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● Current generation of CS students 
“I want to do something with data science or 
machine learning” 
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Tree Inference Pipeline

Taxon 1:ACGTTT
Taxon 2:ACGTT
Taxon 3:ACCCT
Taxon 4:AGGGTTT

Orthology Clustering: 
Mostly ad hoc methods → 
no widely used uncertainty 
quantification approach



Tree Inference Pipeline

Taxon 1:ACGTTT
Taxon 2:ACGTT
Taxon 3:ACCCT
Taxon 4:AGGGTTT

MSA
Program

Taxon 1:ACGTTT-
Taxon 2:ACGTT--
Taxon 3:ACCCT--
Taxon 4:AGGGTTT

Multiple Sequence Alignment: 
Mostly ad hoc methods → 
no widely used uncertainty 
quantification approach, but 
Muscle 5 tool → ensembles
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Muscle5

Temperature Ensemble Forecast

perturb starting conditions
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Naively Propagating Uncertainty

One bunch of 
sequences 



Naively Propagating Uncertainty
10 orthologous 
clusters



Naively Propagating Uncertainty
100
MSAs



Naively Propagating Uncertainty
1000 
phylogenies



Naively Propagating Uncertainty
1000 
phylogenies



Naively Propagating Uncertainty
1000 
phylogenies

BANG !
→ we need to
be smarter
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Predicting Uncertainty: Step-by-Step

• If not already available come up with a reasonable difficulty 
(=uncertainty/variance/dispersion) definition, e.g.,  

– MSA difficulty: how different are the MSAs in an ensemble for a given unaligned 
sequence set 

– Phylogenetic difficulty: How topologically different are equally good trees  

– Phylogenetic support → we already have a definition

• Easy interpretation: difficulty between 0 and 1

0 → easy dataset → most programs, models, algorithms will yield the same result 

1 → difficult dataset → a total mess

• For phylogenetic support it’s the other way round 

1 → high support 

0 → low support 

• Figure out a way to generate labels for training 

• Train a model 



  

Predicting Uncertainty
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Predicting MSA Difficulty
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Reasonable MSA Difficulty Notion

• Describe dispersion/variability of MSAs in an MSA ensemble on same 
underlying unaligned sequence set 

• Find metric where 

– relative (reference-free) average pairwise distances between MSAs in 
ensemble 

– match average pairwise absolute (reference-based) distances of MSAs in 
ensemble to BALiBASE reference MSA 

• These average distances automatically scale to 0-1 

0 → easy MSA task 

1 → difficult MSA task 



  

Reasonable MSA Difficulty Notion
MSA tools used to generate MSAs



  

Reasonable MSA Difficulty Notion

Absolute MSA difficulty Relative MSA difficulty

BALiBASE reference MSA



  

Best MSA Difficulty Metric

• dpos – homology-set based metric see Blackburne and Whelan 
(2012)

• Selection Criteria
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Best MSA Difficulty Metric

• dpos – homology-set based metric see Blackburne and Whelan 
(2012)

• Selection Criteria

Relative difficulty

A
bs

ol
ut

e 
di

ff i
cu

lty

Absolute 
difficulty

Relative difficulty

Earth Mover Distance



  

dpos Label Generation

• 9651 unaligned sequence sets 
– 40% AA

– 60 % DNA

• Diverse sources 
– Treebase

– Oxbench 

– BALiBASE 

– HOMSTRAD

– PREFAB

– etc.

• Per unaligned sequence set generate MSA ensemble with 48 
MSAs



  

MSA Ensemble Generation

• MSA method selection criterion → widely used 

• MSA methods

– ClustalO →8 MSAs

– MAFFT →3 x 8 MSAs 

– MUSCLE v3 →8 MSAs

– MUSCLE v5 →8 MSAs

• Per unaligned sequence set we generate MSA ensemble with 
48 MSAs

• Relative difficulty label: compute relative average dpos for each 
MSA ensemble 



  

Train MSA Difficulty Prediction Model

• LightGBM regression model 



  

Train MSA Difficulty Prediction Model

• LightGBM regression model 

PSA = Pair-wise Sequence
Alignment triplets
_tc = transitive consistency



  

Train MSA Difficulty Prediction Model

• LightGBM regression model 

Notable differences between
AA and DNA data!



  

Performance on Completely Unseen 
Data
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Difficulty from MSA ensemble

6447 unaligend AA sequence sets 
With corresponding DNA sequence sets 
from PANDIT database 



  

RuntimesLog scale ! 



  

Predicting Phylogenetic Difficulty
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Easy & Difficult Likelihood Surfaces

7764 taxa, 1 gene
Inferred 20 ML trees

125 taxa, 34 genes
Inferred 20 ML trees

badly
shaped

well
shaped

TreesTrees

Average RF: 34.0%
Average RF: 0.5%



  

Now we can quantify this

• Previously the slide about easy and hard datasets was hand-
wavy

• Now we can quantify & predict phylogenetic difficulty



  

Easy & Difficult Likelihood Surfaces

7764 taxa, 1 gene 125 taxa, 34 genes

badly
shaped

well
shaped

TreesTrees

Difficulty: 0.63
Difficulty: 0.14
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Pythia Tool
Phylogenetic Difficulty Features

Parsimony = 76%



  

Predicting Phylogenetic Support
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EBG: Educated Bootstrap 
Guesser
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Independent Analogous Approach



44

Bootstrap Feature Importance

PBS = Parsimony Bootstrap Support from 200 parsimony bootstraps
PS = Parsimony Support from 1000 parsimony starting trees 

Parsimony: 85%

A Renaissance of parsimony as predictor for likelihood?
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Using Phylogenetic Difficulty

Tree 
inference
program

Taxon 1:ACGTTT-
Taxon 2:ACGTT--
Taxon 3:ACCCT--
Taxon 4:AGGGTTT

Taxon 2 Taxon 4

Taxon 1

Taxon 2

Taxon 3

Taxon 4
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Using Phylogenetic Difficulty as 
End-User

● Prior to tree inference 
→ determine analysis & post-analysis setup 
→ adjust/modify MSA
→ explore data filtering & assembly strategies
→ adjust user/reviewer expectations about data 
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Use Case 1: 
ML Score as Function of Difficulty

Inference method

LnL difference
to best known
tree

Difficulty spectrum
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Use Case 1: 
ML Score as Function of Difficulty
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Use Case 1: 
ML Score as Function of Difficulty
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Use Case 1: 
ML Score as Function of Difficulty
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Use Case 2: Adaptive RAxML-NG
● As a function of phylogenetic difficulty modify 

1) number of independent ML tree searches
→  independently shown in a paper by Antonis Rokas

2) thoroughness of the searches
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Use Case 2: Speedups
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Use Case 3: 
Biased Experimental Setup

Accuracy with data from our paper

Our method

Other method



55

Use Case 3: But ...

Accuracy from paper UFBoot2 paper – using different data
 

Other method
Other method
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Our data

UFBoot2 data

Use Case 3: Skewed Phylogenetic Difficulty 
Distribution
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Same should be done using MSA difficulty 
for MSA benchmarks ! 

Use Case 3: Skewed Phylogenetic Difficulty 
Distribution
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Use Case 4: SARS-CoV-2 - verify 
colloquial phylogenetic difficulty notion
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Use Case 4: SARS-CoV-2 - verify 
colloquial phylogenetic difficulty notion
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Use Case 4: SARS-CoV-2 - verify 
colloquial phylogenetic difficulty notion

MSA Difficulty of this dataset: 0.0 !!!!
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Use Case 5: Correlation between MSA 
difficulty and Phylogenetic difficulty? 
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MSA Difficulty Label (not prediction here!)



62

Use Case 6: by others
● Predict if adding a new sequence to existing phylogeny 

requires to re-optimize tree from scratch 
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RAxML-NG v2.0

• Already available for download
• Integration of machine learning stuff

– Automatically calculates and uses 
phylogenetic difficulty 

– Predicts support values 
• Many other new features I will omit 



  

Tree Inference Performance
553 simulated & empirical datasets
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Branch Support
Preliminary results 72 sim datasets! 
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Further Sources of 
Doubt & Uncertainty & Variance

• The energy we are using … 



  

Energy Efficient Computing

Price

Time00:00 10:00 20:0016:00
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Implementation

Real Time Data
→ gCO2 / kWh
→ EUR / kWh
→ % renewables

EcoFreq
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→ Zero workload modification
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→ Broad hardware support 



  

Implementation

Real Time Data
→ gCO2 / kWh
→ EUR / kWh
→ % renewables

EcoFreq
Dynamic Cap
→ Frequency (Mhz)
→ Power (W)
→ Utilization (%)

Advantages

→ Zero workload modification
→ Low latency - seconds!
→ Broad hardware support

→ ARM
→ GPU
→ CPU 



  

Why use EcoFreq?

Over-proportional savings
– 15-18% lower CO2 & 

electricity cost
– @ 10% throughput loss !
– adjustable via scaling policy

Resilience through flexibility
– Real-time control of power 

usage
– Prepared for the next energy 

crisis, price spikes, grid 
issues etc.



  

Over-proportional savings
– 15-18% lower CO2 & 

electricity cost
– @ 10% throughput loss !
– adjustable via scaling policy

Resilience through flexibility
– Real-time control of power 

usage
– Prepared for the next energy 

crisis, price spikes, grid 
issues etc.

0

5

10

15

20

performance CO2 cost

Reduction in %

Why use EcoFreq?



  

0

5

10

15

20

performance CO2 cost

Reduction in %
→ 14 HPC workloads
→ real historical price data from 
     Germany (2023) 
→ Kozlov & Stamatakis 

International Supercomputing 
Conference, 2024

Why use EcoFreq?



  

Further Sources of 
Doubt & Uncertainty & Variance

• PCA on SNPs
• Taxonomic classification
• Data Simulators 

– Degree of realism → machine learning
– Code verification 

• Software Quality 
• Parallel Reproducibility 



Pandora
Support Values for PCA on SNPs

Estimate 
Dimensionality 
Reduction 
Stability of 
Genotype Data 
via Bootstrapping 



Taxonomic Classification



Taxonomic Classification



Data Simulators

● Phylogenetic inference tool developers knew for 
a long time that tree searches on simulated data 
behave differently (and are easier) than on 
empirical data 

● This was hearsay, gut feeling, intuition 
→ can we quantify this?
→ dangerous for machine learning approaches? 

● Idea: Can a simple machine learning tool 
classify given datasets into empirical and 
simulated ones easily? 



Simulated Phylogenetic Data suck!

We can distinguish between empirical and simulated MSAs with high accuracy 
using two distinct and independently developed machine learning based 
classification approaches!



Simulator Verification
● Use distinct algorithms → implement simulator 

twice 
● Rigorous statistical testing of results 
● A bit like autopilot development in aviation industry 
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Software Quality

● SoftWipe tool for automatic scientific software 
quality assessment (C and C++)
 



SoftWipe 
Benchmark

my group :-)



SoftWipe 
Benchmark

Phylogenetic Simulation Tools 
with highly similar functionality



SoftWipe 
Benchmark

MSA Tools 



SoftWipe 
Benchmark

Covid simulation tool



Parallel Reproducibility 
under Distinct Core Counts



Thank You !
● Computational Molecular 

Evolution group – 
Heidelberg Institute for 
Theoretical Studies 

www.exelixis-lab.org  

● Biodiversity Computing 
Group – Institute of 
Computer Science, 
Foundation for Research 
and Technology Hellas 
(Crete)

www.biocomp.gr 

http://www.exelixis-lab.org/
http://www.biocomp.gr/


Can we predict how difficult a 
phylogenetic analysis will be? 

good scores

bad scores

search space

Global maximum

starting tree 0 starting tree 1
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Predicting Difficulty with Pythia
● Pythia = Boosted Tree Regressor
● Supervised Regression Task 

● Predict difficulty between 0 (easy) and 1 (difficult)
● Ground truth difficulty as training target based on 100 distinct 

Maximum Likelihood tree inferences
● Initially trained on 4K empirical MSAs

● Mean absolute error: 2.5%
● About to release Pythia v2.0   

● Trained with more data 
● Faster feature computation
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Definition of Difficulty
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Prediction Features
● Eight Features

● 4 MSA attributes
– Sites-over-taxa
– patterns-over-taxa 
– % gaps
– % invariant sites

● 2 MSA information metrics
– Shannon entropy
– Bollback multinomial test statistic

● 2 Parsimony-tree-based features
– Infer 100 parsimony trees 

→ average RF-Distance
→ % unique topologies



  

Empirical Difficulty Distributions

RAxML-Grove Database TreeBase Database 

#MSAs

Easy                       Hopeless Easy                       Hopeless



Difficult Datasets

● On difficult datasets 
– Infer a plausible tree set 
– And summarize it → summary statistics 

plausible tree set

Likelihood surface
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Summarized Trees

SARS-CoV-2 consensus tree colored by country



Difficult Datasets

● On difficult datasets 
– Infer a plausible tree set 
– And summarize it → summary statistics 

plausible tree set

Likelihood surface

If there is insufficient signal in the 
data to just infer a tree, one should not 

attempt to analyze the data under 
more complex (parameter-rich) models
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Adaptive RAxML-NG Tests
Difficulty Score Distribution

TreeBase
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Easy
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Difficult

SARS-CoV-2
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What does Difficulty mean? 
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Distances between trees
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Dataset Shapes

Intuitively it is this dataset here, as it contains much less 
information for telling apart more sequences

SARS-CoV-2 datasets are difficult !  
 

S1
S2
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
S10000
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SARS-CoV-2

● Assembled 4 distinct datasets 
● Per dataset 

→ executed 100 independent tree searches
● We use likelihood models

→ determine trees that are not statistically 
significantly different from each other in sets 
of 100 trees
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Results SARS-CoV-2

● For all 4 datasets about 70 out of 100 trees are 
not significantly different from each other with 
respect to their likelihood scores 
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Results SARS-CoV-2

● For all 4 datasets about 70 out of 100 trees are 
not significantly different from each other with 
respect to their likelihood scores

● But, their pair-wise topological differences 
amount to about 70% ! 
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Results SARS-CoV-2

● For all 4 datasets about 70 out of 100 trees are 
not significantly different from each other with 
respect to their likelihood scores

● But, their pair-wise topological differences 
amount to about 70% !
→ extremely weak signal
→ don't draw conclusions from a single tree!
→ summarize the trees via summary statistics! 
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Summarized Trees

SARS-CoV-2 consensus tree colored by country
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EBG: Educated Bootstrap Guesser
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EBG: Educated Bootstrap Guesser

Parsimony again! 
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AleRax

● Uses concept of amalgamated likelihoods → 
requires posterior per-gene tree set as input :-( 

● https://github.com/BenoitMorel/AleRax 

https://github.com/BenoitMorel/AleRax


Energy Efficiency

https://github.com/amkozlov/eco-freq  

https://github.com/amkozlov/eco-freq


EcoFreq



EcoFreq
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Software Quality Assessment

● SoftWipe tool for automatic scientific software 
quality assessment (C and C++)
 



Software Issues
● Bugs & Software Quality 
● Numerical Instability 
● Reproducibility (2 versus 4 cores) 
● We re-designed & optimized numerous tools – the 

Next Generation (NG) tools series 
– RAxML-NG

– ModelTest-NG

– EPA-NG

– Lagrange-NG 



  

Model Selection
preliminary results!

Median 6.69 Median 3.34

DNA AA
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