA
s3 AGA
s4 AAA

Pseudo-data 1

ML 
tree 
search

s1

s3

s2

s4

Best tree for
pseudo-data 1



Jackknife
• We repeat the process 100 times and get 100 best trees
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Our confidence in the 
pink tree in terms of 
jackknife support is 
50%.

Jackknife percentage

20 times

30 times 50 times



The phylogenetic bootstrap



s1 AGAGAT
s2 AAAAAA
s3 AAAGAG
s4 AGAAGT

Bootstrap
Pseudo-data 1

Same idea as jackknife but we sample with repetition. In this 
example, we sample positions 2 twice and position 5 twice and 
zero for position 1 and 6.

s1 AAGTAA
s2 CAAAAC
s3 CAGGAA
s4 AGATAC

Original data



Bootstrap
• Bootstrap is used more than jackknife in phylogeny, 

because it has the same data-size as the original data.



Bootstrap for splits
• Instead of getting the support for each tree, we can compute 

the support for a given split.

• The support for a given split is the percentage of pseudo-
tree in which this split appears.



Bootstrap for splits

S3

S1 S2

S5
S4

40 times

S1 S2

S3
S4

S5

S1 S4

S3 S2

S2

S1 S5

S3
S4

S5

30 times

The support for 
the split
{S1,S3}{S2,S4,S5}
is 60% 

5 times

25 times



Bootstrap is very slow



There’s a need for faster estimates
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Likelihood based methods

S3S1

S4S2

S3S1

S4S2

•Likelihood-based methods will estimate the 
support using differences in log-likelihood



How to evaluate different branch-support 
methods?

S3S1

S4S2

• In this case we have a true positive inference (TP)
•POSITIVE = the estimate is that the split exists
•TRUE = the estimate is correct

BP = 65%
S3S1

S4S2

ML tree with BP“TRUE TREE”



How to evaluate different branch-support 
methods?

S3S1

S4S2

• In this case we have a false negative inference (FN)
•NEGATIVE = the estimate is that the split does not exist
•FALSE = the estimate is wrong

BP = 35%
S3S1

S4S2

ML tree with BP“TRUE TREE”



How to evaluate different branch-support 
methods?

S2S1

S4S3

• In this case we have a false positive inference (FP)
•POSITIVE = the estimate is that the split exists
•FALSE = the estimate is wrong

BP = 65%
S3S1

S4S2

ML tree with BP“TRUE TREE”



We can compute confusion matrices and AUC 
scores

FP/N
TP

/P



ML (machine learning) for branch support values

Noa Ecker



ML (machine learning) for branch support values

Prof. Dorothee 
Huchon

Prof. Yishay 
Mansour 

Prof. Itay 
Mayrose



Intuition
• I would trust the red branch more than the blue one

S4

S1

S5
S3

S9

S6
S7

S8

S2



Features (out of 39)
•Branch length at the partition site
•Branch length divided by the mean branch length across the 
tree

•Branch length divided by the mean branch length among the 
four neighboring branches

•Number of MSA columns
•Number of unique MSA columns
•Percentage of constant sites
•The LL of NNI neighbors around the branch



Features (out of a 39)
•The count and proportion of taxa on the smaller or equal side of 
the bipartition

S3

S1

S4S2

S5

S6

S8

S7

Proportion of taxa on the smaller side of the bipartition = 0.25
Number of taxa on the smaller side of the bipartition = 2



Train and test datasets
• 6,000 simulated MSAs with 100 to 10,000 sites and between 30 

to 1,000 taxa.
• Each MSA was simulated along a different tree topology using 

Alisim (Ly-Trong et al., 2022), based on the script provided in the 
Github repository of RAxML-grove (Höhler et al., 2022).

• Each MSA was simulated using the DNA model associated with 
that tree in RAxML-Grove.

• Train set: 70% of the data; test set: the remaining 30%



Results, performance
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•RAxML BP = 0.946 Machine-learning = 0.968
•RAxML transfer BP = 0.907



Results, running time
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•21 times faster without optimizing the feature extraction 
algorithms:

The computation time of RAxML-NG standard bootstrap 
exhibited a median running time of 138 min on a single CPU. 
On the same data, our machine-learning model had a median 
running time of 6.5 min.



Results, calibration
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Expected Calibration Error (ECE) of machine-learning method 
(IQTREE) = 0.002
ECE for ultrafast bootstrap (IQTREE) = 0.043

Branch support score



Results, empirical data
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AI phylogeny

PART 2: 



NLP-based sequence alignment

GGACCGT
GAACC–T

Sequence 1: GGACCGT
Sequence 2: GAACCT

Alignment 
Algorithm



The transformer

Transformer
Rise of the 
robots

OUTPUT

L'ascension 
des robots

INPUT



BetaAlign

Transformer
AAG
ACCG

A A – G
A C C G
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Encoding: the “concat” language

AAG
ACGG A A G | A C G G Transformer

•Each letter in the “concat” language is a word, and the 
language has 5 different words (5 tokens)

A A – G
A C C G



The output language

ABVM

Upper letter Lower letter Symbol
A A A
A C B
A G C
A T D
A - E
… … …
- T X

AAG
ACGG A A G | A C G G

A A – G
A C C GTransformer



Performance



Performance



AI phylogeny

PART 3 (work in progress): 



An ML-based MSA objective function
• Inference of MSAs is a very difficult problem

•The implicitly assumed indel evolutionary models are 
oversimplified

•Which objective function should be optimized (the likelihood 
are very difficult to compute)

•Optimizing the objective function is difficult
•The MSA depends on the tree and vice versa



An ML-based MSA objective function
• Inference of MSAs is a very difficult problem

•The implicitly assumed indel evolutionary models are 
oversimplified

•Which objective function should be optimized (the likelihood 
are very difficult to compute)

•Optimizing the objective function is difficult
•The MSA depends on the tree and vice versa



Sum of pairs
•The sum-of-pairs (SoP) score is widely used for MSA scoring
•Higher SoP is supposed to be an indicator of a better MSA

ATG-C
ATGC-

Naïve scoring:
Mismatch: -1
Indel (gap): -1

Perfect match: +1

ATGC-
A-GCC

1 + 1 + 1 – 1 – 1 = 1

1 – 1 + 1 + 1 – 1 = 1

ATG-C
ATGC- 1 – 1 + 1 – 1 + 1 = 1

SoP = 1 + 1 + 1 = 3



Sum of pairs does not corelate well with accuracy
•500 alternative MSAs of a single dataset



Proposed solution
•Employing AI to develop novel scoring functions for MSAs that 
are better than the sum-of-pairs and to use our developed 
score to discriminate among MSAs



Our score well corelates with accuracy
•500 alternative MSAs of a single dataset

“True  distance” (dpos_ng)
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Our score well corelates with accuracy
•Simulated datasets



Our score well corelates with accuracy
•empirical datasets



Our score well corelates with accuracy
•Pick me game (simulations)



Our score well corelates with accuracy
•Pick me game (empirical)
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