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Zusammenfassung

Die Inferenz phylogenetischer Bäume anhand des Maximum-Likelihood-(ML)-Kriteriums
istNP-schwer. Daher setzen Werkzeuge zur ML-basierten Stammbaumberechnung Heuris-
tiken ein, um den immensen Suchraum möglichst effizient zu explorieren. Für ein gegebenes
multiples Sequenzalignment (MSA) zielen phylogenetische Inferenzwerkzeuge darauf ab,
diejenigen statistischen Parameter, welche Baumtopologie, Astlängen, sowie Parametern
des Evolutionsmodells umfassen, zu bestimmen, welche die phylogenetische Likelihood-
Funktion maximieren. Die Form des Likelihood-Raumes variiert jedoch erheblich zwis-
chen verschiedenen Datensätzen. Für MSAs mit starkem phylogenetischem Signal weist
der Raum der Stammbäume ein einzelnes Likelihood-Maximum auf, welches einer einzigen
Topologie zugeordnet werden kann, zu der die meisten, wenn auch nicht alle, unabhängi-
gen ML-Baumsuchen rasch konvergieren. Für andere Datensätze können unterschiedliche
Suchläufe widersprüchliche—jedoch gleichermaßen wahrscheinliche bzw. statistisch hin-
sichtlich ihrer Sequenz in solchen Fällen nicht unterscheidbare—Topologien liefern, was
einem zerklüfteten Raum mit mehreren lokalen Optima entspricht.

Gleichzeitig sind die Eingabesequenzen eines MSA inhärent verrauscht. Dies erhöht
die Wahrscheinlichkeit, dass ML-Werkzeuge zu Overfitting tendieren, wobei in solchen
Fällen die beste gefundene Topologie fälschlicherweise neben dem tatsächlichen phylo-
genetischen Signal auch das Rauschen modelliert. Selbst wenn kein Overfitting auftritt,
wirft das vorhandene Rauschen die Frage auf, ob eine (zu) ausgiebige Optimierung
gerechtfertigt ist. In vielen Fällen reicht eine hinreichend “gute” und statistisch äquiv-
alente (zur bestgefundenen) Lösung aus, zumal gründliche ML-Inferenzwerkzeuge wie
RAxML-NG häufig lediglich marginale und statistisch nicht unterscheidbare Likelihood-
Verbesserungen während der finalen Optimierungsphasen erzielen.

Eine orthogonale Herausforderung besteht wenn sogenannte Multi-Gen-Alignments
fehlende Daten aufweisen, die potenziell das Phänomen sogenannter Stände im phylo-
genetischen Baumraum induzieren können. Stände sind Mengen von Bäumen, die mit
den unvollständigen Bäumen der einzelnen Gene kompatibel sind. Anhand der üblicher-
weise verwendeten Bewertungskriterien weisen die Bäume auf einem Stand identische
Bewertungen aus und bilden somit eine sogenannte Terrasse. Terrassen vergrößern die
Anzahl zu berücksichtigender plausibler Bäume und untergraben damit die Zuverläs-
sigkeit phylogenetischer Analysen.

Alle bislang genannten Herausforderungen offenbaren die intrinsische Komplexität des
ML Bauminferenzproblems, sowohl aus ingenieurwissenschaftlicher als auch aus biologis-
cher Perspektive. Ferner werden die Anforderungen an ML-basierte Methoden immer
höher, da moderne Sequenzierungstechnologien mit superexponentieller Rate Sequenz-
daten generieren und die Größe zu analyiserender MSAs somit stetig wächst.Aufgrund
der Vielfalt dieser internen und externen Herausforderungen ist die Entwicklung neuar-
tiger und adaptiver datenbasiert Heuristiken, die plausible Bäume schneller identifizieren
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können notwendig.
Ziel dieser Dissertation ist es, ein verbessertes Verständnis der Struktur des Likeli-

hood Baumraums zu erlangen sowie die Effizienz von ML-Bauminferenzheuristiken zu
verbessern. Mein erster Beitrag besteht in der Entwicklung und Implementierung einer
adaptiven Baumsuchheuristik in RAxML-NG, welche die Gründlichkeit der Suche als
Funktion der von Pythia prognostizierten sogenannten “Schwierigkeit” anpasst. Basierend
auf Methoden des maschinellen Lernens sagt Pythia das phylogenetische Signal eines
gegebenen MSAs präzise vorher. Die adaptive RAxML-NG Version kann in 99.7% aller
untersuchten Fälle plausible Bäume berechnen und erzielt Beschleunigungen von bis zu
16× im Vergleich zu RAxML-NG v1.1, insbesondere bei leicht und schwer zu analysieren-
den MSAs.

Der zweite Beitrag besteht in der Integration des Kishino-Hasegawa (KH) Tests in
RAxML-NG, welcher anschließend als zuverlässiges und schnell zu berechnendes Ab-
bruchkriterium der Baumsuche verwendet wird, um einer übermäßigen sowie rechenin-
tensiven Überoptimierung vorzubeugen. Die Baumsuche wird vorzeitig beendet, wenn
weitere Verbesserungen statistisch insignifikant werden, und passt sich damit einherge-
hend an das Konvergenzverhalten eines gegebenen Datensatzes an. Der Abbruch führt
zu bis zu 5× Beschleunigungen, während die statistische Plausibilität in bis zu 98% der
untersuchten Fälle im Vergleich zu RAxML-NG v1.2 erhalten bleibt.

Drittens führe ich eine systematische Untersuchung von Overfitting in ML Baumin-
ferenzwerkzeugen durch, mit einem Schwerpunkt hinsichtlich der potenziellen Auswirkun-
gen eines Overfittings auf die Baumtopologie. Die Ergebnisse zeigen, dass ML-Werkzeuge—
und insbesondere die gründlichen—kein Overfitting aufweisen. Konkret wurden Tenden-
zen zum Overfitting für weniger als 1% der getesteten Datensätze festgestellt. Darüber
hinaus bieten Holdout-Validierungstechniken, die im Deep Learning häufig eingesetzt
werden, im Kontext der ML-basierten Bauminferenz keinen praktischen Vorteil.

Viertens schlage ich die Standard-Suchheuristik für RAxML-NG v2.0 vor, indem ich
die Erkenntnisse aus den Entwicklungen von Adaptive RAxML-NG und dem Frühab-
bruch sowie das vertiefte Verständnis des heuristischen Verhaltens aus der Overfitting-
Untersuchung zusammenführe. Neben der Standardheuristik schlage ich eine beschleu-
nigte „schnelle“ heuristische Alternative vor, die Anwender einsetzen können, wenn sie
sehr große Phylogenien mit Tausenden von Taxa analysieren, bei denen gründliche In-
ferenzen in Bezug auf die Rechenzeit und notwendigen Ressourcen unerschwinglich wer-
den. Die vorgeschlagene schnelle Heuristik erreicht eine deutlich höhere Genauigkeit als
konkurrierende Werkzeuge mit vergleichbaren Laufzeiten, wie beispielsweise FastTree.

Abschließend stelle ich eine effiziente Parallelisierung von Gentrius vor, einem Branch-
and-Bound-Algorithmus, der alle Stand-Bäume eines gegebenen partitionierten MSA mit
fehlenden Daten aufzählt. Die Parallelisierung nutzt einen Thread-Pooling-Mechanismus
zur Optimierung der Lastverteilung und erreicht dadurch eine hohe parallele Effizienz
mit linearer Skalierbarkeit auf bis zu 16 Kernen.
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Abstract

Inferring phylogenies under the Maximum Likelihood (ML) criterion is NP-hard. There-
fore, ML tree inference tools deploy heuristics to navigate through the vast tree space.
For a given multiple sequence alignment (MSA), phylogenetic inference tools strive to
determine the statistical model comprising the tree topology, its branch lengths, and the
evolutionary model parameters, that maximize the phylogenetic likelihood function. The
shape of the likelihood space, however, varies substantially across datasets. For MSAs
with strong phylogenetic signal, the tree space exhibits a single likelihood peak, associated
with a unique topology, to which most, if not all, independent ML tree searches rapidly
converge. For other datasets, distinct searches may yield contradicting—yet equally likely
or statistically indistinguishable—topologies, reflecting a rugged space with multiple local
optima.

At the same time, MSA input sequences are inherently noisy. This increases the
chances that ML tools may experience overfitting, whereby the best-found topology in-
correctly models noise alongside the true phylogenetic signal. However, even if overfitting
does not occur, the de facto presence of noise raises the question whether thorough opti-
mization is justified. In many cases, a reasonably “good” and statistically equivalent (to
the best-found) solution may suffice, especially since thorough ML inference tools, such
as RAxML-NG, often only attain marginal and statistically indistinguishable likelihood
improvements during the final optimization stages.

An orthogonal challenge arises from multi-gene alignments with missing data, which
occasionally give rise to the phenomenon of so-called stands in the phylogenetic tree space.
Stands are sets of trees that are compatible with the incomplete per-gene trees. Under
standard tree scoring criteria that are typically used, the trees on a stand have identical
scores, and thereby constitute a terrace. Terraces magnify the number of plausible trees
to be considered and undermine the robustness of a phylogenetic analysis.

All issues mentioned hitherto reveal the internal complexity of the ML tree infer-
ence problem, both from an engineering as well as a biological perspective. On top of
this, modern sequencing technologies generate sequence data at a super-exponential rate,
thereby imposing an additional, external pressure on ML-based methods, namely, the
continuous increase in size of MSAs to be analyzed. Due to the miscellany of internal
and external challenges, the need to devise novel, adaptive, data-informed heuristics that
can identify equally plausible trees more rapidly has become imperative.

The purpose of this thesis is to offer an improved understanding of the structure of
the likelihood-tree space, and of how ML tree inference heuristics operate on it. My first
contribution is the development and implementation of an adaptive tree-search heuris-
tic in RAxML-NG, which adjusts the thoroughness of the search as a function of the
difficulty score predicted by Pythia. Pythia is a machine learning predictor that accu-
rately estimates the phylogenetic signal in a given input MSA. Adaptive RAxML-NG
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infers plausible trees in 99.7% of cases, and achieves speedups of up to 16× compared to
RAxML-NG v1.1, particularly on easy- and difficult-to-analyze MSAs.

The second contribution is the integration of the Kishino-Hasegawa (KH) test into
RAxML-NG, which is then used as a reliable and fast-to-compute early stopping criterion,
to effectively evade excessive and compute-intensive over-optimization. The tree search
terminates early when improvements become statistically insignificant, thereby adapting
to the convergence behavior of an inference in a dataset-specific manner. Early stopping
yields speedups of up to 5×, while preserving statistical plausibility in up to 98% of the
cases, compared to RAxML-NG v1.2.

Third, I conduct a systematic investigation of overfitting in ML tree inference tools,
specifically focusing on the potential impact of overfitting the tree topology. The results
show that ML tools, and, more importantly, the thorough ones, do not exhibit overfitting.
Specifically, overfitting trends are detected in less than 1% of the tested datasets. Further,
holdout-validation techniques that are commonly used in deep learning offer no practical
benefit in the context of ML-based tree inference.

Fourth, I propose the default tree search heuristic for RAxML-NG v2.0, by synthe-
sizing the insights attained during the Adaptive RAxML-NG and early stopping devel-
opments, as well as the deeper understanding of heuristic behavior obtained from the
overfitting investigation. Alongside the default heuristic, I propose an accelerated “fast”
heuristic alternative that practitioners may invoke when analyzing very large phylogenies
comprising thousands of taxa, on which thorough inferences become prohibitive. The
proposed fast heuristic achieves substantially higher accuracy than competing tools with
comparable runtimes, such as FastTree.

Finally, I provide an efficient parallelization of Gentrius, a branch-and-bound algo-
rithm that enumerates all stand trees of a given partitioned MSA with missing data.
The parallelization deploys a thread-pooling mechanism to reduce load imbalance, and
thereby achieves high parallel efficiency with linear scalability on up to 16 cores.
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1. Introduction

1.1 Background and Motivation

Evolution plays a central role in modern biology [41]. It serves as the unifying principle
that explains both the diversity of life and the similarities among living organisms. The
evolutionary history of a set of organisms follows a hierarchical structure called phylogeny,
which schematically represents the temporal occurrence of speciation events. The idea
that organisms share a common, hierarchically structured phylogeny dates back to the
early 19th century [35, 78, 114, 153], when contemporary scholars proposed evolutionary
hypotheses (cladograms) based on empirical observations. Charles Darwin synthesized
the ideas of his time into a unifying theory of evolution. In the book On the Origin of
Species [35], he proposed natural selection as the driving mechanism of evolution and
provided substantial empirical evidence supporting his theory. For these reasons, Darwin
is regarded as the founder of evolutionary biology.

Until the 1950s, experts had been proposing phylogenies solely based on morpho-
logical and phenotypic traits observed across organisms [67, 185, 206]. Evidently, such
hypotheses entailed subjective biases. The advent of protein sequencing techniques in
the 1950s [44, 168, 170] marked the first time that molecular sequence data became
available. A few years later, the discovery of DNA revolutionized molecular biology [59,
221], and in the next decade, sequencing technologies for nucleic acids (DNA/RNA) be-
came available [169]. This opened the possibility of inferring phylogenies directly from
molecular sequence data via mathematical and computational methods. Mathematicians
developed mechanistic models of sequence evolution, and computer scientists developed
and implemented algorithms to infer phylogenies from sequences using these methods.

With the advent of next-generation (NGS; [13, 127]) and third-generation (TGS; [29,
45]) sequencing technologies, DNA sequencing cost decreased exponentially [222], lead-
ing to an explosive growth in the available sequence data volume [126]. Computational
approaches therefore became the only realistic way to infer phylogenies at scale. The two
primary methods developed for phylogenetic inference from sequence data (which are
still widely used) are the Maximum Parsimony (MP) [56] and the Maximum Likelihood
(ML) [52] criteria. However, both problems areNP-hard [36, 157], rendering tree searches
on large multiple sequence alignments (MSAs) computationally intractable. Therefore,
tools such as RAxML-NG [111], IQ-TREE [131], FastTree [151], and PhyML [68] indis-
pensably rely on heuristics to obtain “good” solutions within reasonable time.

In addition to the inherent computational complexity of ML inference, factual chal-
lenges arise when the problem is viewed through a biological lens. The heuristics imple-
mented in modern ML tools are pseudo-random: given identical starting conditions, they

1
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deterministically1 infer the same output tree. To assess the robustness of the inferred
topology, users—or the tools themselves, implicitly—modify the starting conditions and
repeat the analysis. Ideally, an input MSA should contain sufficient phylogenetic signal
such that, even when starting conditions differ, the resulting trees remain identical, or at
least highly similar. For some datasets, the former scenario prevails, while for others—
with weak signal—different starting conditions yield highly contradictive topologies. The
Pythia tool [73], developed by fellow lab member Julia Haag, is a machine learning pre-
dictor which quantifies this behavior. For each MSA, Pythia returns a floating-point
number in [0.0, 1.0] that reflects the phylogenetic signal strength of the MSA. This natu-
rally leads to the idea of using the predicted Pythia score of the input MSA to effectively
adapt the tree-search heuristic, with the goal to attain runtime improvements while pre-
serving accuracy.

Moreover, sequence data are inherently noisy for a plethora of reasons, such as se-
quencing and alignment errors. This indicates that thorough optimization may not be
necessary in practice. Indeed, if the MSAs are noisy, then a “reasonably good” solution
should suffice, as the mathematically optimal one might overfit the noise rather than re-
flect the true phylogenetic signal. Hence, I explore the possibility of further accelerating
heuristic searches by integrating early stopping strategies. I always stipulate the statis-
tical equivalence of the trees inferred via the accelerated heuristics, compared to those
obtained via some thorough (and potentially over-)optimization, as necessary condition
for accepting such heuristic modifications. There is a fine line between effective early
stopping and premature termination.

It is important, though, to distinguish between the phenomena of over-optimization
and overfitting. For instance, an accelerated, early stopping version of RAxML-NG may
infer ML trees that are statistically indistinguishable from those obtained via the stan-
dard heuristic. However, this does not in itself imply the presence of overfitting. It may
instead indicate that the default RAxML-NG heuristic is overly stringent, and invokes
unnecessary optimization rounds toward the end of the search, that yield negligible im-
provements. A characteristic example is the adjustment of the log-likelihood convergence
threshold (ε) that was introduced between RAxML-NG v1.1 and v1.2. The ε-threshold
was relaxed from 0.1 to 10, owing to the results of a systematic study [74], which showed
that the former value was excessively strict. Building on this, I argue that the ε-threshold
should not remain fixed across datasets, but should instead be dynamically determined
according to the convergence behavior of an individual tree inference and MSA.

At the same time, even if early stopping strategies succeed in accelerating thorough
ML heuristics, the question of overfitting still remains unanswered. ML-based tree infer-
ence is a typical optimization problem in statistical learning. The statistical model being
optimized is parameter-rich, comprising both discrete (the tree topology) and continuous
parameters (e.g., branch lengths and substitution model parameters) [228]. In analogy to
the training process in deep learning models, the optimization process can be decomposed
into distinct iterations, each one corresponding to a single topological move. Moreover,
since the fundamental assumption of the ML criterion is that sites evolve independently,
we can split the input data (i.e., the MSA sites) into training and testing sites. Therefore,
in analogy to standard deep learning techniques, we can investigate the potential impact
of overfitting in ML tree inference. We may pose the question whether thorough ML

1In fact, ML tools are deterministic when they are provided with identical starting conditions, and
are executed sequentially. In parallel execution, minor variation may occur due to the non-associativity
of floating-point arithmetic in parallel reduction (sum) operations [63, 84].
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tools are susceptible to overfitting and, if so, whether overfitting primarily affects the
tree topology, which is the biologically most meaningful parameter. Further, we may ex-
amine whether deep learning techniques to evade overfitting, such as holdout-validation,
offer practical benefits in phylogenetic inference. These are important questions that, to
the best of my knowledge, have not been sufficiently addressed in the current literature,
and may provide a better understanding of the behavior of ML heuristics and tools.

Orthogonal to all of the above, there exists another phenomenon that further magnifies
the number of plausible trees to be considered as valid solutions. This is the phenomenon
of terraces, that is, a set of distinct trees with the exact same analytical likelihood or
parsimony score [166, 167]. Terraces are closely related to the phenomenon of stands,
which may arise under the following conditions. Partitioned MSAs, comprising several
genes, are frequently used to infer phylogenies, instead of using single-gene alignments.
These datasets are constructed by concatenating single-gene MSAs. Missing per-gene (or
per-locus) sequences may give rise to stands, that is, sets of trees that are all compatible
with the incomplete—due to missing sequences—per-locus trees. Under many common
criteria, the trees from a stand reside on a terrace. One main challenge is that the
number of trees within a stand can grow exponentially with the number of species in the
partitioned MSA. Therefore, identifying stands and efficiently enumerating the trees they
comprise is crucial for conducting robust phylogenetic analyses.

In summary, phylogenetic tree inference is a typical optimization problem, yet with
prohibitive computational complexity. The expected runtime for finding the optimal
solution scales super-exponentially with respect to the number of MSA sequences (under
the assumption that P ̸= NP). Moreover, the biological interpretation of the inferred
solution is equally important and induces an additional layer of complexity. Practitioners
ultimately seek tools that are both efficient and reliable, often taking the credibility of
the inferred tree for granted. In this thesis, I aim to provide a better understanding
of the properties of phylogenetic tree space and on how ML tree inference heuristics
operate within it. Building on this, I introduce adaptive, data-informed modifications
based on the intrinsic properties of the input MSAs. The overall objective is to revise
the current heuristic that RAxML-NG 1.x deploys, such that we achieve substantial
runtime improvements while preserving statistical equivalence among the inferred ML
trees, thereby effectively establishing the default tree search heuristic of RAxML-NG v2.0.

1.2 Thesis Structure and Contributions
This thesis is structured as follows. In Chapter 2, I introduce the fundamental concepts
of phylogenetics which are relevant for understanding this work. I place particular em-
phasis on ML tree inference with a focus on RAxML-NG, which is the tool into which I
integrate the methods developed in this thesis. In addition to the fundamental principles
of phylogenetic tree inference, I also provide the necessary background information on
several related topics: (i) the statistical tests used to establish the equivalence of distinct
tree topologies within the ML framework, (ii) the Pythia tool, (iii) sources of inherent
noise in MSAs and the concept of overfitting in statistical learning, and (iv) the concepts
of stands and terraces.

In Chapter 3, I present Adaptive RAxML-NG, a tool which modifies the thoroughness
of the tree search heuristic as a function of the difficulty score predicted by the Pythia
tool. Experimental results on 9,515 empirical and 5,000 simulated MSAs demonstrate
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substantial speedups compared to RAxML-NG v1.1, particularly on easy and difficult
datasets, where they attain an up to 16× runtime improvement.

At the same time, I explored the possibility of integrating early, yet adequate, stopping
criteria into RAxML-NG, to evade over-optimization. Hence, in Chapter 4, I describe
how I integrated the Kishino-Hasegawa (KH) test [106] into RAxML-NG as a fast and
reliable early-stopping method. The tree search terminates early when further improve-
ments become statistically insignificant, thereby adapting to the convergence behavior
of each individual tree search and MSA. An important by-product of this study was the
development of a simplified heuristic for RAxML-NG (sRAxML-NG), which I proposed
as a necessary simplification in order to apply any form of early stopping criterion. In
conjunction with sRAxML-NG, the KH-based early stopping criterion achieves an up to
5× speedup on DNA, and 3.9× on protein MSAs compared to RAxML-NG v1.2, when
benchmarked on 300 large empirical MSAs. At the same time, it infers statistically plau-
sible ML trees for up to 98% of empirical DNA datasets, while performance on protein
MSAs is slightly worse (∼94%).

In Chapter 5, I conduct a systematic investigation of overfitting in ML tree inference
tools that focuses on the potential impact of overfitting on the inferred tree topology. I
examine overfitting trends in three widely used ML tools: RAxML-NG, IQ-TREE [131],
and FastTree [151]. Specifically, I employ a 10-fold Monte Carlo cross-validation scheme,
by partitioning 9,062 empirical and 6,342 simulated MSAs into training (80%) and testing
(20%) sites. I conduct ML tree inferences using the aforementioned tools and store all
intermediate improved topologies, that is, those which were visited and retained by the
tools due to higher log-likelihood scores. I evaluate the recorded trees on the testing
sites to construct testing curves, which I subsequently analyze. The results show that
topological overfitting is virtually absent: for instance, RAxML-NG and IQ-TREE exhibit
overfitting trends in less than 1% of empirical MSAs. To complement these findings, I
develop and benchmark a site-based holdout-validation (HV) variant of RAxML-NG. The
results further confirm the absence of overfitting and indicate that excluding MSA sites
substantially reduces phylogenetic signal.

The development of Adaptive RAxML-NG (Chapter 3) marked my first own devel-
opment of ML tree inference heuristics. Although the contribution is undoubtedly im-
portant, in retrospect the heuristic that Adaptive RAxML-NG deploys is most likely too
stringent. Meanwhile, sRAxML-NG provided an intuition on how the default RAxML-
NG heuristic should be redesigned to achieve substantial runtime improvements without
compromising accuracy. However, sRAxML-NG with ES requires further tuning, as in
some cases (especially on protein MSAs) it tends to terminate prematurely.

After extensive benchmarking and fine-tuning, I propose the default heuristic of
RAxML-NG v2.0 in Chapter 6. This new heuristic synthesizes ideas from both the
Adaptive and the ES versions. I call it the Hegelian heuristic, as it represents a tradeoff
between speed and accuracy, echoing Hegel’s philosophy of synthesis between opposing
tensions. Specifically, the default RAxML-NG v2.0 heuristic is on average 7× faster than
RAxML-NG v1.1, while it infers statistically equivalent, or even better ML trees. Along-
side this default heuristic, I introduce an additional fast mode for RAxML-NG v2.0, that
enables rapid, yet still sufficiently accurate, inference of very large phylogenies. This fast
heuristic exhibits comparable accuracy to that of IQ-TREE, and substantially outper-
forms superficial tree search alternatives (e.g., FastTree) both in terms of accuracy and
speed.

Chapter 7 is orthogonal, and concerns the parallelization of the Gentrius algorithm [28].
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Gentrius is a branch-and-bound algorithm which enumerates all stand trees for a given
dataset. However, its workflow tree cannot be determined a priori, and the number of
stand trees can grow exponentially with the number of taxa [19]. These properties ren-
der effective parallelization and load balancing particularly challenging. I describe how I
overcome these difficulties by employing a thread-pooling approach, that achieves linear
scalability up to 16 cores. Chronologically, this was the first project of my PhD, but I
present it in the final chapter because it is somewhat independent of, yet conceptually
related to, the remainder of this work. I conclude and discuss future work in Chapter 8.



2. Preliminaries

This Chapter contains text and figures from the following publications:

• Anastasis Togkousidis, Olga Chernomor, and Alexandros Stamatakis. “Parallel In-
ference of Phylogenetic Stands with Gentrius.” 2023 IEEE International Paral-
lel and Distributed Processing Symposium Workshops (IPDPSW) (pp. 139-148).
IEEE.

• Anastasis Togkousidis, Oleksiy M. Kozlov, Julia Haag, Dimitri Höhler, and Alexan-
dros Stamatakis. “Adaptive RAxML-NG: Accelerating Phylogenetic Inference un-
der Maximum Likelihood using Dataset Difficulty.” Molecular Biology and Evolu-
tion, Volume 40, Issue 10, October 2023. https://doi.org/10.1093/molbev/msa
d227

• Anastasis Togkousidis, Alexandros Stamatakis, and Olivier Gascuel. “Accelerating
Maximum Likelihood Phylogenetic Inference via Early Stopping to Evade (Over-
)optimization.” Systematic Biology, 2025. https://doi.org/10.1093/sysbio/s
yaf043

• Anastasis Togkousidis, Olivier Gascuel, and Alexandros Stamatakis. “A System-
atic Investigation of Overfitting in Maximum Likelihood Phylogenetic Inference.”
biorxiv, 2025. https://doi.org/10.1101/2025.10.07.680876

In this chapter, the material I include from the above publications serves only as back-
ground information, and does not refer to the methods or results reported therein. The
first three publications are peer-reviewed. The fourth publication is currently available
as a preprint on biorxiv, and has been submitted for peer-review.

Phylogenetics is the study of the evolutionary history and relationships among bio-
logical entities, such as species, individuals, or specific genes. We refer to those entities
as taxa. For a given a set of taxa, the goal is to infer the underlying evolutionary history,
which, in the context of this work, follows a treelike structure. The ultimate goal of the
field is to reconstruct the, so called, universal Tree of Life [95, 225, 226]. Historically, ex-
perts inferred phylogenies based on morphological and phenotypic traits observed across
specimens [206]. Today, phylogenetic analyses heavily rely on computational methods.
Input taxa are now represented by nucleotide or protein sequences, typically sampled from
distinct species. Modern approaches use a mathematical framework which describes how
the input sequences evolved. In this chapter, I outline the fundamentals of the compu-
tational methods that are used to infer phylogenies from sequence data. These serve as
prerequisites to understand my research contribution. Throughout this thesis, all refer-
ences to phylogenetic tree inference refer to computational methods.

6
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Figure 2.1: An example of a rooted (left), and an unrooted (right) phylogenetic tree.
The tree on the right is the unrooted version of the tree on the left.

2.1 Phylogenetic Trees

2.1.1 The Phylogenetic Tree as a Graph
With respect to graph theory, phylogenetic trees are unordered, strictly binary trees,
with labeled tip nodes (leaves). These trees are also called strictly bifurcating. There
is a bijective mapping between the tip nodes of the phylogenetic tree, and the set of
taxa included in the analysis. Hence, tip x refers to the tip node to which taxon x is
assigned. Phylogenetic trees can either be rooted or unrooted. In the former, the root
node corresponds to the most recent common ancestor of the taxa at the tips. A rooted
phylogenetic tree is a Directed Acyclic Graph (DAG). Inner nodes signify speciation
events and, in analogy to the root, correspond to the most recent common ancestor of
the subset of taxa contained in the descending subtree. All inner nodes, except for the
root, have a degree of 3. They are connected, through an incoming edge, to their ancestor
(or parent node), and they give rise to exactly two descendants (or child nodes), to which
they link via outgoing edges. The root node has a degree of 2, as it has no ancestor.
Tip nodes have a degree of 1 (only one incoming edge). The edges of the tree are also
called branches. External branches are those connected to the tip nodes, while all other
branches are internal (or inner).

We can convert a rooted phylogenetic tree to an unrooted one, by removing its root
node, and merging the two outgoing edges into a single edge (see Figure 2.1). Unrooted
phylogenetic trees are undirected. They primarily capture relationships between taxa,
that is, they describe how taxa cluster together. This will become more evident in the
next Section (Section 2.1.2), where I introduce the concepts of splits and quartets on
unrooted trees. All inner nodes of an unrooted tree have a degree of 3.

We assign branch lengths to the edges of a phylogeny to reflect evolutionary distances
between speciation events. As discussed in Section 2.2, taxa correspond to nucleotide/pro-
tein sequences. Therefore, branch lengths quantify the amount of genetic change that
occurred between speciation events; the longer the branches, the greater the evolutionary
divergence between the corresponding tree nodes. Moreover, branch lengths are an im-
portant set of parameters of likelihood-based models (introduced in Section 2.5). Usually,
the term tree topology (or simply topology) is used to refer to the graph structure of a
phylogenetic tree, that is, its branching pattern independent of branch lengths. In the
current thesis, when referring solely to the graph structure of a phylogeny, I use the terms
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a

b

c

de

b1 b2
b1     ab | cde

b2        cd | abe

Splits Quartets
ab | cd
ab | ce
ab | de
ae | cd
be | cd

Figure 2.2: An example of the non-trivial splits and quartets of an unrooted phylo-
genetic tree, with a taxon set {a, b, c, d, e}. The inner branches b1 and b2 define the
non-trivial splits ab | cde and cd | abe, respectively. The induced quartets are: ab | cd,
ab | ce, ab | de, ae | cd, and be | cd.

“tree” and “topology” interchangeably. However, only the term “tree” may additionally
entail branch lengths.

Throughout this work, I focus exclusively on unrooted phylogenetic trees. Unless
otherwise stated, all trees are assumed to be unrooted. Additionally, all tree inference
tools I use and develop operate on unrooted trees.

2.1.2 Splits, Quartets, and Compatibility on Unrooted Trees
Every branch of an unrooted tree uniquely defines a bipartition of the taxon set. If the
branch is removed, the taxa are grouped into two disjoint sets, corresponding to the two
emerging, disconnected subtrees. Bipartitions are also called splits. For example, the
unrooted phylogenetic tree in Figure 2.2 has the taxon set {a, b, c, d, e}. Its inner branch
b1 implicitly defines the split {{a, b}, {c, d, e}}, which we denote as ab | cde. If one of the
two disjoint subsets only comprises a single taxon (e.g, a | bcde), the split is called trivial.
Trivial splits correspond to tip branches. On the other hand, if both subsets comprise at
least two taxa (e.g., ab | cde), the split is called non-trivial. Non-trivial splits correspond
to inner branches. For a given tree T , we denote its set of non-trivial splits as S (T ).

Let T be a tree with taxon set Y , and let Y ′ ⊂ Y be a subset of taxa. The restriction
T ′ of T to Y ′ is called the induced subtree of T on Y ′. By restriction, I refer to the
stepwise process, in which: for every taxon y ∈ Y \ Y ′ we (a) prune the leaf y from T
together with the adjacent tip branch, and (b) remove the emerging suppressible, degree-2
(inner) node and merge the two adjacent branches. We say that T displays T ′, and write
T ′ = T | Y ′.

A quartet is an unrooted tree with four taxa. Each quartet contains a single inner
branch, and we can fully determine its topology by the non-trivial split associated with
that branch. For example, for the taxon set {a, b, c, d}, the three possible quartets are:
ab | cd, ac | bd, and ad | bc. A quartet of an unrooted tree T is the induced subtree
obtained by restricting T to any four of its taxa.

Let T1, T2 be unrooted, bifurcating trees on Y1, Y2, respectively, such that Y1∩Y2 ̸= ∅.
We call those trees compatible if there is a tree T which displays both of them. Such a
tree exists if and only if the two trees have identical induced subtrees for the taxa they
share: Y1 ∩ Y2 [66].

Splits, quartets, and compatibility are closely related concepts [9, 27, 94, 174]. For
example, compatibility can be defined in terms of splits [27], and the “Quadraple condition
for compatibility” (see Lemma 5.9.1 in [94]) establishes a connection between quartets
and the former two. I do not further address these topics here, as they are mostly outside
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the scope of this thesis. I do revisit the notion of compatibility in Section 2.11 though,
where I introduce the concept of stands in phylogenetic tree space.

2.1.3 Distance Metrics for Phylogenetic Trees
Let T1, T2 be two trees on the same taxon set Y . The Robinson-Foulds (RF) distance [155]
between the two tree topologies is the cardinality of the symmetric difference between
their two non-trivial1 split sets S (T1) and S (T2), respectively. Hence:

dRF (T1, T2) = |S (T1)△S (T2) | (2.1)

where dRF (·) denotes the distance metric, and △ the symmetric difference operator.
Equation (2.1) describes an absolute distance metric, as it does not account for the
input tree sizes. In many contexts, especially when summarizing distances across trees
of varying sizes, it is preferable to use a normalized version of the RF distance. Since an
unrooted tree with n taxa comprises (n− 3) inner branches which determine the number
of non-trivial splits, the maximum RF value between any two trees is 2 (n− 3). Therefore,
the normalized or relative RF distance is defined as:

dnRF (T1, T2) = dRF (T1, T2)
2 (n− 3) (2.2)

where dnRF (·) is the normalized distance metric, and n the number of taxa in T1, T2.
Further, a quadraple on Y is a four-taxon subset of Y . As Q (Y ) we define the set of

all possible
(

n
4

)
quadraples on Y . The quartet distance [46] between two trees T1, T2 on Y ,

is the number of incongruent quartets induced by T1 and T2, for each possible quadraple
in Q (Y ). Hence:

dQ (T1, T2) = |{q | q ∈ Q (Y ) and T1|q ̸= T2|q}| (2.3)

where dQ (·) is the (absolute) quartet distance metric, and T1|q ̸= T2|q implies topological
dissimilarity. In analogy to Equation (2.2), and since the maximum quartet distance
value between any two trees is

(
n
4

)
, the normalized or relative quartet distance is defined

as:
dnQ (T1, T2) = dQ (T1, T2)(

n
4

) (2.4)

The RF distance is the most widely used tree comparison metric and can be com-
puted efficiently in O (n). It is an intuitive distance metric, especially when the trees
being compared are topologically similar [199]. The quartet distance, on the other hand,
is more refined, as it yields a wider range of values for trees on the same taxon set. It can
be used to accentuate slight topological differences. However, it is slower to compute.
Since there are

(
n
4

)
possible quadraples in a taxon set Y comprising n taxa, a brute-force

algorithm would require O (n4) steps to compute the quartet distance, since it examines
each quadraple individually. More efficient algorithms reduced the time complexity, first
to O (n3) steps by Steel and Penny [198], and then to O (n2) steps by Bryant et al. [26].
Finally, Brodal et al. proposed a dynamic programming algorithm that computes the

1Trivial splits are identical across all trees on the same taxon set. They provide no information about
the branching structure of a given tree, and they do not contribute to topological differences. They are,
therefore, excluded from the RF distance definition.
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quartet distance in O (n log n) time [25]. This algorithm is based on a hierarchical decom-
position of the two trees under comparison and the aggregation of shared quartet counts
using auxiliary counters at the tree nodes. These counters are computed recursively from
the counters of their corresponding subtrees, and the hierarchical decomposition allows
them to be updated efficiently in logarithmic time.

The quartet distance distribution, as compared to RF, is harder to interpret [199], as
it is more sensitive to local topological changes. For example, a single Nearest Neighbor
Interchange (NNI) rearrangement (see Section 2.6.2) produces neighboring topologies
with an absolute RF distance of 2, regardless of the size of subtrees being interchanged.
In contrast, the quartet distance between two NNI neighbors varies proportionally to the
product of the four subtree sizes, that are incident to the central inner branch around
which the NNI is performed; therefore, it depends both on the overall tree size and the
balance of the taxon distribution among those subtrees.

The introduced metrics completely neglect branch lengths, and they only account for
topological differences. Adaptations that incorporate branch lengths (e.g., the weighted
RF distance) have been proposed in the literature [6, 121, 156]. Alternatively, one can
use bootstrap support values [51] as edge weights in the weighted versions of the RF or
quartet distance. Extensions also exist that relax the requirement of identical taxon sets,
such as the generalized RF distance by Kuhner and Felsenstein [113], which handle trees
on different, yet overlapping, taxon sets. In this work, I only use the standard definitions
in Equations (2.1)–(2.4).

2.2 Multiple Sequence Alignments
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Figure 2.3: The problem of sequence alignment in its generalized form, where the input
data is a set of unaligned biological sequences (here DNA), and the output is an MSA.
MSA coloring is a standard visualization technique to highlight site homogeneity and
mismatches. Here, I apply the color scheme used in ClustalΩ [182].

Tip nodes on unrooted trees correspond to taxa. Taxa are represented by biological
sequences, sampled from distinct individuals that belong to different species. “Biological
sequences” is used as a generic term to either refer to genetic DNA or protein sequences.
Genetic (or nucleotide) sequences represent Deoxyribonucleic acid (DNA), or Ribonucleic
acid (RNA) molecules/strands. These molecules are composed of nucleotides, and the
sequence depicts the order of nucleotide bases along the molecule. Amino-acids (AAs), on
the other hand, compose proteins, and the respective sequences capture the linear order
of AAs. We treat those sequences as strings. Hence, DNA sequences are finite strings
over the characters of the DNA alphabet {A, C, G, T}, which stand for the four nucleotide
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bases: adenine (A), cytosine (C), guanine (G), and thymine (T). In the RNA alphabet we
replace thymine (T) by uracil (U). Likewise, protein sequences are strings over the AA
alphabet that comprises letters for the 20 standard AAs.

In short, we obtain sequences via processing biological samples (such as blood, tissue,
etc.), from which we extract the innate genetic material. Several preprocessing steps
follow, the most important of which are genome sequencing, assembly, and annotation.
Genome annotation assigns functional information to the assembled sequences and iden-
tifies genomic features, such as genes and coding regions. Following annotation, the next
important step for phylogenetic analysis is orthology assignment. For tree inference, it
is typically assumed that the input sequences correspond to the same gene (or genomic
locus) across taxa. In other words, the sequences should be orthologous, meaning that
they diverged through speciation events, rather than gene duplication events.

Due to possible uncertainties emerging as a by-product of wet-lab sequencing and
assembly, the standard DNA/RNA alphabets are often extended by ambiguous charac-
ters [31]. For example, the ambiguous character N marks a position where the nucleotide
could be any of A, C, G, or T (for DNA)1. To obtain protein sequences, an additional
translation step is performed on annotated coding regions, in which nucleotide triplets
(codons) are mapped to their corresponding AAs according to the genetic code [32, 142].

The final step before obtaining the input data for a phylogenetic tree inference is
sequence alignment. Initially, the preprocessed input sequences vary in length, and are
therefore unaligned. The length differences arise from genetic changes that accumulate
over time: nucleotide mutations (or substitutions), insertions, and deletions. One goal
of sequence alignment is to identify sequence regions with varying degrees of genetic
variation/conservation.

The problem of sequence alignment consists in inserting an appropriate number of
gap characters (“-”) into each of the n input sequences, such that:

1. All resulting sequences have equal length, forming a Multiple Sequence Alignment
(MSA), comprising n rows (taxa)2, and s columns (or sites).

2. No column contains only gaps.
3. The resulting MSA optimizes a predefined criterion.

I provide a toy example of the sequence alignment problem in Figure 2.3. The resulting
MSA comprises n = 6 taxa, and s = 9 sites. Repeated sites, that is, sites with identical
content, are called patterns. For example, in Figure 2.3, sites at positions 4 and 5 are
identical, and constitute a single pattern. The length of the MSA refers to the number
of columns it contains. Sequence characters that fall within the same MSA column
(excluding gaps) are called homologous, for they are assumed to have evolved from the
same character in the ancestral sequence. Gaps indicate insertion or deletion events
(indels).

Regarding optimality criteria (see point 3 above), the sum of pairs (SP) score is a
standard MSA criterion [71]. The goal is to find the MSA that maximizes the SP score.
The SP-score considers all

(
n
2

)
pairwise alignments of the MSA, i.e., pairs of rows exactly

as they appear on the given alignment, and computes a rudimentary score by adding: a
positive constant for every column-match (e.g., AA or TT are exemplary matches), and
a negative constant for every column-mismatch (e.g., AG or G-). It typically excludes
gap-gap pairs (--) from the summation by assigning them a score of zero [72]. Then, it

1For example, due to sequencing failure.
2I use the symbol n to denote the number of rows/taxa in an MSA, which is consistent with the use

of the same symbol to quantify the number of tip nodes on a tree.
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aggregates the pairwise scores over all sequence pairs to extract to overall SP score of the
alignment.

For the special case of n = 2, there exist efficient dynamic programming algorithms
(e.g., the Needleman-Wunsch algorithm [143]) which solve the problem inO (s1 · s2) steps,
where s1 and s2 are the two unaligned sequence lengths. In the general case of arbitrary
n, the MSA problem is NP-hard [100]. MSA tools, such as MAFFT [101], MUSCLE [43],
and ClustalΩ [182] deploy heuristics to approximate a “good” alignment.

2.3 The Phylogenetic Tree Inference Problem
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Figure 2.4: The problem of phylogenetic tree inference in its generalized form, where
the input is an MSA, and the output is a bifurcating tree.

Figure 2.4 presents the phylogenetic tree inference problem in its general form. The
input is an MSA, and tree inference methods aim to infer the bifurcating tree which max-
imizes a predefined optimality criterion. The core of this thesis deals with phylogenetic
tree inference, and in particular, with Maximum Likelihood (ML) methods. Before intro-
ducing the likelihood function in Section 2.5, I first explicate a parsimony-based approach
for tree inference. Both the parsimony and the likelihood methods are called character-
based, in contradistinction to distance-based methods. An example of a distance-based
method for phylogenetic inference is the Neighbor Joining algorithm (NJ; [164]). How-
ever, I do not address distance-based methods in this thesis.

2.4 A Parsimonious Approach to Infer Phylogenies
One approach to infer phylogenies is to apply the Maximum Parsimony (MP) crite-
rion [56, 79]. The underlying principle is that, for a given MSA, we select the tree
requiring the least amount of character substitutions (i.e., nucleotide or AA mutations)
to explain the observed MSA sequences at its tip nodes. As I discuss below, this approach
completely neglects branch lengths, and solely focuses on topologies. The parsimony score
on a given, fixed topology can be computed via a dynamic programming algorithm [171]
with O (n · s) operations. A schematic description of this algorithm is provided in Fig-
ure 2.5. This illustration is rather implementation-oriented, since it begins by encoding
the characters of the tip sequences as bit-vectors1. The advantage that this description

1The encoding step, however, is not strictly necessary. Instead, we can keep the sequences unchanged
and compute the parsimony score by comparing the per-site sequence characters. For instance, if the
two child sequences are ACG and AAG, the mismatch at the second site-position can be represented as {A
or G} in the reconstructed ancestral sequence.
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3. We count the number of mutations by applying a per-site AND operator (see below). We reconstruct the ancestral sequence as follows:
If the per-site intersection (AND) is non-empty, we retain that non-empty character/state. If it is empty (i.e., 0000), we take the union (OR) of the two 
child states. First for node u.
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5. Finally, for the root node r.
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Figure 2.5: A schematic description of the dynamic programming algorithm used to
compute the parsimony score of a given tree: 1. We assign a virtual root to the tree and
encode the tip-sequence characters as bit vectors. 2. We perform a post-order traversal
and record the inner nodes in the order in which they are encountered 3–5. We count the
number of mutations and reconstruct the ancestral sequences for the inner nodes in the
recorder order. At the root node (step 5) the ancestral state sequence is not required,
and hence not computed.

offers—and explains why it is also endorsed by optimized implementations—is that it
enables using efficient bitwise arithmetic and vector instructions, which substantially re-
duce the constant factor overhead in the O (n · s) complexity notation. Nonetheless, the
problem of finding the MP tree is NP-hard [36].

The parsimony score computation relies on several assumptions. I briefly mention
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two of them. First, we assume that the MSA-sites evolve independently. This is, in
fact, a universal assumption for character-based methods throughout this thesis, as it
also applies to likelihood-based calculations (see Section 2.5). Second, MP assumes that
along the branches of the phylogeny, at most one substitution per sequence-site can occur.
Hence, this method completely neglects branch lengths, since regardless of how long a
branch is, only at most one mutation per site and branch is admitted and counted. MP
does not account for intermediate (hidden) mutations, which are, however, effectively
modeled by the probabilistic, likelihood-based approaches.

Further, MP has important limitations. It is statistically inconsistent under certain
conditions [50, 53], and a well-known artifact of the method is long branch attraction
(LBA), also referred to in the literature as the “Felsenstein’s zone” [93]. Under LBA,
highly distant taxa are incorrectly inferred to be grouped together, regardless of their
true evolutionary history.

Another limitation of MP is that distinct topologies may have identical parsimony
scores. Such a collection of equally scoring trees is called a terrace [166]. Terraces may
arise both in the parsimony and the likelihood space of a given MSA (see Section 2.11).
However, the underlying causes in ML and MP differ. In likelihood-based inference,
terraces typically arise due to missing data in partitioned MSAs (see Section 2.5.4). In
parsimony-based inference, on the other hand, it is rather possible for distinct topologies
to have identical scores without requiring any underlying condition to hold, due to the
discrete nature of the parsimony score itself.

2.5 Maximum Likelihood Tree Inference
A more advanced approach to infer phylogenies is to maximize the phylogenetic likelihood
function (PLF). This method is called Maximum Likelihood (ML) [52] tree inference. The
general expression of the PLF is:

L
(
MSA | T, b̄, θ̄

)
(2.5)

where L denotes the probability that the given MSA was generated by the tree topology
T , with branch lengths b, under a given, fixed model of stochastic sequence evolution
with model parameters θ̄. The topology, the branch lengths, and the model of sequence
evolution jointly define the probabilistic model that describes how sequences evolved [228,
230]. The ML tree inference problem is NP-hard [36]. Therefore, ML tools (presented in
Section 2.6) deploy heuristics to find a “good” solution, which is typically a local optimum
in the phylogenetic tree space [187]. In this section, I explicate the mathematical and
computational framework underlying the PLF calculations on a given tree, with fixed
continuous model parameters (b, θ̄). In the next section, I describe the heuristics that
ML tools deploy to navigate through phylogenetic tree space, as well as the numerical
algorithms they use for continuous parameter optimization.

2.5.1 Models of Sequence Evolution
We assume that the sites of the MSA evolve independently. Each site evolves under a
continuous-time Markov Chain (CTMC) model, with as many states as the respective
alphabet of the sequence type. For DNA sequences, the model comprises 4 states: A,
C, G, and T, corresponding to the four nucleotides; in protein sequences, the number of
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Figure 2.6: (Left) CTMC model for nucleotide substitutions, represented as a state-
transition graph. (Right) The Q-matrix representation of the same model. All non-
diagonal entries of the Q-matrix are non-negative. The main diagonal entries are deter-
mined by the constraint that row sums must equal zero.

states equals the number of amino-acids (i.e., 20). The CMTC process is defined by an
instantaneous transition rate matrix Q, whose elements qij denote the (instantaneous)
substitution rates from state i to state j. Figure 2.6 illustrates the CTMC state-transition
graph for nucleotides, along with the corresponding 4×4 Q-matrix. We assume the CTMC
process to be stationary, that is, the Q-matrix remains static and does not change as a
function of evolutionary time t. After an elapsed time t, the transition probability matrix
P (t) is obtained via the following matrix exponentiation:

P (t) = eQt (2.6)

The element Pi,j(t) of P (t) quantifies the probability that a sequence site, initially in
state i, will be observed to be in state j after time t. Unlike parsimony, this probability
integrates over all possible intermediate (hidden) substitution paths [228]. For instance,
PA,T (t) is the probability that, given an initial nucleotide A, the site evolves into T af-
ter time t, accounting for all possible intermediate scenarios, such as A→T, A→C→T,
A→C→A→T, etc. Here, the branch lengths directly express relative evolutionary times
between speciation events. For a branch of length b, the corresponding transition proba-
bility matrix is P (t) |t=b= eQb. We slightly modify the former equation in Section 2.5.3,
when we introduce the idea of rate heterogeneity among sites (RHAS). Importantly, we
assume that the Q-matrix is the same across all sites1 [53, 174, 228].

From the definition of the Q-matrix in Figure 2.5, it follows2 that the CTMC process
reaches equilibrium as t→∞. The equilibrium is characterized by a stationary distribu-
tion vector π, whose length equals the number of states. Each element πi represents the
time that a single site spends in state i at equilibrium. Consequently, across an evolving
sequence, the expected proportion of characters being in state i equals πi. For DNA
sequences the stationary distribution vector takes the form π = [πA, πC , πG, πT ]⊺. We
can compute the stationary distribution by solving the system:

π⊺Q = 0
1Or more precisely, across large groups of sites called partitions (See Section 2.5.4).
2The mathematical conditions are met, although not described here in detail.
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with the additional constraint: ∑
i

πi = 1

The elements πi of π are called stationary base frequencies.
Further, the CTMC process is time reversible if it satisfies the detailed balance con-

dition:
πiqij = πjqji, ∀i ̸= j (2.7)

Time reversibility is an important property of the Q-matrix, because it substantially
simplifies likelihood computations on phylogenetic trees. In fact, the standard models
that are used in ML phylogenetic inference (see below) are time reversible. Throughout
this thesis, I assume time reversibility, and therefore use time-reversible models.

We can specifically select Q and π to satisfy Equation (2.7) as follows. Let R = {rij}
be a symmetric matrix (i.e., rij = rji for i ̸= j), with positive non-diagonal entries.
Moreover, let π be a distribution vector, that is, with non-negative elements that sum to
1. We then define the Q-matrix as:

Q = R · diag(πi)

where diag(πi) is a diagonal matrix whose entries are the elements of π. The resulting
Q-matrix satisfies Equation (2.7), and is therefore time reversible. For DNA sequences
we have:

Q = R · diag(πi)

=


rAA α β γ
α rCC δ ε
β δ rGG ζ
γ ε ζ rT T




πA 0 0 0
0 πC 0 0
0 0 πG 0
0 0 0 πT



=


rAAπA απC βπG γπT

απA rCCπC δπG επT

βπA δπC rGGπG ζπT

γπA επC ζπG rT T πT


The above Q-matrix corresponds to the general time reversible (GTR) model [205] of
DNA sequence evolution. We compute the main diagonal entries based on the condition
that the row elements of any Q-matrix must sum to 0. The model comprises a total of
8 free parameters: (a) 5—out of 6—relative substitution rates, because we typically set
ζ = 1.0 for normalization, and (b) 3—out of 4—stationary frequencies, for they must
sum to 1. A second example of a DNA substitution model is the Jukes-Cantor model
(JC69; [97]). Unlike GTR, the JC model is rather simplistic with no free parameters. All
substitution rates are set to 1.0, and all stationary frequencies to 0.25.

In AA sequences, the number of character/states in the Markov model increases from
4 to 20, yielding a quadratic increase of free parameters. Specifically, the AA-based GTR
model comprises 208 free parameters. This parameter increase introduces a substantial
computational overhead in model estimation. In conjunction to this, the inferred model
may be over-parametrized with respect to the available sequence data (MSA). The practi-
cal solution is to use empirically derived substitution models, such as the LG [116] or the
WAG [223] model, that are estimated from very large collections of protein alignments.
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Figure 2.7: Illustration of Conditional Likelihood Vectors (CLVs) for tip sequences and
inner nodes, on DNA sequences.

Returning to Equation (2.6), for a branch of length b, the transition probability matrix
P (b) is computed via the stated matrix exponential. We compute this exponential by
applying an eigendecomposition of matrix Q, that is, we factorize Q as follows:

Q = UΛU−1

where U is a square matrix whose columns are the eigenvectors of Q, and Λ is a diag-
onal matrix, whose diagonal elements are the respective eigenvalues. Substituting this
decomposition into Equation (2.6) gives:

P (b) = eUΛU−1b = U · diag(eλib) · U−1 (2.8)

where diag(eλib) is the diagonal matrix whose entries are eλib, with λi denoting the i-th
eigenvalue of Q.

2.5.2 Likelihood Computation
We compute the PLF of a given tree by applying the Felsenstein’s pruning algorithm [55].
The algorithm first assigns a virtual root to the tree. Owing to time reversibility, we can
place the root on any inner branch, and at any point along that branch. In Section 2.6.5,
I present how we benefit from this property in the implementation of Felsenstein’s al-
gorithm. Next, the algorithm performs a post-order traversal, recording all inner tree
nodes in the order they are visited. For each inner node, it computes a Conditional
Likelihood Vector (CLV). A CLV stores, for every site and character, the probability of
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observing that character at the given site, at the the respective inner node. Therefore,
it summarizes the information from the node’s descending subtree, since it stores the
conditional likelihood for each possible ancestral state, given the descending subtree and
tip sequences (sub-alignment) contained therein.

In the following, I demonstrate the CLV computations by an example of DNA se-
quences. The procedure for AA sequences is analogous, as it only differs in the state
space size.

At the tip sequences, we initialize trivial CLVs for each site, according to the observed
sequence character at that site. Specifically, the per-site CLVs for each possible nucleotide
(including the gap character “-”) are:

A → (1, 0, 0, 0)
C → (0, 1, 0, 0)
G → (0, 0, 1, 0)
T → (0, 0, 0, 1)
- → (1, 1, 1, 1)

I provide an exemplary illustration of the arrangement of CLVs on a fixed tree in
Figure 2.7. To reference a unique CLV entry at a specific tree node, I use the no-
tation CLV

(u)
i,q , where u is the node of interest, i is the index of the MSA site (i.e.,

i ∈ {1, 2, . . . , s}), and q represents the character state (i.e., q ∈ {A, C, G, T}). For an inner
node u with child nodes v and w (see Figure 2.7), we compute the CLV entries as follows:

CLV
(u)

i,q =
( ∑

q1∈{A,C,G,T }
Pq,q1(buv) · CLV

(v)
i,q1

)( ∑
q2∈{A,C,G,T }

Pq,q2(buw) · CLV
(w)

i,q2

)
(2.9)

where buv and buw are the lengths of the branches (u, v) and (u, w), respectively. Having
computed the CLV (r) for the root node r, we obtain the per-site likelihoods of the given
tree by calculating the inner product of the per-site CLVs with the stationary base fre-
quencies vector π = [πA, πC , πG, πT ]⊺. Specifically, for each site i, the per-site likelihood
is:

Li =
∑

q∈{A,C,G,T }
πq · CLV

(r)
i,q (2.10)

Since we assume that sites evolve independently, the overall likelihood of the given tree
is the product over the per-site likelihoods, that is, L = ∏s

i=1 Li. To avoid numerical
overflow, it is a common practice to use the natural logarithm of the likelihood (log-
likelihood):

log L =
s∑

i=1
log Li (2.11)

2.5.3 Rate Heterogeneity Among Sites: The Γ Model
Different regions of the MSA evolve at different speeds, due to varying degrees of evo-
lutionary pressure they undergo. The CTMC models of sequence evolution, described
thus far, assume a uniform rate of evolution across all sites, and do not account for such
variability. To incorporate evolutionary rate variation, several models of rate heterogene-
ity among sites (RHAS) have been proposed. A commonly used RHAS model is the
Γ-model [229], which I describe below.
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The assumption is that each substitution rate is a random variable X which follows
a Γ distribution, with probability density function:

fΓ(x; α, β) = βα

Γ(α)xα−1e−βx for x > 0 and α, β > 0 (2.12)

where α,β are the shape and the inverse scale parameters, respectively, and Γ(·) is the
gamma function. A common numerical practice is to approximate the continuous Γ
distribution via K distinct rate categories. To achieve this, we divide the space of possible
values r ∈ [0,∞) into K intervals I1, I2, . . . , IK with equal probability mass, i.e.:∫ x1

0
fΓ(x; α, β)dx = 1

K
→ I1 = [0, x1)∫ x2

x1
fΓ(x; α, β)dx = 1

K
→ I2 = [x1, x2)

... ...∫ ∞

xK−1
fΓ(x; α, β)dx = 1

K
→ IK = [xK−1,∞)

For each interval Ik, we select a representative rate rk, which is either the mean or the
median of that interval. Given the selected rates rk, k = 1, 2, . . . , K, we adjust the P -
matrix calculation described in Equation (2.6) as follows:

P (t, rk) = erkQt (2.13)

CLVs are then computed separately for each rate category. This increases the memory
requirement for storing CLVs by a factor of K. The number of floating-point operations
(FLOPs) also increases by the same factor, since the likelihood needs to be computed
independently for each rate category. To denote the per-category CLVs, I extend the
CLV notation introduced in Section 2.5.2. The extended notation is CLV

(u)
i,q,k, where the

additional subscript index k identifies the gamma rate rk associated with the indicated
CLV entry. The rates-informed version of Equation (2.9), which describes the recursive
CLV computation, is (for DNA sequences):

CLV
(u)

i,q,k =
( ∑

q1∈{A,C,G,T }
Pq,q1(buv, rk) · CLV

(v)
i,q1,k

)
×

( ∑
q2∈{A,C,G,T }

Pq,q2(buw, rk) · CLV
(w)

i,q2,k

) (2.14)

Following the same logic, the per-category per-site likelihoods at the root node are com-
puted for each rate category separately:

Li,k =
∑

q∈{A,C,G,T }
πq · CLV

(r)
i,q,k

The overall per-site likelihood at the root is then defined as the average likelihood over
the K categories:

Li = 1
K

K∑
k=1

Li,k
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Figure 2.8: A toy example of a partitioned MSA, comprising three partitions.

Finally, we compute the log-likelihood of the given tree via Equation (2.11).
The parameters α and β of the Γ-model require optimization. We can eliminate one of

them by applying a simple adjustment. For the probability density function fΓ(x; α, β)
of the Γ distribution (Equation (2.12)), the expected value is E [X] = β/α. Further,
when substituting rk = 1 in Equation (2.13), the resulting P -matrix is identical to its
rate-free version in Equation (2.6). Hence, we can center the Γ distribution around 1.0,
by setting E [X] = 1⇒ α = β, such that the per-rate likelihoods are directly comparable
to the rate-free case. Consequently, in the Γ model we only need to optimize the shape
parameter α.

In standard implementations, the default number of discreet Γ rate categories is K :=
4, following the recommendations by Z. Yang [229]. I adopt this default setting (K := 4)
throughout this thesis. To indicate the use of a substitution model in combination with
Γ rates, I use the standard notation and append a “+Γ” suffix to the model name (e.g.,
GTR+Γ, LG+Γ, etc.).

2.5.4 Multi-partitioned MSAs
Thus far in likelihood computations, we have assumed that all sites of the MSA evolve
under the same substitution rate matrix Q, whose parameters are optimized based on the
entire alignment. Further, we accounted for evolutionary rate heterogeneity only through
the RHAS Γ-model, whose shape parameter α is likewise optimized on the full MSA. Un-
der this setup, the MSA is treated as being unpartitioned. There are scenarios, however,
where distinct groups of sites exhibit highly divergent evolutionary patterns. A common
example is when separate per-gene MSA are concatenated into a larger alignment (see
below). In such cases, separate substitution models should be applied to, and optimized
for, the respective site groups. A common technique among practitioners is, therefore, to
divide the MSA into disjoint partitions, and assign a partition-specific Q-matrix to each,
possibly accompanied by a partition-specific Γ-model of RHAS. The resulting alignments
are called partitioned MSAs.

Figure 2.8 illustrates a toy example of a partitioned MSA, comprising three partitions.
We assign the GTR+Γ model to the first partition, the JC+Γ model to the second,
and (once more) the GTR+Γ model to the third. Importantly, the Q-matrices of each
partition, and the corresponding α-shape parameters of the partition-specific Γ models,
are optimized solely on the respective partition sites. In terms of the substitution and
RHAS models:

• Partition 1 comprises 8 free parameters for the substitution model (GTR), and 1
free shape parameter for the Γ-model of RHAS;

• Partition 2 comprises 0 free parameters for the substitution model (JC), and 1 free
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shape parameter for the Γ-model of RHAS;
• Partition 3 comprises 8 free parameters for the substitution model (GTR), and 1

free shape parameter for the Γ-model of RHAS.
The total number of free parameters across all substitution and RHAS models is 19.

MSA partitions typically represent either groups of sites, or genes/loci within genomes
(see below), which appresent their own idiosyncratic evolutionary dynamics, yet do share a
common tree topology. This evolutionary ipseity can also be modeled in the way branch
lengths are handled among partitions1. Specifically, there are three standard ways to
estimate branch lengths when analyzing partitioned MSAs:

• Linked branch lengths: Branch length are shared among partitions, and per-
partition log-likelihoods are computed using these shared branch lengths.

• Unlinked branch lengths: Branch lengths are treated as free parameters on a per-
partition basis. Each partition stores its own branch length values, which are op-
timized to maximize the per-partition log-likelihood (and consequently the overall
score). There are two main drawbacks associated with unlinked branches. First,
this approach substantially increases the number of free parameters, potentially
leading to over-parametrization. Specifically, the number of branch lengths to be
optimized is multiplied by the number of partitions. Second, analyzing partitioned
MSAs using unlinked branch lengths may give rise to terraces, that is, sets of trees
that yield identical log-likelihood scores, if the given partitioned MSA exhibits miss-
ing data (i.e, missing partition entries; see Section 2.11).

• Scaled branch lengths: This approach offers a compromise between the linked and
unlinked approaches. The branch lengths of the underlying topology are shared
among partitions, yet each partition has an additional scaling parameter, that
uniformly scales all branch lengths of the topology. Hence, the only additional
parameters are the partition scaling factors.

The standard approach to compute the likelihood of a given tree on a partitioned
MSA is the concatenation (or supermatrix) method. In this configuration, we assemble all
disjoint partitions into a single large supermatrix, and compute the overall log-likelihood
score by aggregating the per-partition log-likelihoods, each computed under the partition-
specific substitution and RHAS models.

In practice, users construct partitioned MSAs in two ways. First, they infer parti-
tions implicitly, for example when analyzing MSAs with no specific prior knowledge (e.g.,
structural or functional information), and the goal is to identify meaningful partitions to
improve the accuracy of phylogenetic reconstruction. For this purpose they employ tools
such as the PartitionFinder [115] to individuate partitions in an optimal way. This tool
evaluates a wide range of possible partitioning schemes accompanied by substitution (and
possibly RHAS) models, and selects the best-fitting combination. The optimal fit is ex-
pressed as a trade-off between model-fit (i.e., log-likelihood scores) and model complexity
(i.e., the number of free parameters), in order to avoid over-parametrization. Appropri-
ate model selection criteria, which quantify the aforementioned trade-off, are the Akaike
information criterion (AIC; [4]), and the Bayesian information criterion (BIC; [173]). In
the second scenario, practitioners construct partitioned MSA by concatenating distinct
MSAs, typically corresponding to separate genes or loci within the genomes of the or-

1The verb appresent is inspired by the Husserlian concept of appresentation (German: Appräsen-
tation), which refers to the indirect presentation of something through what is directly given. The
term ipseity (from Latin ipse, meaning “self”) is also borrowed from Philosophy and denotes selfhood or
intrinsic identity.
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ganisms/individuals under study. In this case, partitions are defined explicitly. Model
selection, though, can still be performed on the fixed partitions [34, 149].

2.6 Heuristics and Tools
In this Section, I provide a detailed overview of the heuristics that ML tree inference
tools deploy to identify trees with “good” log-likelihood scores. Those trees typically
represent local optima in the phylogenetic tree space. I place particular emphasis on
RAxML-NG [111], since it is the main tool that our lab actively develops and maintains.
Therefore, RAxML-NG is the software I most frequently use throughout the thesis, and
into which I integrate my methods. I also refer to old classic RAxML [193], the predecessor
of RAxML-NG. Other ML tools that I use, compare against, or simply refer to, are: IQ-
TREE [131], FastTree [151], and PhyML [68].

I begin by describing a simple heuristic implemented in RAxML-NG to infer par-
simony trees, i.e., trees with a “good” parsimony score. We might also consider this
heuristic as a part of the ML tree inference process, for which parsimony trees typically
serve as starting points. This is because they constitute reasonable initial estimates, for
they tend to have relatively high, yet suboptimal, log-likelihood scores [133, 193]. Next, I
describe the basic topological moves that ML tools apply to navigate through tree space.
I briefly mention the numerical methods that RAxML-NG employs to optimize continu-
ous parameters, such as the branch lengths and the substitution model parameters. I also
provide an overview of the heuristics that the RAxML-NG, IQ-TREE, and FastTree tools
deploy to infer their best ML trees, again with particular emphasis on RAxML-NG. Fi-
nally, I discuss specific implementation details of RAxML-NG, along with optimizations
and shortcuts, which I consider useful for the reader.

2.6.1 Stepwise Taxon Addition to Infer Parsimony Trees
This heuristic is a rather simplistic and straightforward approach to infer “good” par-
simony starting trees. RAxML-NG begins by randomly shuffling the list of input taxa.
From the first three taxa in the shuffled list it builds the star topology, that is, the unique
unrooted topology comprising three taxa, all of them being connected into a single inner
node. For each subsequent taxon in the list, RAxML-NG (a) iteratively attaches the
taxon to every branch of the current unrooted tree, and computes the parsimony scores
of the resulting topologies; (b) retains the topology with the lowest parsimony score and
proceeds to the next taxon. The algorithm continues in this manner until all taxa have
been added to the tree.

The stepwise taxon addition heuristic operates in O(n2) steps, where n is the number
of taxa. Since the parsimony score calculations are highly optimized, owing to the use
of bitwise arithmetic and vector instructions (see Section 2.4), the runtime required to
build parsimony starting trees using this approach only constitutes a small fraction of the
overall ML tree inference time. Importantly, this heuristic does not guarantee that the
inferred topology is a local parsimony optimum. That is, there may exist SPR- or NNI-
neighbors (see next Section for definitions), with lower parsimony scores. RAxML version
8 performs additional parsimony-based SPR optimization rounds (see Section 2.6.4) to
further refine the parsimony topology and identify a local optimum. However, empirical
observations and experiments in RAxML-NG have shown that such parsimony-based
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(a)

(b)

(c)

Figure 2.9: (a) An NNI move example around an inner branch e. Two subtrees, one
from each side of the inner branch, are selected, pruned, and interchanged. The NNI
move is a special case of the SPR move. (b) An SPR move example. The subtree P is
pruned from the initial comprehensive tree and regrafted into branch R. The SPR move
is a special case of the TBR move. (c) A TBR move example. An inner branch e is
selected and pruned, bisecting the tree into two disconnected subtrees. A new branch
e′ reconnects the two subtrees, resulting in a new topology (Subfigures (a) and (b) are
reproduced from [210]).

topological optimizations do not provide any substantial benefit regarding the final ML
inference result [110, 111], while adding unnecessary computational overhead. Therefore,
RAxML-NG only uses the stepwise heuristic for parsimony starting tree inference.

2.6.2 Topological Moves
ML tools explore the tree space by applying three types of topological rearrangements or
moves: Nearest Neighbor Interchange (NNI), Subtree Prune and Regraft (SPR), and Tree
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Bisection and Reconnection (TBR) moves. I provide a schematic illustration of those
moves in Figure 2.9. NNI moves are a special case of SPR moves, which in turn are a
special case of TBR moves.

RAxML and RAxML-NG v1.x (i.e., versions 1.1 and 1.2) exclusively employ SPR
moves to optimize the tree topology. One of my contributions that I present in this thesis
is the implementation of an NNI-based heuristic in coraxlib, that is, the COre RAXml
LIBrary [47] which we actively develop as the successor to libpll [58]. Both coraxlib
and libpll implement the likelihood functions used in RAxML. I integrated this NNI-
based heuristic into Adaptive RAxML-NG [210], that employs NNI moves to infer ML
trees on easier-to-analyze MSAs. I elaborate on this contribution in Chapter 3. On the
other hand, IQ-TREE solely relies on NNI moves for tree space exploration. FastTree
and PhyML use a combination of both SPR and NNI rearrangements.

The advantage of using NNIs instead of SPRs is computational efficiency: for a fixed
topology, the number of NNI neighbors to evaluate (i.e., to compute the log-likelihood
score for) is O(n), whereas the SPR ones are O(n2) [82]. Hence, in principle, an NNI-
based heuristic may reach a local optimum faster than an SPR-based one.

However, in practice, NNI moves fall short of SPRs in two aspects. First, SPRs po-
tentially induce larger log-likelihood improvements than NNIs, yielding greater “jumps”
during the tree inference process. Thus, when starting from suboptimal trees (e.g., ran-
dom trees), a well-adjusted SPR heuristic (see Section 2.6.4) may actually converge to a
local optimum faster than an NNI-based one, particularly so on large trees1. The second
drawback of NNIs is that they tend to get stuck in worse local optima. Therefore, the
quality of the inferred trees with respect to their log-likelihood score favors SPR-based
heuristics.

2.6.3 Optimization of Continuous Parameters in RAxML-NG
On a fixed tree topology T , RAxML-NG optimizes the branch lengths b̄ and model
parameters θ̄ (e.g., substitution rates, equilibrium frequencies, gamma rates, etc.) using
general purpose numerical optimization algorithms. These continuous parameters are
optimized iteratively. That is, RAxML-NG optimizes one parameter at a time, while
keeping the others fixed. It iterates over the specified set of continuous parameters
(depending on the invoked routine; see next paragraph), and repeats this process for
multiple rounds, until convergence. For the optimization of branch lengths, RAxML-NG
uses the Newton-Raphson method, whereas for model parameter optimization it employs
the Brent [24], and the Broyden-Fletcher-Goldfarb-Shanno (BGFS; [57]) algorithms.

Within the RAxML-NG workflow (see Figure 2.13 below), we distinguish between two
main continuous parameter optimization blocks: the Branch-Length Optimization (BLO)
round, and the Model-Parameter Optimization (MPO) round. During BLO rounds,
RAxML-NG only optimizes the branch lengths, whereas MPO rounds optimize all con-
tinuous parameters, that is, both branch lengths b̄ and model parameters θ̄. More details
on the continuous parameter optimizations in RAxML-NG can be found in [110].

2.6.4 SPR and NNI Rounds in RAxML-NG
An SPR round is the core topological optimization block in RAxML-NG. The optimiza-
tion heuristic is based on the greedy hill-climbing algorithm previously introduced in

1Large trees are trees with many taxa.



2.6. Heuristics and Tools 25

RAxML [193], with minor modifications [110]. The SPR round routine accepts several
input parameters; at this stage, it suffices to mention rmin and rmax, which denote the
minimum and maximum reinsertion (or regrafting) radii, respectively.

A single invocation of the SPR round routine proceeds as follows. Initially, the algo-
rithm stores pointers to all inner nodes (each one being represented by a unique virtual
node, see below) of the initial tree topology. For every pointer in the list, RAxML-NG
prunes the corresponding subtree (the one that extends in the direction of Left-Child and
Right-Child traversal moves, see below) from the thus far, best-scoring tree, and evalu-
ates its possible reinsertions into neighboring branches, whose distance from the pruning
branch lies within [rmin, rmax]. The move that yields the highest likelihood improvement,
if such a move exists, is accepted and the algorithm proceeds to the next element in
the node list. When SPR moves for all pointers/nodes have been evaluated, and there-
fore all corresponding subtrees have been pruned and regrafted once, the SPR round is
completed.

When RAxML-NG prunes a subtree during an SPR move, it also removes the emerging
degree-2 (inner) node from the pruning edge, and merges the two adjacent branches by
summing their lengths. Similarly, when regrafting, it reinserts the pruned subtree at
the midpoint of the target edge, thereby splitting it into two branches of equal-length.
There are two types of SPR rounds in RAxML and RAxML-NG: FAST and SLOW SPR
rounds. The main difference is that, in FAST SPR rounds, RAxML-NG evaluates each
tree topology generated by an SPR move using the existing branch lengths, whereas in
SLOW SPR rounds, the lengths of the three branches adjacent to the subtree insertion
node are being reoptimized. RAxML (but not RAxML-NG) further optimizes the pruning
branch in SLOW SPR rounds; RAxML-NG leaves this branch unchanged.

In addition to SPR moves, I implemented an NNI-based heuristic in RAxML-NG,
for the purpose of integrating it into the Adaptive RAxML-NG tree search strategy (see
Chapter 3). This NNI heuristic is analogous to the NNI round implementation in RAxML
v8.2 (-f J option; [195]). The algorithm starts from an inner branch and compares the
three alternative NNI-neighboring topologies around that central inner branch, in terms
of their likelihood score. For computing the likelihood, the algorithm optimizes the five
branches which are most affected by an NNI move. These are, the central inner branch
itself, and the four adjacent branches. Once an NNI evaluation has been executed, the
algorithm accepts the topology with the highest likelihood score and proceeds to the
adjacent inner branches. When all inner branches have been visited once, the algorithm
returns to the initial inner branch and repeats the process for multiple iterations, until it
reaches an NNI-optimal tree (i.e., a tree for which the application of any additional NNI
move will not further improve the likelihood).

A parameter of the NNI round routine that requires special reference is, the so-called,
NNI tolerance, denoted here as εNNI . The role of this parameter is to determine conver-
gence. That is, the NNI round iterations continue as long as the log-likelihood improve-
ment between successive iterations exceeds εNNI . In practice, εNNI is set to a value that
is sufficiently large to tolerate numerical imprecisions in log-likelihood calculations [176,
200], and yet sufficiently small to provide a good approximation of the local optimum.
For example, Adaptive RAxML-NG uses a default value of εNNI := 0.1 (see Chapter 3),
whereas in subsequent improvements of the RAxML-NG heuristic, I increased this default
value to εNNI := 1.0 (see Chapter 6).

Another distinction between SPR and NNI rounds lies in the iteration schemes. As
described above, the SPR round consists in a single traversal of all inner nodes, that is, a
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single iteration. By contrast, the NNI round repeats the process over multiple iterations
until it reaches an NNI-local optimum. Consequently, a single SPR round on its own is
not guaranteed to find an SPR optimum. This means that there may exist SPR neighbors
within the regrafting radius range [rmin, rmax] with a higher log-likelihood score. For this
reason, both RAxML and RAxML-NG perform multiple successive invocations of the
SPR round routine to ensure convergence to an SPR optimum.

2.6.5 RAxML and RAxML-NG
In this Section, I present specific implementation details of the RAxML and RAxML-NG
tools, including the data structure the tools utilize to store the tree and CLVs, the ML
heuristic they deploy, optimization and parallelization strategies, and further shortcuts
they apply in their ML tree inference heuristics. The description is primarily based on
RAxML-NG software. However, most of these details are shared between the tools [188,
197].

Tree and CLVs Implementations in coraxlib

The coraxlib data structure which RAxML-NG uses to store the tree and the CLVs,
is shown in Figure 2.10. The rudimentary building elements of this structure are the
so-called virtual nodes. The tree graph is essentially an arrangement of virtual nodes
connected via pointers. Each virtual node is equipped with two pointers: a next and
a back pointer. Every (actual) inner node of the tree comprises three virtual nodes,
connected in a circular arrangement via their next pointers. The back pointers, in turn,
represent the branches that connect adjacent nodes in the tree. That is, they link virtual
nodes belonging to distinct (actual) tree nodes. Tip nodes are represented by a single
virtual node, whose next pointer is set to NULL. This property can thus be used to identify
tip nodes, by checking whether their next pointer is NULL. Owing to time reversibility,
the virtual root of the tree can be assigned to any of the three virtual nodes of any inner
node (see Figure 2.10).

Along with the next and back pointers, each virtual node also stores a boolean
variable called clv_valid. This variable indicates which of the three virtual nodes of an
(actual) inner node holds the computed/updated CLV. In order to understand its utility,
we first need to explain how coraxlib (and consequently RAxML-NG) performs a full
post-order tree traversal.

Assume that we begin from the virtual node u1 (of tree node u) of the data structure
shown in Figure 2.10. From this node, there are two possible traversal moves.

• The Right-Child Move (RCM) is performed by invoking the next pointer once,
followed by the back pointer. Thus, the algorithm reaches the right-child node of
u1 through u1 → next→ back.

• The Left-Child Move (LCM) is performed by double invocation of the next pointer,
followed by the back pointer. Thus, the algorithm reaches the left-child node of u1
through u1 → next→ next→ back.

From u1’s child nodes, the algorithm re-applies the RCM and LCM moves recursively until
it reaches the tip nodes. However, if the starting node u1 is the virtual root, the algorithm
must also traverse the subtree on opposite to u1. That is, the subtree descending from the
opposite side of the root edge, which is accessible through u1’s back pointer. In this case
only, the algorithm invokes the back pointer once to reach the opposite subtree, and then
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Figure 2.10: Illustration of the basic data structure used to store the tree and CLVs
in coraxlib. (a) An example of a simple unrooted tree T on {a, b, c, d, e}. The inner
nodes are conventionally labeled as u, v, and w; the latter labels are auxiliary to refer
to inner nodes. (b) The representation of T within coraxlib. Each inner node (e.g.,
u) corresponds to a triplet of virtual nodes that are drawn as black circles (with green
or red fill colors). For example, the inner node u is represented by the triplet of virtual
nodes {u1, u2, u3}. Each virtual node is equipped with a next (blue arrow) and a back
(yellow arrow) pointer. The three virtual nodes representing an inner node are connected
circularly via next pointers, whereas back pointers indicate the branches connecting the
nodes of T . Tip nodes consist of a single virtual node, whose next pointer is set to NULL.
Each virtual node also stores a boolean variable (clv_valid), indicated here by green
(for TRUE) and red (for FALSE) fill colors. This variable marks which virtual node within
a triplet holds the respective up-to-date CLV (see text). The virtual root is set to one of
the three virtual nodes of an inner node (here u1).

again applies the RCM and LCM moves recursively. We call this one-time back-move
from the virtual root the Root-Back Move (RBM).

Figure 2.11 schematically illustrates how Felsenstein’s pruning algorithm [55] is im-
plemented in coraxlib. Initially, the clv_valid variables of all inner virtual nodes are
set to FALSE. This initialization step is called CLV invalidation, and indicates that either
(a) the CLVs have to be computed for the first time, or (b) they have to be recom-
puted/updated (see below). Second, the algorithm performs a post-order traversal by
recursively applying RCM and LCM moves, along with the one-time RBM move from
the virtual root node. Having reached the tip nodes, the algorithm iteratively computes
the CLVs of inner virtual nodes, as defined by the post-order traversal. Each time a CLV
is computed/updated for an inner virtual node, its clv_valid variable is set to TRUE,
that is, the CLV is validated. Hence, a clv_valid value of TRUE for an inner virtual
node u0 indicates that the corresponding CLV entries are up-to-date with respect to the
descending subtree, defined by the recursive application of RCM and LCM moves only.
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Figure 2.11: Implementation of Felsenstein’s pruning algorithm in coraxlib: 1. We
assign a virtual root and invalidate all CLVs of all inner virtual nodes. 2. We perform a
post-order traversal by recursively applying RCM and LCM moves, along with a one-time
RBM from the virtual root node. A single RCM move is depicted by two consecutive
orange arrows; a single LCM move by three consecutive purple arrows; and the RBM
move by single blue arrow. 3–5. We iteratively compute CLVs for inner virtual nodes in
the order defined by the traversal, and validate each inner node upon update. 6. Compute
the overall log-likelihood score across the root edge.

Moreover, this property holds recursively for all virtual nodes reachable from u0 through
RCMs and LCMs, for which clv_valid == True. Evidently, for each triplet of virtual
nodes per inner node, at most one virtual node can have clv_valid == True.

After all CLVs for the inner virtual nodes have been computed/updated, the two
adjacent virtual nodes on the root edge (i.e., the virtual root and its opposite node)
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Figure 2.12: Demonstration of incremental CLV update in coraxlib, in the context of
an SPR move. (a) An example of a simple SPR move. (b) Internal operations within
coraxlib to execute the SPR move: 1. The virtual root is moved to the node that is
pruned, and the CLVs are updated with respect to the new root. 2–3. The root node is
pruned, invalidated, and regrafted onto the target edge. 4. A post-order traversal is per-
formed, starting from the root, until the algorithm reaches valid CLVs. 5–6. Incremental
updates of invalid CLVs, in order to compute the likelihood of the resulting SPR topology.
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are both valid; that is, clv_valid == True holds for both. This is, in fact, the only
edge in the data structure where both adjacent virtual nodes are valid (see Steps 5–
6 in Figure 2.11). To compute the log-likelihood of the tree, we need to compute an
additional “root” CLV (not shown in Figure 2.11), corresponding to the virtual root of
the tree. Since the virtual root node r is identical with u, the root CLV is computed using
an equation analogous to Equation (2.9), by setting bru = 0 (assuming DNA sequences):

CLV
(r)

i,q =
∑

q1∈{A,C,G,T }

∑
q2∈{A,C,G,T }

CLV
(u)

i,q1 · Pq,q2(brv) · CLV
(v)

i,q2

The overall log-likelihood of the tree is computed according to Equations (2.10)–(2.11).
Evidently, when using models that accommodate Γ rate heterogeneity, the CLV update
follows the rates-informed Equation (2.14).

The CLV computation described so far corresponds to what is referred to as full CLV
update in coraxlib. This procedure is necessary when RAxML-NG populates the CLV
entries for the first time, for example when computing the CLVs and the log-likelihood
score of a starting tree. In practice, however, RAxML-NG rarely needs to recompute
all CLVs. Instead, it performs the so-called incremental CLV updates, an algorithmic
optimization that comes at no additional cost, and substantially accelerates tree infer-
ence. Incremental CLV updates are crucial, since full CLV updates on every encountered
topology would be computationally intractable and unnecessary. For example, in an SPR
move, only a small subset of CLVs must be recomputed to evaluate the log-likelihood of
the SPR topology. The specific CLVs that require update are directly identified through
the value of the clv_valid variable of the respective virtual node on the updated tree.
Figure 2.12 illustrates how RAxML-NG benefits from this incremental CLV update in
the context of an SPR move.

Incremental CLV updates have broad applicability throughout the tree inference pro-
cess. For instance, they are performed when re-rooting the tree to update the CLVs with
respect to the new root, or during BLOs when the root is placed on the branch to be
optimized. In the latter case, the branch length itself may change due to the optimiza-
tion, but the CLVs on either side of the branch remain unaffected. On the other hand,
a characteristic case where incremental CLV updates cannot be applied is during MPOs.
Even a change of a single substitution parameter requires recomputing all P -matrices
across all branches of the tree, which in turn requires a full CLV update to compute the
log-likelihood of the tree under the new parameter value.

RAxML-NG v1.x Tree Inference Heuristic

Figure 2.13 provides a schematic representation of the RAxML-NG v1.x tree inference
heuristic. The heuristic can be divided into three distinct stages. In each stage, the
algorithm performs successive SPR rounds of the same type, while the type of SPR
rounds differs across stages. The three stages correspond to the three closed loops of
Figure 2.13. The SPR rounds are denoted by the following functions in the workflow:

1. AUTODETECT FAST SPR(rmin, rmax): This function takes as input the minimum (rmin)
and maximum (rmax) SPR radius parameters, which denote the minimum and max-
imum range—in terms of number of nodes away from the original branch where the
subtree was pruned—of regrafting distances of an SPR move on the tree topology
(see Section 2.6.4). The initial values of rmin and rmax parameters are 1 and 5,
respectively, while the initial value of the rbest parameter is 5. AUTODETECT
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Figure 2.13: A schematic representation of the RAxML-NG v1.x tree inference heuris-
tic (Figure adapted from the Supplementary Material of [211]).

SPR rounds are essentially FAST SPR rounds (see below). The purpose of this
initial sequence of SPR rounds is to automatically and adaptively determine the
rbest parameter for the dataset at hand, which is used by the subsequent FAST SPR
rounds as the maximum regrafting distance. The algorithm successively increases
the minimum and maximum radius parameters by 5 units after each SPR round,
and the sequence terminates when the log-likelihood improvement (in Figure 2.13
denoted as impr) is less than 0.1 log-likelihood units, or when the global maximum
radius setting of 25 units has been reached.

2. FAST SPR(rmin, rmax): This function takes as input the minimum regrafting dis-
tance, which is always set to 1, and the maximum regrafting distance as given
by the rbest parameter and determined via the preceding AUTODETECT FAST
SPR rounds sequence. During FAST SPR rounds, RAxML-NG evaluates each tree
topology generated by an SPR move (i.e., each subtree insertion) using the existing
branch lengths. The insertion node is placed in the middle of the regrafting branch,
with the total length being unchanged. The sequence of consecutive FAST SPR
rounds terminates when the log-likelihood improvement is less than the ε-threshold
parameter (discussed below).

3. SLOW SPR(rmin, rmax): In analogy to the preceding SPR rounds, this function also
takes as input the minimum and maximum regrafting distances, that are initially
set to 1 and 5, respectively. The main difference between FAST and SLOW rounds
is that, during slow rounds, RAxML-NG evaluates each tree topology resulting from
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an SPR move by re-optimizing the lengths of the three adjacent branches around
the insertion node (see Section 2.6.4). If, after an SPR round, the log-likelihood
improvement is below the ε-threshold, the minimum and maximum parameters are
both increased by 5; otherwise, in the next SPR round the minimum and maxi-
mum radii are reset to 1 and 5, respectively. The sequence of SLOW SPR rounds
terminates when the log-likelihood improvement is below the ε-threshold for five
consecutive SLOW SPR round invocations, with increasing radius intervals (1–5,
6–10, 11–15, 16–20, 21–25).

After each SPR round, RAxML-NG conducts a full BLO on the output tree. For sim-
plicity, this post-SPR BLO step is not shown in Figure 2.13, but we consider it as being
an implicit part of the SPR round block in the diagram. Another detail omitted from
Figure 2.13 is that, within each SPR round, and after all subtrees have been pruned and
regrafted once, a BLO is conducted on the X best-scoring trees encountered during the
round. The algorithm then compares the log-likelihoods of these candidate trees with
that of the currently best tree, replacing the latter if a higher score is found. In AU-
TODETECT SPR rounds, RAxML-NG deactivates this feature (X := 0), while in FAST
and SLOW SPR rounds it sets X := 20.

Multiple Starting Trees

Evidently, the heuristic shown in Figure 2.13 corresponds to a single ML tree search.
This means that the algorithm begins with a starting tree and operates on the same tree-
object throughout the entire process, by either optimizing the continuous parameters of
the (statistical) model, or by conducting SPR moves to identify topologies with higher
likelihoods. The succession of all improved topologies, that is, those visited and accepted
by RAxML-NG because they yield higher log-likelihood scores, designates the tree search
path. This path, however, constitutes only a single (and potentially biased) perspective
of the geometry of the log-likelihood surface. Ideally, since ML tree inference is NP-hard
and evaluating all possible topologies is prohibitive, it is desirable to conduct as many
independent tree inferences as possible. This pluralism of ML inferences offers several
benefits, such as: (a) selecting and printing the best-found ML tree among the ML local
optima identified across the independent searches, thereby increasing the chances of ap-
proaching the global optimum; (b) statistically comparing the ML local optima against
the best-found ML tree to identify equally plausible solutions (see Section 2.7); (c) criti-
cally assessing the topological variation observed among plausible evolutionary scenarios;
and (d) investigating how different starting tree types (e.g., random vs. parsimony) affect
the plausibility of the respective inferred ML tree.

A correlative concept to point (c) is what the literature refers to as phylogenetic
signal [18, 73, 85, 103, 133, 154, 210, 212], a distinctive quale of the given MSA, reflecting
the intensity of its latent evolutionary affinities. Broadly, it describes the degree to
which the input data support a robust and/or consistent phylogenetic analysis. It is a
generic term, because it can be interpreted from different perspectives. For example,
strong phylogenetic signal may imply clear algorithmic convergence of independent ML
tree inferences into a single peak in the log-likelihood space, with little or no topological
variation being observed among the inferred evolutionary scenarios [73, 210]. It may also
indicate that the data resolve inner nodes effectively (i.e., few or no polytomies1 [212]),

1ML tools typically collapse very short branches, yielding multifurcating nodes, or polytomies.
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or that inner branches exhibit high bootstrap support [51]. The former behaviors are
closely related indicators for sufficient signal with respect to analytical robustness. On
the other hand, with regard to consistency, the term phylogenetic signal is used to describe
statistical dependency between specimen’s traits (e.g., phenotypic, ecological, behavioral)
and their phylogenetic proximity, relative to a presupposed evolutionary history [18, 103,
154]. Here, we adopt the former interpretation, that is, the ability of independent ML tree
inferences to converge toward a single likelihood peak. Since the true tree is unknown,
algorithmic convergence remains our most reliable indicator of phylogenetic robustness.

RAxML-NG v1.x conduct 20 independent tree inferences by default, 10 initiated on
random, and 10 on parsimony starting trees. Users can also specify their preferred number
of starting trees. The rationale in RAxML-NG v1.x is to address point (a) above. Namely,
the tool conducts 10+10 independent ML tree inferences to increase the probability of
identifying the global optimum. This multiplicity of searches, however, coupled with
subsequent post-analyses (e.g., bootstrap support estimation, plausibility assessment,
etc.) [133], has provided a diligent introspection of the geometry of the log-likelihood sur-
face across MSAs with diverse characteristics, such as the number of sites, taxa, patterns,
and site entropies [175]. The cumulative empirical observations reported over the years
led Haag et al. [73] to define the difficulty (or Pythia) score of an MSA, as a measure to
quantify the phylogenetic signal contained in the data. One of my main contributions in
this thesis is to effectively reduce the number of independent tree searches (i.e., starting
trees) performed by RAxML-NG, based on the difficulty score predicted by the Pythia
tool (see Section 2.8).

In the following, we refer to local ML optima inferred by independent ML tree infer-
ences as ML trees. The best out of them is referred to as the best-found ML tree, and is
the evolutionary scenario that RAxML-NG gives as output to the user.

Subtree Cutoff

A shortcut that RAxML-NG applies to further reduce the number of topologies evaluated
during an SPR round, with the rationale to omit evaluating topologies which are likely
suboptimal, is the so-called subtree cutoff feature [197]. When RAxML-NG prunes a
subtree during an SPR round and evaluates its possible reinsertions into neighboring
branches, a subset of the resulting SPR-neighbors will inevitably yield lower log-likelihood
scores. If this is the case for a specific regrafting branch R, and if the difference between
the original log-likelihood L (before pruning) and the regrafting log-likelihood L̂ exceeds a
certain threshold εcutoff , RAxML-NG entirely omits evaluating possible reinsertion points
within the subtree descending from the branch R, i.e., it will not descend beyond branch
R.

The εcutoff -threshold is dynamically defined. It begins with an initial value ε0
cutoff .

Let εn
cutoff denote the cutoff threshold at the n-th SPR round. During the next n + 1-th

SPR round, RAxML-NG records all log-likelihood differences (L−L̂(i)), i = 1, 2, . . . , m for
all m alternative rearranged topologies where L̂(i) < L. As mentioned, if for a regrafting
topology i′ it holds that L − L̂(i′) ≥ εn

cutoff , the reinsertion points within the subtree
descending from the regrafting branch are entirely omitted. For the next iteration, the
subtree cutoff threshold is updated as:

εn+1
cutoff =

∑m
i=1 L− L̂(i)

m
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RAxML sets the initial value of the cutoff threshold to be ε0
cutoff = ∞, meaning that

during the first SPR round it evaluates all possible reinsertions. In RAxML-NG, the initial
value is set to ε0

cutoff = −L0 / 1, 000, where L0 denotes the initial log-likelihood of the
tree before the first FAST SPR round. I emphasize “FAST”, because in AUTODETECT
SPR rounds the subtree cutoff feature is deactivated. Further, there is no cutoff reset
between FAST and SLOW SPR rounds in RAxML-NG. Thus, the first SLOW SPR round
inherits the threshold value determined during the final FAST SPR round.

Convergence Threshold (ε)

In Figure 2.13 shows that the log-likelihood improvement (impr) induced by FAST and
SLOW SPR rounds is assessed via an ε parameter. This comparison is illustrated in
the corresponding decision blocks (rhombus shapes), where the algorithm checks whether
impr < ε. The ε parameter serves as the convergence threshold in RAxML-NG and
is one of the decisive criteria for terminating the tree search. However, this is not the
only terminating factor. When the log-likelihood improvement from an SPR round falls
below the ε-threshold, the algorithm does not instantly terminate. Instead, RAxML-NG
continues the tree search by adjusting SPR-specific parameters for the subsequent SPR
rounds. For example, it increases the minimum/maximum SPR radii, or switches from
FAST to SLOW SPRs, after conducting an MPO. Nevertheless, the ε-threshold triggers
adjustments which indicate that the algorithm is approaching convergence.

In RAxML-NG v1.1, the default convergence threshold is ε := 0.1, a rather stringent
setting. This default value was relaxed in v1.2 to ε := 10, owing to the results of a
systematic study [74], which showed that the original value was unnecessarily strict. In
Chapter 4, I introduce a method to dynamically determine this ε-threshold in RAxML-
NG. Instead of relying on a fixed value, my approach statistically evaluates the pre- and
post-SPR trees of each SPR round of the tree search, and derives an ε value that reflects
inference-specific convergence dynamics.

Pattern Compression and Site Repeats

Additional algorithmic optimizations that RAxML-NG accommodates (similar to the in-
cremental CLV updates described in Figure 2.12) are the pattern compression and site
repeats techniques. Pattern compression [54] collapses identical site-patterns in the MSA
(see Section 2.2) and assigns frequency counts (weights) to each site of the compressed
alignment. The compressed MSA only comprises unique patterns, and RAxML-NG com-
putes the per-site log-likelihoods only once per unique pattern. The overall log-likelihood
is, then, obtained as the weighted sum over these per-site log-likelihoods. Extending the
pattern compression logic, the site repeats technique further exploits repeating subpat-
terns across subtrees to avoid recomputing identical CLVs [108]. Both pattern compres-
sion and site repeats optimizations substantially reduce runtime and memory usage (exact
numbers are not reported here), without affecting numerical calculations or results.

Vectorization and Parallelization

RAxML-NG employs vectorization to accelerate likelihood computations at the instruc-
tion level. By using SIMD extensions such as AVX/AVX2, it computes multiple per-site
likelihoods via a single processor instruction [110].



2.6. Heuristics and Tools 35

RAxML-NG supports two levels of parallelization on shared-memory machines. In the
fine-grained parallelization mode, the alignment sites are distributed across the available
CPU cores. Each core independently computes the per-site log-likelihoods for its assigned
subset of sites. Synchronization between cores only occurs when the overall log-likelihood
of the tree is required. At this point, the partial log-likelihoods computed by each core are
aggregated using an all-reduce operation (summation). In fine-grained mode, each core
maintains its own object of the tree class, which is an exact copy of the other cores’ tree-
objects. Hence, during tree searches (e.g., while testing SPR moves), all cores evaluate
the same set of candidate topologies and arrive at identical log-likelihood values, since the
total likelihood calculations are synchronized and communicated globally. As a result,
all cores make the same decision regarding which topological move to accept or reject

In contrast, under coarse-grained parallelization, each independent tree inference is
assigned to a separate CPU core. RAxML-NG essentially employs a hybrid paralleliza-
tion scheme, in which the available CPU cores are assigned to groups. Each group of
cores/threads performs one independent tree inference at the coarse-grained level, while
the cores within a group operate in fine-grained parallelization mode. Determining the
optimal division of threads into groups is a non-trivial task and is handled automatically
by RAxML-NG using MSA-specific load-balancing algorithms [110, 134].

Finally, RAxML-NG supports parallelization on distributed-memory systems via the
Message Passing Interface (MPI). In MPI mode, RAxML-NG employs essentially the
same hybrid parallelization scheme as on shared-memory machines, combining both fine-
and coarse-grained parallelization. Groups of cores are confined to the same physical
node, meaning that if RAxML-NG initiates multiple groups (i.e., performs several in-
dependent tree inferences concurrently), each inference runs exclusively on a single ma-
chine. However, for very long genomic alignments, fine-grained parallelization is typically
far more efficient than its coarse-grained complement. In such cases, RAxML-NG only
initializes a single group and executes the independent tree inferences sequentially, while
each inference itself is parallelized at the fine-grained level. In this configuration, cores
from distinct nodes may collaborate on the same tree inference, and synchronization as
well as overall likelihood calculation occurs across multiple machines.

2.6.6 IQ-TREE Heuristic
IQ-TREE exclusively uses NNI moves to navigate through tree space. During an NNI
round, IQ-TREE visits and evaluates all NNI-neighboring topologies of the current tree,
and sorts them based on their score improvements. Starting from the highest-ranked
move, the algorithm sequentially applies all concordant1 NNI moves to the current tree.
A set of NNI moves is concordant, if the central branches between any two moves in
the set are non-adjacent. When applying those concordant NNIs, the log-likelihoods of
intermediate occurring topologies are not computed; only the final topology is properly
evaluated including BLO. If the final likelihood exceeds the score of the tree induced
by applying only the highest-ranked NNI move on the initial list, the resulting topology
is accepted; otherwise, the applied NNI moves are reversed, except for the first move,
which guarantees to obtain the highest score improvement. This process is repeated
iteratively, until no further NNI moves yield score improvements. This heuristic was
initially introduced in [70], and is referred to as the hill-climbing NNI round in the

1In the original IQ-TREE paper [144], these are referred to as compatible moves. Here, I use the
term concordant to distinguish it from tree compatibility, as defined in Section 2.1.2.
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original IQ-TREE paper [144].
NNI-based heuristics, however, are particularly prone to become trapped in local

optima. To overcome this, IQ-TREE employs two additional mechanisms; the candidate
tree set (CTS) and the perturbation step. The CTS is a fixed-size population of locally
(sub-)optimal trees maintained by the algorithm. By default, the CTS is initialized with
99 parsimony, and one BioNJ [61] tree1, unless the user provides an alternative set of
starting trees. At the beginning of every round, the algorithm randomly draws a tree
from the CTS and applies random NNI moves to it (perturbation), to escape from the local
optimum. The perturbed tree serves as input for the next hill-climbing NNI round. After
each NNI round, both, the CTS, and the best-found ML tree are updated accordingly.
The process is repeated and the algorithm terminates only after the best-found topology
has remained unchanged for a predefined number of consecutive rounds (100 by default).

2.6.7 FastTree Heuristic
FastTree implements a rather superficial tree search strategy. It is an “approximately
maximum-likelihood” [151] alternative to infer phylogenies. It applies multiple shortcuts
in both, discrete topological, and continuous parameter optimizations. It begins with an
NJ tree. During the first phase, the algorithm conducts minimum-evolution (ME; [163])-
based NNI and SPR rounds, similar to FastME [38, 118], albeit using profiles instead
of true distances to further accelerate computation. Additional heuristics confine the
SPR search space from O(n2) to O(n) (where n is the number of taxa), and the total
number of ME-based topological optimization rounds to 4 log2(n) NNIs, and at most 2
SPRs, respectively. In the second phase, FastTree performs ML-based NNI rounds that
entail shortcuts in likelihood computations and confinements in NNI-space. FastTree
also limits the total number of ML-NNI rounds to 2 log2(n). Partial BLOs under ML are
conducted sporadically, while only a single full MPO is conducted, between the ME- and
ML-based topological optimization rounds. Furthermore, FastTree does not account for
gamma-distributed rate heterogeneity during tree search. Instead, it employs a variant of
the CAT approximation [150], which assigns each site to a fixed, precomputed category
(from up to 20 categories). I write “a variant”, because the FastTree CAT approximation
substantially differs from the original implementation in [190]. Further, the algorithm
offers an option to optimize gamma rates (-gamma option), yet this is only applied to the
output tree topology, and not during the topological optimization rounds.

2.7 Statistical Tests and Plausibility
A scenario that practitioners commonly encounter in phylogenetic analysis is when they
end up with a plethora of ML trees, which correspond either to the results of independent
ML tree inferences conducted by a single tool (e.g., RAxML-NG), or to the best-found
ML trees across tools (e.g., RAxML-NG vs. IQ-TREE). The question arises how the user
should decide which of the inferred trees represent reasonable solutions. Relying on the
log-likelihood score tout court is inadequate, for several reasons. First, the log-likelihood
calculations are implemented differently across tools, and thus one cannot simply compare
the printed log-likelihood values reported in the log files. Even if all candidate ML trees

1BioNJ is a tool which implements a weighted, biologically-informed version of the Neighbor Joining
(NJ; [164]) algorithm.
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are re-evaluated—by conducting thorough BLOs and MPOs—using a single tool, the
resulting log-likelihoods still cannot be used as an absolute metric for comparison. One
reason is because log-likelihood calculations are sensitive to numerical errors [176, 200].
A second and more substantial reason, as I describe in the following Section, is that
MSA sequences are inherently noisy; specifically, sampling bias is the noise type which
concerns us here. If the given MSA comprised a finite number of taxa of infinite length,
the optimal tree would converge to the true evolutionary history [161, 220], “unless the
assumed substitution model is extremely misspecified” [178]. In practice, however, the
sequences are finite, and due to sampling error, the best-found ML tree may appear
optimal only incidentally without necessarily being the true tree.

The decision problem is typically resolved by applying likelihood-based statistical
tests [64]. These tests operate on the per-site log-likelihoods of the candidate trees un-
der comparison. Ideally, to approximate the underlying, infinite-sample distribution of
the per-site log-likelihoods for the true tree, one would apply the non-parametric Felsen-
stein bootstrap [51]. That is, one would generate B bootstrap MSA replicates, of equal
length to the original MSA, by randomly sampling sites with replacement. A reference
ML tool (e.g., RAxML-NG) would then evaluate all candidate trees on each bootstrap
replicate, conducting thorough BLOs and MPOs. The resulting per-site log-likelihood
distributions, after a centering step, would serve to accept or reject the respective null
hypotheses of the tests referenced below. In practice, this re-optimization of continuous
parameters for each bootstrap replicate and candidate tree is computationally expensive.
Therefore, standard implementations employ the resampling estimated log-likelihoods
(RELL)-approximation [107]. Under RELL, the continuous parameters are optimized
only once per candidate tree for the original MSA. For each bootstrap replicate, the tests
re-use the precomputed per-site log-likelihoods as an approximation to the per-replicate
optimized distribution, thereby circumventing repeated optimizations.

Statistical tests for ML tree comparison are implemented in phylogenetic tools, such
as IQ-TREE [141] and CONSEL [179]. The shared tests in both tools are: the Kishino-
Hasegawa (KH) test [106], the Shimodaira-Hasegawa (SH) test [177], their weighted vari-
ants (WKH and WSH; [180]), and the approximately unbiased (AU) test [178]. In addi-
tion, IQ-TREE reports bootstrap proportion probabilities (bp-RELL) using a confidence
interval-based decision rule (see below), and applies the Expected Likelihood Weight
(ELW) test [201] in a similar manner. The shared statistical tests—i.e., (weighted-)KH,
(weighted-)SH, and the AU—assign a p-value to each candidate tree. The trees with p-
values ≥ 0.05 are considered as being plausible under the respective test, and are retained
in the set of statistically indistinguishable solutions. Conversely, a p-value < 0.05 implies
that the candidate tree is significantly worse, and is therefore excluded from the plausible
tree set (PTS).

An approach to determine statistical significance is to require for a candidate tree to
be plausible under all statistical tests implemented in IQ-TREE or CONSEL. Morel et
al. applied this approach in [133] using IQ-TREE, and refer to it as the “conservative”
method. I initially adopted this strategy in the benchmarking of Adaptive RAxML-
NG [210] described in Chapter 3. In retrospect, it became evident that this approach is
rather problematic in two ways. First, it neglects the individual biases of each statistical
test, which can substantially distort the results. For example, the KH test was originally
designed to compare only two trees [106], and therefore has no correction for multiple
testing. It is also prone to selection bias [64, 177, 178, 180], and is theoretically valid
only when the two candidate trees are specified a priori, rather than being inferred from
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the data at hand. The SH test [177] claims to fix those issues. However, a recent
benchmark study by Markowski and Susko [128] shows that the SH underperforms in
cases of extreme selection bias, and the authors explicitly advocate for the latter test
be abandoned. Moreover, the SH test rejects fewer trees than expected when many
candidates are compared [64, 178]. The AU test further adjusts the p-value calibration
to correct this relaxed behavior, and is considered the most reliable test for comparing
multiple ML trees [128, 130, 178].

Second, the “conservative” approach, as applied in [133, 210], is also problematic be-
cause it treats the bp-RELL and ELW values reported in the IQ-TREE log as if they
were p-values, which they are not. In fact, the bp-RELL and ELW tests in IQ-TREE are
substantially different from the KH, SH, and AU tests: the values they infer are posterior
weights (resembling posterior probabilities) and should not be interpreted as p-values.
Nonetheless, IQ-TREE accepts or rejects candidate trees based on a 95% confidence in-
terval rule. It sorts the candidate trees by their posterior weights (from highest to lowest),
computes the cumulative distribution, and rejects all remaining trees once the cumulative
probability reaches 95%. Therefore, bp-RELL and ELW are not null hypothesis-based sig-
nificance tests, but only measures of relative support, and it is rather debatable whether
they should be equated with KH, SH, and AU.

Upon that, my lab mates Julia Haag and Dimitri Höhler spotted certain anomalies
in IQ-TREE’s statistical tests implementation. For instance, a striking observation was
that the p-value of a candidate tree is highly sensitive to the order of the input trees.
Permuting the input list of candidate trees often yields noticeably different p-values.
These observations are documented in the Supplementary Material of [74].

For all of the above reasons, in Chapters 4 and 5 I adopt the liberal approach (as
opposed to the “conservative” approach mentioned above)1, that is, I exclusively rely on
the AU test as implemented in the CONSEL tool for ML tree plausibility assessment. The
AU test resolves the biases of KH and SH, and the CONSEL implementation is empirically
stable and robust. Accordingly, I repeat the benchmarking from [210] (see Chapter 3)
using the AU test in CONSEL, and report the latter results in juxtaposition to those
obtained via IQ-TREE’s statistical tests under the “conservative” approach. Finally,
in Chapter 4, I describe an efficient implementation of the KH test that I integrated
into RAxML-NG to ascertain convergence during the ML inference process and trigger
Early Stopping. In this way, RAxML-NG utilizes the KH test as a convergence criterion,
thereby achieving substantial speedups.

2.8 The Pythia Tool
As already discussed, heuristics do not guarantee that one will find the globally optimal
ML tree. Empirical observations [137, 191] suggest that, on certain datasets, independent
ML tree searches converge to a single—or topologically highly similar—tree(s), while
on other datasets, they yield multiple topologically highly distinct trees with almost
identical likelihood scores [133]. In the latter case, standard phylogenetic significance
tests (KH, SH, or AU), usually report no statistically significant difference among the

1Here, I implicitly refer to the historical conservatism-liberalism dipole of the early 19th century
Germany, where conservatism was the political movement favoring a regression toward a theocratic
regime, while liberalism defended individual freedom and the democratic organization of the state. For
more context, see [207].



2.8. The Pythia Tool 39

majority of the inferred, highly contradicting, topologies. Thus, “easy” MSAs exhibit a
single, well-distinguishable, globally optimal peak on their likelihood surface, associated
with a single tree topology. In contrast, “difficult” MSAs exhibit a rugged likelihood
surface, with multiple locally optimal and statistically indistinguishable peaks induced
by contradicting topologies.

Pythia (developed in our research group by Julia Haag) is a machine learning1 tool
which predicts the difficulty of the phylogenetic analysis of an MSA prior to initiating
ML-based tree inferences. Following the version naming used in the most recent Pythia
preprint [75], we refer to the model version accompanying the initial publication [73] as
Pythia v0.0, and to the recently released version as Pythia v2.0. In the Pythia v0.0 publi-
cation, the ground-truth inference difficulty of empirical MSAs is calculated by conducting
100 ML tree searches on each dataset using RAxML-NG. The Pythia score (difficulty) is
defined as follows:

difficulty = 1
5 · (RFall + RFpl + N∗

all

Nall

+
N∗

pl

Npl

+ (1− Npl

Nall

)) (2.15)

The five terms included in Equation (2.15) are the following, in order of appearance:
• RFall: The average nRF distance between all pairs of trees among the 100 ML trees.
• RFpl: The average nRF distance between all pairs of trees in the PTS2.
• N∗

all

Nall
: The number of unique tree topologies in the output ML tree set (N∗

all) divided
by the total number of trees in the same set (e.g., given that Haag et al. carried
out 100 ML tree searches in [73], this parameter would be Nall = 100).

• N∗
pl

Npl
: The number of unique tree topologies in the PTS (N∗

pl) divided by the total
number trees in the same set (Npl).

• Npl

Nall
: The number of trees in the PTS (Npl) divided by the total number of trees

in the output ML tree set (Nall = 100). This ratio is subtracted from 1, leading to
the full expression of the last term (1− Npl

Nall
).

Pythia v0.0 uses a Random Forest regressor [22], trained and tested on a subset of
MSAs in TreeBASE database [147], with the difficulty scores (computed as described
above) serving as ground-truth labels. Each MSA is represented by an 8-dimensional
feature vector. Six of these features are simple, fast to compute, and only rely on MSA
attributes: the patterns-over-taxa (PoT) ratio, the sites-over-taxa (SoT) ratio, the pro-
portion of gaps, the proportion of invariant sites, the site entropy [175], and the Bollback
Multinomial metric [20]. The remaining two features are derived from 100 Maximum Par-
simony (MP) inferences, which are orders of magnitude faster than ML searches. From
these 100 MP trees, Pythia v0.0 extracts (i) the proportion of unique MP topologies, and
(ii) the average nRF distance among all MP trees.

Since its initial publication, Pythia has undergone substantial improvements. The
newest version, Pythia v2.0 [75], replaces the Random Forest regressor by a Gradient
Boosted Tree model [60, 102]. The training dataset was expanded to include the full
TreeBASE database (rather than a subset thereof), and the RAxML Grove database [90].
In addition to the original eight features, Pythia v2.0 employs two additional features:
the pattern-over-sites ratio, and the pattern entropy. Furthermore, the number of MP
searches used to compute the MP-based features was reduced from 100 to 24, based on the

1I assume the reader is already familiar with basic concepts from statistical or machine learning. For
a broader overview of those fields, the reader may refer to sources such as [11, 80, 132].

2In the original Pythia v0.0 publication, plausibility was established using IQ-TREE tests.
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results of an extensive analysis described in [75]. These modifications yielded substantial
improvements in prediction accuracy and runtime. A detailed description of the evolution
of Pythia versions, along with exact accuracy and speedup metrics, can be found in [76].

The Pythia tool is particularly useful for providing a fast and accurate quantification
of the phylogenetic signal present in an MSA. For example, the original Pythia paper [73]
reports that a prediction is, on average, 5× faster than a single RAxML-NG ML tree
inference. Given that RAxML-NG v1.x conducts 20 independent tree inferences by de-
fault (see Section 2.6.5), the Pythia score gives a rapid estimate of how easy or difficult
the dataset is to analyze. Moreover, Pythia v2.0 achieves an additional 2.4× average
speedup over Pythia v0.0. In Chapter 3, I describe how I use the predicted Pythia score
in Adaptive RAxML-NG [210]. Based on the predicted score, I adjust the number of
independent ML tree searches as well as the tree search heuristic itself, achieving on av-
erage up to 16× speedups on both easy and difficult MSAs, while maintaining accuracy.
The Pythia tool has now become an indispensable built-in module of RAxML-NG, as we
move toward the release of the second major version of the tool (RAxML-NG v2.0; see
Chapter 6).

Finally, the current definition of the Pythia score, as given in Equation (2.15), entails
a minor drawback, which I also report in the Supplementary Material of [210]. Each term
in Equation (2.15) yields a value between 0.0 and 1.0. Since all five terms are weighted
equally, each can contribute at most 0.2 units to the overall score. As we will observe
in Chapters 3–6, only a small fraction of MSAs in the studied datasets exceed a Pythia
score of 0.9. The main reason for this is the last term in the parentheses, (1− Npl

Nall
). On

easy datasets, almost all independent ML tree searches yield trees with similar topologies
and likelihood scores. Therefore, the vast majority of the final ML trees is included in the
PTS. In this case, the ratio Npl

Nall
≈ 1.0, and consequently (1 − Npl

Nall
) ≈ 0.0. However, the

majority of ML trees inferred on difficult MSAs are also plausible. While the topologies
are highly incongruent, their likelihood scores are almost equal, and it, again, holds that
(1− Npl

Nall
) ≈ 0.0. Hence, on difficult MSAs the last term most likely contributes less than

0.1 units (out of 0.2), yielding an upper “bound” of 0.9 for the overall score which is rarely
exceeded. The four remaining terms, however, contribute 0.2 units each, and thus, the
problem is somewhat alleviated for difficult MSAs. This happens because, in such cases,
both the nRF distance terms and the unique-topology ratios are close to 1.0, implying a
high number of distinct and incongruent topologies in the final ML tree set.

Overall, the difficulty score for “hopeless-to-analyze” MSAs is usually underestimated
by the current definition in Equation (2.15). Intuitively, the difficulty score of such
datasets should be close to 1.0, but since the contribution of the last term in the paren-
thesis is low (for the reasons outlined above), the calculated value usually lies within the
[0.8, 0.9] range. On the other hand, due to the high contribution of the remaining four
terms, the difficulty scores of difficult MSAs are rarely below 0.8, rendering the Pythia
score in its current state fully functional. Still, a reformulation of the Pythia score could
help to distribute the difficult-to-analyze MSAs more uniformly across the upper part of
the range [0.7, 1].

2.9 Noise in MSAs

I intentionally distinguish between two basic types of noise in MSAs: (a) noise within the
available (non-missing) MSA sequences, and (b) noise due to missing data in partitioned
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MSAs. This distinction is important, because each noise type gives rise to a different
problem that I address in this thesis.

2.9.1 Noise in Available MSA sequences
MSA sequences are subject to noise [212] stemming from both stochastic and systematic
sources. Evolution, which is stochastic in nature, induces a form of randomness in the
sequences, reflecting deviations between observed data distributions and theoretical ex-
pectations [86, 140]. Upon that, sampling noise is superimposed [230], as phylogenetic
analyses typically rely on sequences that represent only a small fraction of the corre-
sponding genomes, raising concerns about their adequacy in approximating the original
distribution. Systematic noise, that is more prevalent in empirical MSAs, is introduced
by factors such as sequencing errors [138], alignment errors [42], homoplasy [158], and
gene tree-species tree discordance in supermatrix MSAs [124]. Because of this intrinsic
noise in sequence data, there is a risk that thorough ML optimization may lead the in-
ferred statistical model to overfit, capturing both the phylogenetic signal and the noise,
as discussed in Section 2.10.

2.9.2 Missing Data in Partitioned MSAs
Partitioned (or multi-locus) datasets often exhibit patches of missing data. That is, a
species may have no data present at a specific locus, either due to sampling issues, or
because the target locus is simply absent from the species’ genome. As I describe in
Section 2.11, the pattern and amount of such missing entries may induce two adverse
phenomena in phylogenetic tree space, stands and terraces, which both complicate the
identification of a clear, optimal (local or global) peak. Missing data are rather common
in multi-locus empirical datasets. For example, in RAxML Grove v0.7 database [90],
we counted 7, 295 empirical, partitioned multi-gene datasets, 4, 959 (68%) of which had a
non-zero proportion of missing data and 1, 390 (19%) a missing data proportion exceeding
30%.

2.10 Statistical Learning and Overfitting
In statistical learning the term training refers to the process of estimating the parameters
of a statistical model, such that they optimally fit the input data according to a given
criterion/loss-function. For example, in deep neural networks (DNNs), training typically
involves iterative methods [162], which efficiently adjust the DNN weights (parameters) to
progressively minimize prediction error. The input dataset is typically split into training
and testing data, with a larger portion assigned to training (e.g., 80%–20% split). The
training set is used to optimize model parameters (via training), while the testing set is
used for model evaluation.

Overfitting occurs when the model being trained does not only capture the underly-
ing pattern, but also the inherent noise in the training data [62, 80, 132]. It manifests
itself as a degradation in the model-fit on the testing data after a certain point during
the iterative training process. Moreover, the testing data model-fit may deteriorate pro-
gressively with every iteration, as the noise-fit iteratively increases on the training data.
Overfitting is often a consequence of over-training an over-parameterized model, relative
to the size or the intrinsic properties of the training data [17, 87]. A numerical example of
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Figure 2.14: Numerical example of overfitting emerging during the training of a
parameter-rich DNN. The plot corresponds to empirically derived learning curves ob-
tained from training a DNN on a small, random subsample (1,600 and 400 data points
for training and testing, respectively) of the MNIST dataset [117]. The DNN has four
fully connected layers with widths of 784, 1024, 1024, and 10. I train the DNN via the
Adam optimizer [105], yet disable any form of regularization or early stopping. After
iteration/epoch 8, the testing loss function progressively increases and diverges from the
training one, which continues to decrease and eventually attains zero loss (Figure repro-
duced from [209]).

overfitting is shown in Figure 2.14. In this example, the DNN is trained to minimize the
cross-entropy loss function. Initially, both training and testing loss decrease; however,
after iteration 8, the testing loss begins to progressively increase and diverges from the
training loss, which continues to decrease and eventually reaches zero. Common strate-
gies to mitigate overfitting in deep learning include holdout-based early stopping [186],
or penalizing redundant or excessively large parameters [88]. It should be noted, how-
ever, that extensive model training by pushing the optimization to its limits, despite
strong indications of convergence in the training score/error, does not necessarily induce
overfitting [12, 234].

In Chapter 5, I draw an analogy between standard training procedures in statistical
learning and the heuristics that ML inference tools deploy. Both approaches aim to
optimize the parameters of statistical models, and the optimization procedures can be
decomposed into distinct iterations. This perspective allows to systematically investigate
overfitting in ML tree inference tools. Accordingly, I provide an answer to an important
question which has been insufficiently examined in current literature: whether standard
ML tools (especially the thorough ones) experience overfitting [209].

2.11 Stands and Terraces
In partitioned MSAs, there exist two alternative approaches to reconstruct phylogenies,
the so-called supermatrix (see Section 2.5.4) and supertree methods. In the first case, per-
gene MSAs are assembled/concatenated into a large supermatrix that is typically divided
into disjoint partitions, that often represent the distinct genes/loci. The phylogenetic tree
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is then inferred from this supermatrix. Each gene is typically assumed to evolve under
its own model of evolution, while all genes share the same underlying tree topology.
Second, in supertree methods, separate gene trees are initially inferred for each gene and
subsequently reconciled into a species tree by maximizing appropriate criteria, such as
the reconciliation likelihood [135, 136] or the quartet-consistency score [152, 232].

Multi-locus datasets typically exhibit patches of missing data (see Section 2.9.2).
The presence or absence of data can be captured by a presence-absence matrix (PAM).
Its elements are 1’s and 0’s, indicating the presence or absence of data for a specific
locus/species pair. The pattern and amount of missing data in a PAM can lead to
the so-called stands, that is., collections of all species trees that are compatible with a
set of corresponding induced per locus subtrees. Specifically, let Y be the full set of
species/taxon labels in the PAM, and Yi ⊆ Y be the subset of available taxa for locus i.
Hence, Y = ⋃p

i=1 Yi, where p is the number of loci. Further, let Ti be a tree on Yi, which
may be inferred, for example, via ML methods. A stand is defined as the set of all trees
on Y that are compatible (see Section 2.1.2) with all trees Ti, each one defined on Yi for
locus i. Hence, for any tree T on the stand, it holds that T |Yi = Ti for all i = 1, 2, . . . , p,
that is, T displays Ti.

Under many scoring criteria typically used in phylogenetics (e.g. likelihood, parsimony
in supermatrix, or quartet-consistency score in supertree approaches), all trees on the
stand have identical scores. In such cases, a stand is called a terrace. For example, when
evaluating the trees on a stand using the log-likelihood score with unlinked branch lengths
(see Section 2.5.4), all stand trees yield identical scores and thus form a terrace [166].
The concept of terraces was first used implicitly in [196], and was explicitly described
in [166, 167] for supermatrix, and in [48, 77] for supertree approaches.

Note that, it is not a necessary condition for trees to belong to a stand in order to
form a terrace. In fact, equally scoring trees may occur even for complete datasets with
no missing data. This phenomenon has been documented in the literature for discrete
scoring functions/criteria, such as parsimony and supertree methods [48, 65, 77, 129, 215].
Moreover, although distinct ML trees on complete datasets (with no missing entries) do
not have analytically identical log-likelihood scores, in practice, due to constraints in
numerical calculations, they may appear to have exactly the same (or only marginally
different) log-likelihood scores [23, 73, 210]. In such cases, the practitioner has little
control over the scoring landscape generated by the input MSA, and therefore in the
robustness of the final result. By contrast, in the case of phylogenetic terraces induced by
stands and caused by missing data, the user can reduce their adverse effect on inferences,
for example by adding/removing species or loci to the dataset.

Therefore, identifying stands and determining their sizes is crucial for a robust phy-
logenetic analysis. Chernomor et al. developed Gentrius [28], a branch-and-bound algo-
rithm that enumerates all stand trees given a set of unrooted incomplete locus trees.
However, the computational complexity of building stands for unrooted trees is in-
tractable [21], and the number of trees in a stand can be exponential with respect to
the number of input taxa [19]. For this reason, I developed an efficient parallelization of
the Gentrius algorithm [208], which I describe in Chapter 7.



3. Adaptive RAxML-NG

This Chapter is based on the following peer-reviewed article:

• Anastasis Togkousidis, Oleksiy M. Kozlov, Julia Haag, Dimitri Höhler, and Alexan-
dros Stamatakis. “Adaptive RAxML-NG: Accelerating Phylogenetic Inference un-
der Maximum Likelihood using Dataset Difficulty.” Molecular Biology and Evolu-
tion, Volume 40, Issue 10, October 2023. https://doi.org/10.1093/molbev/msa
d227

Contributions: Anastasis Togkousidis designed the Adaptive RAxML-NG heuristic, inte-
grated it into the RAxML-NG software, and conducted the performance evaluation. Julia
Haag developed the Pythia predictor, which Adaptive RAxML-NG directly uses. Dimitri
Höhler generated the simulated datasets used in the performance evaluation. Oleksiy
Kozlov and Alexandros Stamatakis supervised the project and helped with the writing of
the paper.

In Chapter 2, I described the concept of the phylogenetic signal in an MSA. I also in-
troduced the Pythia tool [73], which is a machine learning-based predictor that estimates
the difficulty of analyzing a given MSA prior to an ML tree inference. The estimated diffi-
culty score is a real number which ranges between 0.0 to 1.0, and reflects the ruggedness of
the phylogenetic tree space. Easy MSAs, with a difficulty score close to 0.0, exhibit a sin-
gle, potentially globally optimal peak on their likelihood surface, while difficult ones, with
a score close to 1.0, exhibit multiple locally optimal peaks. The difficulty score does not
only capture these two extreme cases, but also the entire spectrum of intermediate cases.
Hence, one can roughly classify MSAs as being easy, intermediate, and hard-to-analyze.
In this Chapter, I present how I utilize the predicted MSA difficulty score to devise an
Adaptive heuristic for ML tree inference, which I integrate into RAxML-NG [210].

3.1 Related Work
Properly evaluating and comparing different heuristics/tools for ML-based phylogenetic
inference constitutes a challenging task when introducing novel heuristics. According
to a comparative study conducted by fellow lab member Dimitri Höhler [89], there is
no standard benchmark dataset for assessing/comparing tools. Most benchmark studies
typically rely on ad hoc sampled dataset collections. These collections are sometimes
biased towards specific MSA properties, which might distort the overall picture and even
yield contradictory results among studies (see below). In this section, I examine some
major issues reported in Höhler et al., as well as in previous benchmark studies. I outline
the connection between the Pythia score of an MSA on the one hand, and the respective
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convergence speed of the ML heuristic on the other, as well as the accuracy and robustness
of the result.

FastTree [151] is one of the fastest and most widely used tools for ML inference;
yet, its heuristic is considered as being rather superficial. The original FastTree publica-
tion [151] reports speedups of 100–1,000× relative to PhyML [68] and RAxML [193], but
the trees inferred by the latter tools are substantially more accurate, due to the thorough-
ness of the tree search heuristics they deploy. The suboptimal performance of FastTree
was later confirmed by an independent study [235], in which the authors found that
RAxML, IQ-TREE [144], and PhyML perform similarly in terms of topological accuracy
on single-gene datasets, while FastTree performs substantially worse. In contrast to the
aforementioned studies, the results from a third comparative study between RAxML and
FastTree only [123], show that, although RAxML generally infers more accurate topolo-
gies than FastTree, the differences diminish as the sites-over-taxa (SoT) ratio decreases.
This observation is confirmed by Höhler et al.

A similar pattern was described by Morel et al. [133], in the context of analyzing
SARS-CoV-2 data. Due to the comparatively low nucleotide substitution rate of SARS-
CoV-2 [216], the four MSAs analyzed in [133] are characterized by a high proportion of
invariable sites, and the patterns-over-taxa (PoT) ratio is ≤ 1. Morel et al. conducted
100 ML tree searches using RAxML-NG and extracted the plausible tree set (PTS). In
all four MSAs, each independent search yielded a unique topology, and more than 70% of
those 100 trees were plausible. Further, the average normalized RF distance between all
pairs of 100 ML trees was ∼0.78, indicating the prevalence of topologically highly distinct
trees.

The seemingly inconsistent conclusions in the aforementioned studies can be recon-
ciled by reflecting on the concept of the difficulty score. Starting from the latter study, the
100 output ML trees with contradicting topologies imply an extremely rugged likelihood
surface that exhibits a plethora of local optima. This hypothesis is confirmed by calculat-
ing the difficulty score on the full SARS-CoV-2 dataset; with a score of 0.84 (estimated
by Pythia v0.0), the dataset is virtually “hopeless-to-analyze”. In other words, analyzing
such a dataset is not expected to yield a single, well-defined, strictly bifurcating tree,
that is, a clear peak. Additional indicators of high difficulty include low SoT and PoT
ratios, both of which are used by Pythia as prediction features. First, Rosenberg and
Kumar [159] showed that higher SoT ratios generally imply stronger phylogenetic signal
and thus more accurate inference. This observation provides a sufficient explanation for
the results of the aforementioned study by Liu et al. [123]: as the number of taxa grows,
the SoT ratio of the MSA decreases, and consequently its Pythia score increases as well.
Hence, both RAxML and FastTree infer (potentially) distinct locally optimal trees with
similar likelihood scores.

Further, Höhler et al. [89] establish a strong negative correlation between the PoT ratio
and the difficulty of empirical MSAs. They show that the difficulty decreases substantially
when the PoT ratio exceeds 10. This provides an additional explanation for the high
difficulty of the SARS-CoV-2 dataset, where the PoT ratio is close to 1.0. In the same
study, RAxML-NG and IQ-TREE perform substantially better than FastTree in terms of
topological accuracy on empirical datasets with difficulty scores ranging between 0.2 and
0.6 (easy-to-intermediate), which is in agreement with the results of earlier comparative
studies [151, 235]. For easy datasets (difficulty < 0.2), FastTree performs similarly in
terms of likelihood score and topological accuracy.
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3.2 Method

3.2.1 Empirical Observations
The initial dataset collection comprised 10,389 empirical MSAs from TreeBASE [147]
and 5,000 simulated MSAs (see Section 3.3.1) with varying degree of difficulty. I divided
datasets into three classes: (a) easy datasets with a difficulty score below 0.3, (b) in-
termediate datasets with a difficulty between 0.3 and 0.7, and (c) difficult datasets with
a difficulty exceeding 0.7. The development of the Adaptive RAxML-NG tree search
heuristic was based upon three observations:

1. The majority of independent ML tree searches on easy MSAs either converges to a
single, or topologically highly similar, tree(s). Moreover, fast and thorough heuris-
tics (FastTree and standard RAxML-NG) perform similarly in terms of topological
accuracy and likelihood score, especially when the difficulty score is close to 0.0.

2. Independent ML tree searches on difficult MSAs yield topologically highly distinct
trees, with most of them being equally likely and, therefore, statistically indistin-
guishable. Fast and thorough heuristics perform similarly in this difficulty range
with respect to the likelihood score. Overanalyzing such datasets is hopeless. Thus,
it suffices to rapidly infer only a few, out of the many almost equally likely, topolo-
gies, to reduce overall execution time.

3. On datasets of intermediate difficulty, thorough heuristics yield statistically better
ML trees than superficial ones. This is because superficial heuristics are more prone
to become stuck in local optima which correspond to suboptimal trees. In general,
intermediate MSAs exhibit fewer peaks on their likelihood surface than the difficult
ones. However, only a small proportion of these peaks is significantly better and,
therefore, more thorough search strategies yield significantly better trees.

3.2.2 The Adaptive Heuristic
Pythia was originally implemented in Python [98], and was later integrated into the
RAxML-NG framework as a C module [99] within coraxlib [47]. Adaptive RAxML-NG
begins by invoking Pythia, which predicts the difficulty score of the input MSA.

Next, the algorithm determines the required thoroughness of the tree space explo-
ration via two factors: the number of independent tree inferences that the tool initiates,
and the thoroughness of each individual search. Regarding the former, RAxML-NG v1.x
by default executes ML tree inferences on 10 random and 10 parsimony starting trees.
Adaptive RAxML-NG, on the other hand, modifies the number of independent tree in-
ferences based on the difficulty score of the input MSA. The functions to determine the
number of random/parsimony starting trees, given the input MSA difficulty score, are
shown in Figure 3.1a. Both functions are Gaussian curves with a peak of 10 trees when
the difficulty score is 0.5. The curve for the number of parsimony trees is intentionally
wider, such that the heuristic uses more parsimony than random starting trees on easy
and difficult datasets, owing to an observation made by Morel et al. [133] on the SARS-
CoV-2 dataset. The authors observed that tree searches initiated on parsimony starting
trees consistently yielded phylogenies with substantially better log-likelihood scores.

Regarding the second factor, Adaptive RAxML-NG modifies the thoroughness of each
individual search by adjusting the maximum SLOW SPR regrafting radius, that is, the
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(a) (b)

Figure 3.1: (a) Number of random and parsimony starting trees that are used by
the Adaptive RAxML-NG to conduct independent tree inferences, as a function of the
difficulty score. (b) The maximum SLOW SPR regrafting radius parameter over the
difficulty score (Figure reproduced from [210]).
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Figure 3.2: A schematic representation of the Adaptive RAxML-NG tree inference
heuristic (Figure adapted from [210]).
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maximum distance between the pruning and regrafting points of an SPR move. This
parameter directly affects the number of alternative topologies that are explored per SPR
round (see Section 2.6.4). Figure 3.1b shows the function to determine the maximum
SLOW SPR regrafting radius given the input MSA’s difficulty. A triangle function is
used, which starts from a radius of 5 when the difficulty score is either 0.0 or 1.0, and
attains a peak radius of 30 for a difficulty of 0.5.

Figure 3.2 provides a schematic representation of the tree search heuristic that Adap-
tive RAxML-NG deploys. In contrast to standard RAxML-NG v1.x, which exclusively
searches the tree space via SPR moves, Adaptive RAxML-NG also employs NNI moves in
addition to SPRs. I provide an efficient NNI round implementation in coraxlib, which
is analogous to the NNI round implemented in RAxML v8.2 (-f J option; [195]). The
rationale for using NNIs is that, on easy and difficult MSAs, inferences tend to converge
rapidly, even when applying superficial heuristics (e.g., FastTree). Evidently, NNI-based
heuristics are less thorough than SPR-based ones1. Hence, as shown in Figure 3.2, on
easy- and difficult-to-analyze MSAs, Adaptive RAxML-NG begins with an NNI round
followed by an MPO, as the probability to find a local ML peak only via this NNI round
is comparatively high.

After the initial BLO and MPO conducted on the starting tree, as well as the NNI
round for easy and difficult MSAs, Adaptive RAxML-NG executes two phases. Before
proceeding, though, the algorithm evaluates whether the current-best tree has attained
what I refer to as “first-stage convergence”: that is, the score of the currently-best tree
is less than 1% worse than the score of the best ML tree inferred so far from previous,
already completed inferences (if any). In case no ML inference has been conducted yet,
the first-stage convergence check returns FALSE. This check is conducted for all MSAs,
that is, not only for the easy and difficult ones where the algorithm begins with an NNI
round, but also for datasets of intermediate difficulty, where only BLO and MPO rounds
are performed on the starting tree. This is because, it may be the case that the initial
parsimony starting trees have log-likelihood scores within 1% of the best score inferred so
far. In such cases, the algorithm skips the first, FAST-SPR phase entirely, and directly
proceeds to the second, SLOW-SPR phase (see Figure 3.2).

In both phases, SPR rounds are alternating with NNI ones. During the first phase,
FAST SPR rounds alternate with NNI rounds, until either of the three conditions is met:
(a) the RF distance between two consecutive tree topologies is zero2, (b) the log-likelihood
improvement between two consecutive topologies does not exceed a fixed threshold ε :=
0.1 (the same ε-threshold as in standard RAxML-NG v1.1), or (c) the first phase has
attained “first-stage convergence” (see above).

In the second phase, SLOW SPR rounds alternate with NNIs until the log-likelihood
improvement ε-threshold is reached again. Further, as in the standard heuristic (illus-
trated in Figure 2.13), Adaptive RAxML-NG conducts full BLOs on the starting tree,
and after each FAST/SLOW SPR round. The post-SPR BLO rounds are not displayed
in Figure 3.2, but we consider them as being an implicit part of the SPR round blocks.
MPO is conducted on the starting tree (after the BLO), in-between the first and second
phase, and on the final tree topology. On easy and difficult MSAs, an extra MPO is
conducted after the additional NNI round invoked at the beginning.

1For a discussion on NNI- vs. SPR-based heuristics, see Sections 2.6.2 and 2.6.4.
2In this context, two tree topologies are consecutive if they are separated by exactly one SPR plus

one NNI round.
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Parameter Configuraion

The initial values of the rmin and rmax parameters, that is, the minimum and maximum
SPR regrafting radii, are 1 and 5, respectively. Both radii are increased by 5 units at
each invocation of the FAST SPR round until rmax reaches its upper limit of 25. Once
this limit is reached, and if the algorithm remains in the first stage, the radii stay fixed
at rmin := 21 and rmax := 25. During FAST SPR rounds, the subtree cutoff feature (see
Section 2.6.5) is disabled. In addition, FAST SPR rounds do not maintain a list of the
X best-scoring topologies encountered during the search; instead, they set X := 0 (see
Section 2.6.5).

In SLOW SPR rounds, the values of rmin and rmax remain constant. The minimum
regrafting radius is always set to rmin := 1, whereas rmax is determined by the triangular
function shown in Figure 3.1b. The subtree cutoff feature is enabled, with a default initial
value ε0

cutoff = −L0 / 1, 000, similar to RAxML-NG v1.x. The number of X best scoring
topologies stored during the SLOW SPR round—on which a full BLO is conducted at the
end of the SLOW SPR round in order to be compared against the current best tree—is set
to X := 20. Finally, the NNI tolerance parameter is set to εNNI := 0.1 (see Section 2.6.4),
and the log-likelihood convergence ε-threshold is set to ε := 0.1, following the settings
used in RAxML-NG v1.1, that is, the most up-to-date RAxML-NG version at the time
of developing the Adaptive heuristic.

3.3 Experimental Setup

3.3.1 Benchmark Pipeline
In this benchmark, I compare Adaptive RAxML-NG against standard RAxML-NG v1.1.
For each empirical/simulated MSA (see Section 3.3.2), both versions are executed using
their default settings. This means that each version conducts multiple independent tree
inferences. By default, standard RAxML-NG conducts 20 tree searches using 10 random,
and 10 parsimony starting trees. The number of independent tree inferences performed
by Adaptive RAxML-NG is determined as a function of the input MSA difficulty score
(see Figure 3.1a). I compare standard and Adaptive RAxML-NG by explicitly focusing
on the best ML trees inferred by each version on each MSA. I refer to the best ML tree
inferred via RAxML-NG v1.1 as the standard tree, and the one inferred via the Adaptive
version as the adaptive tree.

In the Adaptive RAxML-NG paper [210], I statistically evaluate the standard and
adaptive trees for each MSA using the significance tests implemented in IQ-TREE [131,
141]. I consider an ML tree as being plausible if it passes all statistical tests implemented
in IQ-TREE. Therefore, standard and adaptive trees are statistically indistinguishable
only when they both pass all tests. As discussed in Section 2.7, this “conservative” ap-
proach is rather problematic for a plethora of reasons. Hence, in this Chapter I repeat
the comparison between standard and adaptive trees from [210] by adopting a more lib-
eral approach. Specifically, I apply the AU test [178] as implemented in the CONSEL
tool [179], and consider ML trees with a p-value ≥ 0.05 as being plausible. Moreover, I
require that the absolute log-likelihood difference between the two ML trees under com-
parison exceeds a minimum threshold of 0.5 log-likelihood units, before even considering
the AU p-value reported in the CONSEL log file. If the log-likelihood difference falls be-
low this threshold, the two trees are considered statistically equivalent ipso facto. Using
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this minimum threshold is necessary, because CONSEL may encounter numerical issues
when the log-likelihood difference between the candidate trees is very small. I refer to this
combined criterion (i.e., AU test supplemented by a minimum threshold for correction)
as the neo-liberal approach. I henceforth adopt this evaluation criterion throughout the
remainder of this thesis for plausibility assessments. In Section 3.4, I report the plau-
sibility assessment results obtained via CONSEL in juxtaposition to those obtained via
IQ-TREE.

For each MSA, I calculate the overall speedup of Adaptive RAxML-NG relative to
the standard version, by dividing the standard runtime by the adaptive one. To obtain
accurate runtime measurements, I executed both versions in sequential mode. Due to the
large number of MSAs (see Section 3.3.2), I set an upper execution time limit of 24h for
both versions. I additionally define and compute the per-search speedup (PS):

PS = TS/NS

TA/NA

where TS and TA are the overall execution times of standard and Adaptive RAxML-NG,
and NS and NA are the number of independent tree searches conducted by each RAxML-
NG version, respectively (hence NS := 20). I present summary results for both speedups
and per-search speedups across all MSAs.

Finally, for each MSA, I compute the relative/normalized RF distance (nRF; see
Section 2.1.3) between the standard and adaptive tree. For simulated MSAs, I further
compute the relative RF distances between the best ML trees inferred by each version
and the true reference tree, that is, the tree used to generate the simulated sequences.

3.3.2 Datasets
I conducted experiments on both empirical and simulated datasets. For the empirical
analyses, I initially collected all 10,389 MSAs available in TreeBASE. Several filtering
steps were then applied. Specifically, I excluded MSAs that either exceeded the 24h
runtime limit, or on which the corresponding IQ-TREE statistical tests execution failed.
Such failures typically arose from unfavorable MSA properties (e.g., duplicate sequences
or sequences only comprising gaps) or from invalid characters in taxon names, which
triggered errors in IQ-TREE when importing the trees inferred by RAxML-NG. The final
empirical dataset collection comprises 9,515 MSAs that successfully passed all filtering
stages. Out of those datasets, 8,052 are unpartitioned DNA MSAs (UP-DNA), 638 are
partitioned DNA (P-DNA), 817 are unpartitioned AA (UP-AA), and 8 are partitioned
AA alignments.

I also used 5,000 simulated MSAs. Specifically, I randomly sub-sampled 4,500 sim-
ulated DNA MSAs used in the benchmark study by Höhler et al. [89]. Dimitri Höhler,
who is also a co-author of the Adaptive RAxML-NG paper, generated an additional
500 simulated AA MSAs, based on a sample from the RAxML Grove [91] database.
RAxML Grove datasets contain files with inferred trees, their respective estimated sub-
stitution model parameters, and statistical information about the analyzed MSA. In
order to avoid simulating extremely large MSAs, datasets with an MSA number of
taxa and patterns below the 95th percentile were selected. Next, D. Höhler used the
trees and the substitution models that were selected by the users of the RAxML web
servers to specify the model parameters, which were used for MSA simulation with Al-
iSim [213]. Overall, the following substitution models for AA MSA simulations were
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Figure 3.3: Difficulty score distributions of 9,515 empirical and 5,000 simulated MSAs,
as computed via Pythia v0.0 (Figure adapted from [210]).

used: JTT+Γ (29.79%; [96]), LG+Γ (28.64%; [116]), Dayhoff+Γ (26.70%; [37]), WAG+Γ
(7.37%; [224]), Blosum62+Γ (4%; [83]), MtArt+Γ (2.71%; [1]), VT+Γ (2.34%; [139]),
GTR+Γ (1.57%; [205]), MtREV+Γ (1.22%; [2]), MtMAM+Γ (1.0%; [231]), rtREV+Γ
(0.85%; [40]), MtZOA+Γ (0.65%; [160]), cpREV+Γ (0.47%; [3]), PMB+Γ (0.22%; [217]),
HIVw+Γ (0.1%; [145]), FLU+Γ (0.07%; [33]), DCMut+Γ (0.07%; [109]), and HIVb+Γ
(0.07%; [145]). Among the 5,000 simulated MSAs, 4,482 were generated as UP-DNA, 18
as P-DNA, 487 as UP-AA, and 13 as P-AA datasets. All simulated MSAs successfully
passed all filtering steps.

On empirical MSAs, unless an explicit partitioning scheme with model assignments
was specified by the user (as is the case for some TreeBASE MSAs), we treat all the
remaining MSAs as unpartitioned. In such cases, I invoked both RAxML-NG versions
using the GTR+Γ model for DNA, and the LG model for protein MSAs, respectively.
Further, I treated all simulated MSAs as unpartitioned, using the GTR+Γ model for
DNA, and the LG model for AA MSAs, respectively. The difficulty score distribution for
both empirical and simulated MSAs is shown in Figure 3.3.

Importantly, to reduce the computational complexity and the CO2 footprint when
analyzing protein MSAs, I did not account for RHAS with the Γ-model. In this bench-
mark, omitting Γ rates does not affect the comparison between standard and Adaptive
RAxML-NG, because the MPO routines are identical among the two RAxML-NG ver-
sions. This becomes more evident based on the following observation. When comparing
the standard and adaptive trees via CONSEL, the respective per-site log-likelihood dis-
tributions are computed by evaluating the two trees with standard RAxML-NG, that is,
by performing a full BLO followed by MPO on the given tree(s). Whether or not Γ rates
are used during this re-evaluation is irrelevant, since the MPO routines are identical, and
hence the overall plausibility assessment remains unaffected.
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3.3.3 Commands and Compute Cluster Details
Adaptive RAxML-NG is integrated into RAxML-NG and is available under the GNU
GLP license. A snapshot of the Adaptive RAxML-NG version which was used for the
benchmarks reported here (as well as the corresponding paper [210]) is archived as a
tagged release in my personal GitHub repository: https://github.com/togkousa/ra
xml-ng/releases/tag/v1.0. Further, I continued developing Adaptive RAxML-NG
after its publication, in the adaptive branch of a forked RAxML-NG repository: https:
//github.com/togkousa/raxml-ng/tree/adaptive. These subsequent improvements
are already integrated into the second major version of RAxML-NG (see Chapter 6).

Users can invoke the Adaptive RAxML-NG version using the --adaptive option
when executing RAxML-NG. The results can be reproduced by running the following
commands:

Standard RAxML-NG v1.11:
./raxml-ng --threads 1 --msa {msa} --model {model} --seed 0

Adaptive RAxML-NG:
./raxml-ng --adaptive --threads 1 --msa {msa} --model {model} --seed 0
--lh-epsilon 0.1

In the Adaptive version, it is important that the user explicitly specifies an ε-threshold
of 0.1 (using --lh-epsilon 0.1). This is because the tagged release incorporates minor
subsequent improvements made between RAxML-NG versions 1.1 and 1.2. One of those
was to increase the default ε-threshold from 0.1 to 10, owing to the results of a systematic
study [74].

I executed the experiments on the Haswell/URZ Cluster, located at the Computing
Center of the University of Heidelberg. It comprises 224 nodes with Intel Haswell CPUs
(E5-2630v3 running at 2.40GHz). Each node contains 2 CPUs and each CPU has 8
physical cores. The operating system is CentOS Linux 7 (Core).

3.4 Results
Figure 3.4 summarizes the plausibility assessment results obtained via the IQ-TREE
significance tests, which were conducted on all standard-adaptive tree pairs, over all
datasets. The best scoring tree of each pair serves as the reference tree. In 95.6% of
empirical, and 93.4% of simulated MSAs, the two trees are statistically indistinguishable,
while in 0.84% of the cases, Adaptive RAxML-NG infers a significantly better ML tree.

The results obtained via IQ-TREE under the “conservative” approach are already
encouraging for the Adaptive heuristic. They suggest that adjusting the tree search thor-
oughness based on the input MSA’s difficulty score predicted by Pythia constitutes an
effective tree search strategy. Only on 2.64% of the empirical, and 4.88% of the simu-
lated MSAs, does RAxML-NG v1.1 infer a significantly better ML tree. This emerging
trend is even more pronounced when evaluating the two versions via CONSEL’s AU test
(under the neo-liberal approach). Figure 3.5 shows that, under the second comparative
framework, on 99.74% of empirical, and 99.96% of simulated MSAs, the standard and
Adaptive versions yield statistically indistinguishable ML trees.

1https://github.com/amkozlov/raxml-ng/releases/tag/1.1.0

https://github.com/togkousa/raxml-ng/releases/tag/v1.0
https://github.com/togkousa/raxml-ng/releases/tag/v1.0
https://github.com/togkousa/raxml-ng/tree/adaptive
https://github.com/togkousa/raxml-ng/tree/adaptive
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Figure 3.4: Plausibility assessment based on the statistical tests implemented in IQ-
TREE. Label PASSED denotes that both the standard and the adaptive tree passed all sta-
tistical tests, and are hence statistically indistinguishable (Figure reproduced from [210]).
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Figure 3.5: Plausibility assessment using the AU test, as implemented in the CONSEL
tool. ML trees with a p-value ≥ 0.05 are considered to be plausible.

Next, Figure 3.6 summarizes the speedup distributions of Adaptive relative to stan-
dard RAxML-NG, on empirical and simulated MSAs, over 10 difficulty intervals. As
expected, I attained substantial speedups (exceeding 5×) on easy and difficult datasets,
since the number of independent tree searches performed by Adaptive RAxML-NG is
lower for these difficulty intervals. Table 3.1 provides analogous summary statistics, in-
cluding average speedups and standard deviations, for both the overall and per-search
speedup distributions across the 10 difficulty intervals. Further, I define the accumulated
speedup to be the ratio of the overall accumulated execution times of the two RAxML-
NG versions under comparison. The accumulated speedups on empirical and simulated
MSAs are 3.11× and 4.27×, respectively.

Regarding topological accuracy, Figure 3.7 illustrates the relative RF distances be-
tween the best ML trees inferred by each version over all standard-adaptive tree pairs.
For MSAs with a difficulty score below 0.5, the standard-adaptive pairs generally exhibit
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Figure 3.6: Speedup distributions of Adaptive vs. standard RAxML-NG, for empiri-
cal/simulated MSAs over 10 difficulty intervals. The dashed line at the bottom corre-
sponds to a speedup of 1× (Figure adapted from [210]).

Empirical Simulated
Difficulty Av.S Std.S Av.PS Std.PS Av.S Std.S Av.PS Std.PS
[0.0, 0.1) 12.58 4.77 1.55 0.5 16.06 6.02 1.96 0.81
[0.1, 0.2) 7.48 3.08 1.88 0.57 10.71 4.74 2.72 1.05
[0.2, 0.3) 3.48 1.15 1.82 0.49 5.13 2.17 2.69 1.02
[0.3, 0.4) 2.2 0.61 1.79 0.46 3.02 1.2 2.44 0.87
[0.4, 0.5) 1.85 0.45 1.84 0.44 2.2 0.63 2.18 0.61
[0.5, 0.6) 1.84 0.47 1.83 0.47 2.1 0.54 2.09 0.53
[0.6, 0.7) 2.15 0.55 1.81 0.42 2.36 0.63 2.0 0.5
[0.7, 0.8) 3.29 1.09 1.8 0.49 3.24 0.97 1.75 0.42
[0.8, 0.9) 6.43 3.48 1.85 0.75 5.71 2.01 1.68 0.45
[0.9, 1.0) 16.06 6.69 2.7 0.85 10.8 5.46 1.95 0.74

Table 3.1: Average value and standard deviation of speedups and per-search speedups
of Adaptive vs. standard RAxML-NG, over 10 difficulty intervals. Av.S: average speedup,
Std.S: standard deviation of speedups, Av.PS: average Per-search speedup, Std.PS: stan-
dard deviation of Per-search speedup (Table reproduced from [210]).

relative RF distances below 0.2, indicating that both versions infer topologically similar
trees when the phylogenetic signal is sufficiently strong. Finally, Figure 3.8 presents the
relative RF distance distributions between the inferred (standard/adaptive) trees and the
true tree, on simulated MSAs. As expected, the distance to the true tree increases for both
methods with increasing MSA difficulty. Importantly, the relative RF distance distribu-
tions for the two versions are nearly identical, demonstrating that Adaptive RAxML-NG
maintains the same level of topological accuracy as the standard version, across the entire
difficulty spectrum.
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Figure 3.7: Relative RF distances between the standard and adaptive tree across all
empirical and simulated MSAs. (Figure reproduced from [210]).
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3.5 Discussion
By introducing Pythia into phylogenetic search engines, users can obtain an a priori
estimate of the expected robustness of the final result, since the difficulty score directly
reflects the amount of phylogenetic signal in the input MSA. The benefits of analyzing
easy MSAs with the Adaptive version are the substantial speedups, and the robustness
of the final result on easy- and intermediate-to-analyze MSAs. On the other hand, users
should be aware that any individual tree inferred on a difficult MSA with a rugged
likelihood surface is most likely non-informative. On difficult MSAs, Adaptive RAxML-
NG executes a fast heuristic to rapidly infer just a few, out of the many equally likely,
yet incongruent, tree topologies. In such cases, the software issues a warning in its log
file, informing the users about the insufficient phylogenetic signal in the input MSA.

The development of Adaptive RAxML-NG is an important contribution to the field.
It demonstrates that the predicted Pythia score can serve as a reliable estimate of the
quality of the phylogenetic signal that the MSA contains, and that the tree search heuristic
can be adjusted accordingly, using faster heuristics on easy and difficult MSAs, and more
thorough strategies on intermediate ones. Nonetheless, as any novel method, it exhibits
certain limitations that became more evident after its publication, and motivated my
further research. I briefly outline a few of these considerations here.

First, although the Adaptive heuristic is relatively straight-forward (compared to
RAxML-NG v1.1), it is still stringent and can be adjusted even further (e.g., see Chap-
ter 4). Second, the application of an initial NNI round to easy and difficult MSAs,
regardless of the starting tree type, proved to be suboptimal in retrospect. As discussed
in Section 2.6.4, the NNI round iterates until it reaches an NNI-optimal tree. When
applied to large MSAs (i.e., MSAs comprising thousands of taxa), the NNI round may
substantially slow down the search when the search starts with a random tree. This
was not observed in the Adaptive RAxML-NG benchmarks, because TreeBASE MSAs
typically comprise up to 1,000 taxa. Therefore, the NNI round should be applied only
under appropriate conditions, that is, on smaller MSAs (e.g., MSAs with less than 1,000
taxa), or when the current tree has already a relatively “good” log-likelihood score (e.g., a
parsimony starting tree). Ultimately, SPR rounds yield larger log-likelihood “jumps” and
allow for a more thorough exploration of the tree space, and are hence more appropriate
as primary search mechanism.

Finally, the 1% “first-stage convergence” criterion introduced some additional chal-
lenges for parallelizing the heuristic. To ensure reproducibility, the current design can
be parallelized in only two ways: (a) by employing fine-grained parallelization, or (b)
by initially executing only the first ML tree inference in fine-grained mode while all the
remaining searches wait, and then executing the remaining inferences via a hybrid fine-
and coarse-grained parallelization scheme. In both scenarios, however, the computational
resource utilization is suboptimal.

However, the above limitations do not undermine the importance of the Adaptive
RAxML-NG contribution. On the contrary, they provided insights and motivated my
further research on developing even more efficient heuristics, building on the knowledge
gained from the Adaptive RAxML-NG project. As I write in the Conclusion of the
Adaptive RAxML-NG paper:

Lastly, we aim to test alternative heuristic tree search strategies so that we can
design and implement improved heuristic approaches in adaptive RAxML-NG
to further refine likelihood scores and reduce runtime. [210]
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3.6 Data and Software Availability
As mentioned in Section 3.3.3, Adaptive RAxML-NG is integrated into RAxML-NG and
is available under the GNU GLP license. A snapshot of the Adaptive RAxML-NG version
which was used for the above benchmarks is archived as a tagged release in my personal
GitHub repository: https://github.com/togkousa/raxml-ng/releases/tag/v1.0.
All MSAs used for the experiments are available for download at https://cme.h-its.o
rg/exelixis/material/raxml_adaptive_data.tar.gz.

https://github.com/togkousa/raxml-ng/releases/tag/v1.0
https://cme.h-its.org/exelixis/material/raxml_adaptive_data.tar.gz
https://cme.h-its.org/exelixis/material/raxml_adaptive_data.tar.gz


4. Early Stopping in RAxML-NG

This Chapter is based on the following peer-reviewed article:

• Anastasis Togkousidis, Alexandros Stamatakis, and Olivier Gascuel. “Accelerating
Maximum Likelihood Phylogenetic Inference via Early Stopping to Evade (Over-
)optimization.” Systematic Biology, 2025. https://doi.org/10.1093/sysbio/s
yaf043

Contributions: Anastasis Togkousidis designed and implemented the simplified RAxML-
NG (sRAxML-NG) heuristic, integrated the Kishino-Hasegawa (KH) test into the
RAxML-NG code, used it to implement the KH-based stopping criteria, and conducted
the performance evaluation. Alexandros Stamatakis and Olivier Gascuel supervised the
project and helped with the writing of the paper. Olivier Gascuel also proposed the
idea of using the KH test as a means for Early Stopping in ML inference, as well as its
corrected version for multiple testing.

As discussed in Section 2.9, MSA sequences are inherently noisy for a plethora of
reasons (e.g., stochastic, systematic, or sampling noise). This increases the risk of over-
fitting in ML tools, whereby the output (statistical) model incorrectly captures the noise
in addition to the true phylogenetic signal. But even if overfitting does not occur, over-
optimization remains a recurrent issue in thorough ML tree inference tools. Indeed,
RAxML-NG v1.x typically spends substantial computational time in long log-likelihood
plateaux during the final stages of optimization, where the observed log-likelihood im-
provements introduced by successive topological rearrangements are negligible, and may
be attributed to data noise rather than the true signal. Therefore, there exist compelling
reasons to not push optimization to its limits, by means of early—yet adequate, in terms
of yielding statistically plausible ML trees—stopping criteria.

In this Chapter, I initially introduce a simplified RAxML-NG heuristic (sRAxML-
NG). This heuristic serves as an underlying Early Stopping method upon which I sub-
sequently develop the stopping criteria. Next, I integrate the Kishino-Hasegawa (KH)
test [106] into sRAxML-NG as a reliable, fast-to-compute method for Early Stopping.
The sRAxML-NG tool uses the KH test to statistically assess the significance of differ-
ences between intermediate trees prior to and after each SPR round. The tree search
terminates early when improvements are statistically insignificant. Further, I extend the
standard KH test by employing a multiple testing correction, in order to improve the p-
value approximation. As I describe below, the central idea is that the KH test can be used
as a mechanism to dynamically adjust RAxML-NG’s log-likelihood improvement thresh-
old parameter (ε), based on the convergence behavior of each individual tree inference
and MSA.
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https://doi.org/10.1093/sysbio/syaf043
https://doi.org/10.1093/sysbio/syaf043
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4.1 Background
A straight-forward solution to apply Early Stopping in ML tree inference is to employ
more superficial, yet substantially faster, tree search heuristics, such as the one imple-
mented in FastTree [151]. Benchmarking studies, however, have demonstrated that tools
using more thorough heuristics (i.e., RAxML, RAxML-NG, IQ-TREE and PhyML) yield
trees that exhibit higher statistical plausibility as well as bootstrap support [89, 120, 235].
Hence, the objective in this Chapter is to devise likelihood-based inference stopping cri-
teria that circumvent unnecessary optimization steps, without compromising the quality
of the inferred trees. I do so by considering the following.

Both RAxML and RAxML-NG use a fixed log-likelihood improvement ε-threshold
to determine convergence during topological optimization1 (SPR) rounds. The default
RAxML v8 heuristic uses an ε-threshold of εRAxML := 0.01 [194], which is not user-
configurable2. In RAxML-NG v1.1, the default ε-threshold was set to ε := 0.1. This
value was relaxed to ε := 10 in v1.2, owing to the results of a systematic study [74], which
showed that the original value of 0.1 was unnecessarily strict. An important limitation
of using such fixed, and arbitrarily chosen, ε-thresholds—even when those are explicitly
specified by users, as is possible in RAxML-NG via the --lh-epsilon X option—is that
they may not adequately reflect the phylogenetic signal-to-noise ratio of a given MSA.
They may also fail to capture the convergence dynamics of each individual tree inference,
and thus unnecessarily prolong the search.

On the other hand, several (early) topological optimization stopping rules have been
proposed, which do not rely on static ε-thresholds. RAxML v8, for instance, provides a
stopping rule option that terminates the search when the RF distance between the trees
obtained from two consecutive SPR rounds falls below 1% (-D option; [192, 195]). Earlier,
IQPNNI [219], which is the predecessor of IQ-TREE, used to estimate the probability
of having found the optimal tree during the tree inferences, by monitoring log-likelihood
improvements over search algorithm iterations, and stopped the search once this proba-
bility attained 95% (using a Weibull distribution of recorded values). This method was
later replaced by a more straightforward rule in IQ-TREE. The latter tool terminates the
search if no better tree is found after a fixed number of iterations (default N := 100). In
practice, the above described early stopping rules were not widely adopted by users.

Finally, another aspect to be discussed, before presenting the main methods, is the
number of tree inferences conducted by ML tools in relation to the thoroughness of their
heuristic. As already described (see Section 2.6), ML tools deploy hill-climbing heuris-
tics [187] to find a “good” solution, which typically is a local optimum due to the inherent
NP-hardness of ML optimization [157]. RAxML-NG and IQ-TREE implement strate-
gies which explore multiple tree search trajectories, although their specific approaches
vary. By default, RAxML-NG v1.x conducts 20 independent ML tree inferences that
are initiated on 10 parsimony and 10 random starting trees. The program provides the
best ML tree inferred by these independent inferences as output. In contrast, IQ-TREE
performs a single tree search while maintaining a pool of 100 candidate trees, initially

1Thresholds are also used to assess convergence in continuous parameter optimization routines, that
is, during BLO and MPO rounds. In this project, however, I retain the default RAxML-NG v1.x
parameter configuration for BLO and MPO routines, and do not modify them.

2In fact, I extracted this parameter value by examining the RAxML open source code [194]. To
my knowledge, this ε-threshold is neither reported in the RAxML v8 log-files, nor in the RAxML man-
ual [195], nor in the respective paper describing the default rapid hill-climbing heuristic [197].
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populated with 99 parsimony, and one BioNJ [61], starting trees (see Section 2.6.6). A
recent benchmark study [122] recommends performing at least 10 independent ML tree
inferences when using RAxML-NG or IQ-TREE. In the case of IQ-TREE, this translates
into executing independent runs where each one initiates 100 starting candidate trees.
PhyML, by comparison, follows a single search trajectory, starting from a BioNJ tree,
and employs a hill-climbing heuristic (analogous to RAxML-NG) to optimize the topol-
ogy. This raises the important question of whether phylogenetic inference tools should
prioritize more exhaustive heuristics with fewer starting trees, or favor a broader explo-
ration of tree space by conducting multiple, yet potentially less thorough, independent
searches. In this Chapter, I advocate for the latter approach. Specifically, I argue that
when using RAxML-NG with multiple (e.g., 10 parsimony) starting trees, while em-
ploying an accelerated, strategically refined, Early Stopping-enhanced heuristic, one can
achieve comparable accuracy while substantially reducing runtime and associated CO2
emissions.

4.2 Methods
I first introduce the sRAxML-NG heuristic and explain the rationale for developing this
heuristic simplification, which is necessary for integrating and evaluating the KH-based
stopping criteria into RAxML-NG. Next, I describe the application of the KH test within
the RAxML-NG framework. Specifically, the KH test is used to statistically assess the
significance of log-likelihood differences between tree topologies prior to and after each
SPR round. The optimization process terminates early when improvements between such
subsequent tree topologies are statistically insignificant. Further, I extend the KH test
by a multiple testing correction to more accurately approximate p-values.

4.2.1 The sRAxML-NG Heuristic
Section 2.6.5 provides a full description of the RAxML-NG v1.x heuristic, along with a
schematic overview of the algorithm in Figure 2.13. From this description, it becomes
evident that RAxML-NG v1.2 terminates when several distinct conditions are met. One
critical factor is the ε-threshold parameter. However, termination also depends on other
factors, such as the completion of three distinct sequences of increasingly thorough SPR
rounds (i.e., AUTODETECT, FAST, and SLOW SPRs). Ultimately, during the final
sequence of SLOW SPR rounds, the algorithm only terminates if the log-likelihood im-
provement does not exceed the ε-threshold for five consecutive SPRs with increasing
minimum and maximum regrafting radii values. This thorough heuristic was originally
designed by my fellow lab member Oleksiy Kozlov to maximize the likelihood of the in-
ferred tree topology to the best possible degree [110, 111]. However, the original objective
of the Early Stopping in ML inference project was to propose and evaluate methods which
dynamically determine this ε-threshold parameter, based on the convergence behavior
observed during each individual tree inference. Within the existing RAxML-NG v1.2
optimization framework, the role of the ε-parameter with respect to termination is con-
founded by other stopping conditions, and the impact of modifying the ε-threshold is
difficult to assess. Therefore, I needed to simplify the RAxML-NG v1.2 heuristic, such
that termination is predominantly controlled by the ε-threshold parameter.

The accelerated tree search heuristic I proposed is called Simplified RAxML-NG
(sRAxML-NG) and is illustrated in Figure 4.1. It conducts a sequence of FAST SPR
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Figure 4.1: A schematic representation of the sRAxML-NG tree inference heuristic
(Figure adapted from the Supplementary Material of [211]).

rounds followed by a sequence of SLOW SPR rounds. Each sequence halts when the log-
likelihood improvement drops below a fixed default threshold of ε := 10 log-likelihood
units, as in RAxML-NG v1.2. Unlike in the standard search strategy, sRAxML-NG
simply executes the FAST and SLOW SPR rounds with fixed minimum and maximum
subtree reinsertion radii parameters: rmin := 1 and rmax := 10, respectively. All remain-
ing SPR parameters/settings (e.g., the subtree cutoff threshold) are identical to those
used in the FAST and SLOW SPR rounds of RAxML-NG v1.x (see Section 2.6.5). Full
BLO rounds are conducted on the initial tree and after each FAST and each SLOW SPR
round (as in RAxML-NG v1.x). MPO rounds are invoked on the initial tree topology
(after BLO), in-between the series of FAST and SLOW SPR rounds, and on the final
tree before termination (after the last SLOW SPR round).

This simplified heuristic substantially accelerates inferences and already yields an
initial, yet ad-hoc, Early Stopping implementation. In fact, it is a noteworthy by-product
of this study, as I mainly developed sRAxML-NG to seamlessly assess the accuracy of
dynamic adaptations of the ε convergence threshold parameter. The KH-based methods
described below build upon the sRAxML-NG heuristic, by dynamically adjusting the
ε-threshold after each SPR round.

4.2.2 Kishino-Hasegawa (KH) Test in RAxML-NG
I deploy the KH test to compare subsequent best trees prior to and after each SPR round.
Based on the per-site log-likelihood differences of the two trees, an ε-value can be derived,
which depends on the observed variations of the per-site log-likelihood distributions that
correspond to the SPR round under consideration. Consequently, the ε-threshold param-
eter varies over SPR rounds, and automatically adapts to the convergence dynamics of
each independent ML tree search and MSA.

The KH test is a paired test that compares the log-likelihood of each site in an MSA
for two different phylogenetic trees. Typically, the KH test assesses whether the likelihood
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difference between two trees is significant for a given MSA. To avoid optimization bias, it
is generally advised that neither tree in the list was inferred on the MSA under study [128].
This is because, if one tree represents a commonly accepted hypothesis about the studied
species, while the other tree has been inferred on the given MSA, the KH test would
inherently favor the latter. In this application, both trees are inferred using the studied
MSA, thus eliminating bias in favor of one tree over the other. However, since the
algorithm tests (evaluates) many trees during a single SPR round, we are faced with a
scenario where multiple testing would be beneficial (see below).

Several versions of the KH test are described in [64]. I adopt the fastest version, as
implemented in PAUP* [203] and PHYLIP [49], which yields results that are comparable
to the more computationally intensive resampling estimated log-likelihood (RELL; [107])
method. Moreover, this faster approach substantially simplifies the multiple-test imple-
mentation.

For an MSA with s sites, suppose that the per-site log-likelihood vectors before (L)
and after (L′) any given SPR round, are:

L = (L1,L2, ...,Ls)

L′ = (L′
1,L′

2, ...,L′
s)

And the corresponding log-likelihoods are:

L :=
s∑

i=1
Li

L′ :=
s∑

i=1
L′

i

The KH test can be applied as follows:

1. We compute the distribution of the (paired) differences between the vector coordi-
nates (L′

i − Li), i = 1, 2, ..., s. These differences can be either positive or negative,
even if L′ − L > 0.

2. We compute the standard deviation σKH of the distribution of the s differences.
Assuming that the per-site differences are i.i.d., the standard deviation of the dif-
ference (L′ − L) is σKH ·

√
s.

3. In the fast version of the KH test [64], it is assumed that the difference (L′ − L) is
normally distributed. This constitutes a consistent approximation due to the law
of large numbers, and because we are summing over log-likelihood differences and
not the log-likelihood values themselves. In this respect, under the null hypothesis
(L′ ≡ L), the term L′−L

σKH
√

s
follows a normal distribution N(0, 1) with a cumula-

tive distribution function Φ(·). The tree search continues (i.e., we reject the null
hypothesis that L′ ≡ L) with 95% confidence if:

1− Φ
(

L′ − L

σKH

√
s

)
≤ 0.05 ⇔

ε = 1.645 · σKH

√
s (4.1)
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4.2.3 KH Test with Multiple Correction
Since the standard KH test does not incorporate adjustments for multiple testing, it
may unnecessarily prolong the tree search. Note that an SPR round comprises multiple
iterations, where each iteration involves pruning and regrafting each subtree of the cur-
rent tree (see Section 2.6.4). During each SPR iteration, numerous potential regrafted
topologies are evaluated (i.e., topologies generated by SPR moves performed on a given
subtree within a specified radius), and only the best move is ultimately selected. This is a
situation that requires accounting for the multiplicity of the tests. However, the majority
of the candidate topologies visited during an SPR round exhibit a decreased fit (lower
likelihood) to the input MSA, especially toward the end of the tree search, when the
algorithm approximates the (local) optimum. To account for this, I propose a solution
that does neither require additional calculations nor data storage for each SPR move that
is being performed during an SPR round, as required by more sophisticated approaches
(e.g., Holm-Bonferroni, AU). Instead, during an SPR round, I track the number of SPR
topologies, denoted as Nt, which improve the likelihood relative to the best tree identified
prior to the current iteration. This count is accumulated across all pruning-regrafting
iterations during the SPR round (see Section 2.6.4). After the end of the SPR round,
I apply a Bonferroni correction to the p-value of the best tree generated thereby. The
adjusted ε-threshold is then derived as follows:

1− Φ
(

L′ − L

σKH

√
s

)
≤ 0.05

Nt

⇔

ε = σKH

√
s · Φ−1

(
1− 0.05

Nt

)
(4.2)

4.2.4 Boundary Cases
Certain boundary cases require dedicated measures when implementing the KH-based
versions. These cases are listed below.

• If the log-likelihood improvement (L′−L) after an SPR round is very small (down
to numerical round-off error), it is expected that the standard deviation σKH will
also be very small. Consequently, the quantity L′−L

σKH
√

s
, used as an argument in

the cumulative distribution function Φ(·) of the standard normal distribution (see
Equations (4.1)–(4.2)), becomes undefined, inducing numerical instability. In fact,
in cases when (L′ − L) is very small, the KH test, or any statistical test for that
matter, should not be used for comparison. To avoid this, when L′ − L < 10,
the algorithm exits the current sequence of SPR rounds. Essentially, the minimum
value that the ε-threshold can take in both KH-based methods is 10. This prevents
the KH-based methods from assigning a value to the ε-threshold that is lower than
the one used in RAxML-NG v1.2 (and hence unnecessarily prolonging the search),
which has been experimentally determined to suffice for inferring high-quality trees
on a large collection of datasets [74].

• If the quantity L′−L
σKH

√
s

exceeds 3.5, I assume that the Null Hypothesis is rejected
(in both KH-based versions), as this value is typically the maximum in normal
distribution tables. In this case, I conventionally set ε := L′−L−1 (hence L′−L >
ε), and the algorithm proceeds to the next SPR round.
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• Occasionally, L′ − L > 0 may occur even if the topology remains unaltered prior
to and after the SPR round, due to branch-length optimizations within and after
the SPR round, again due to round-off error propagation. In such instances, I
conventionally set ε := L′ − L + 1 (hence L′ − L < ε) and the algorithm exits the
current SPR round sequence.

4.3 Experimental Setup

4.3.1 Benchmark Pipeline
I conducted experiments on 300 large empirical MSAs (222 DNA and 78 AA) sampled
from the TreeBASE database [147], as well as on 1,076 simulated DNA MSAs sampled
from the datasets used in two recent benchmark studies, conducted by our group and
colleagues [89, 214]. I provide details on the sampling criteria and additional dataset
features (e.g., sizes, Pythia scores) in Section 4.3.2.

As mentioned in the Methods section, the KH-based stopping criteria have been inte-
grated into sRAxML-NG. In the following experiments, I benchmark three methods—to
which I refer as the Early Stopping (ES) versions/criteria—against RAxML-NG v1.2:

(a) sRAxML-NG alone (with ε := 10);
(b) sRAxML-NG combined with the simple KH test (KH-simple);
(c) sRAxML-NG combined with KH-multiple correction test (KH-mult).

Specifically, I compare all ES versions against RAxML-NG v1.2, as well as the KH-
based versions against sRAxML-NG. For each MSA and program version I conducted two
executions: one using 10 parsimony, and one using 10 random starting trees. Therefore,
each program version conducts 10 independent tree inferences per execution. All RAxML-
NG versions use the exact same set of random and parsimony starting trees, thereby
ensuring identical initial conditions across experiments and providing a fair basis for
comparison. I refer to the 10 output trees from each execution as the inferred ML trees.

The evaluation includes plausibility assessments of the inferred ML trees, runtime
comparisons, and (on simulated MSAs) topological accuracy values. Regarding plausi-
bility assessment, I adopt two evaluation schemes. In the first (scheme I), I collect all
ML trees inferred by all RAxML-NG versions, for a given MSA and a fixed starting tree
type (i.e., 10 ML trees per version, yielding 40 ML trees in total), and conduct the AU
test [178] using the CONSEL tool [179]. This corresponds to the “neo-liberal” approach
described in Section 3.3.1. I consider all ML trees whose p-value exceeds 0.05 as being
plausible. Under the second evaluation scheme (scheme II), I jointly compare all 80 ML
trees inferred by all versions for a given MSA (20 ML trees per version), again using
the AU test with a p-value threshold of 0.05. This second setup resembles the default
execution of RAxML-NG v1.2, where 10 random and 10 parsimony starting trees are
used.

I adopt these two comparison schemes because it is important to benchmark the ES
versions against RAxML-NG v1.2, both under the default execution conditions (that
is, using both starting tree types), and on each starting tree type separately. Parsimony
starting trees typically exhibit relatively high initial log-likelihood scores and are therefore
closer to a local optimum. As I will show, though, the impact of ES is more pronounced
when using random starting trees. At the same time, it is important to assess the overall
impact of random starting trees on the ML inference process in general, as well as specif-
ically in conjunction with ES. The results in Section 4.4 show that random starting trees
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(a) (b)

Figure 4.2: Scatter plot showing the number of taxa and sites for each dataset in (a) 300
large empirical MSAs and (b) 1,076 simulated DNA MSAs (Figure reproduced from the
Supplementary Material of [211]).

only offer negligible benefit in ES versions, which suggests that ES should not be invoked
on random starting trees. More broadly, the results also question the overall utility of
random starting trees even for the standard RAxML-NG heuristic. I extensively discuss
that matter in Section 4.5.

To obtain accurate runtime measurements, I executed all program versions sequen-
tially. Parallelization, however, has been implemented and tested for the ES versions. I
report sequential speedups for random and parsimony starting tree executions separately,
so as to illustrate that random starting trees also offer suboptimal runtime improvements
compared to parsimony ones. Finally, for simulated MSAs, I conduct topological accu-
racy measurements, by computing the RF-distance between the best ML trees inferred
by each tool version and the true reference tree. I summarize the results for each version,
across all MSAs.

4.3.2 Datasets
As stated above, I conducted experiments on 300 large empirical MSAs (222 DNA and
78 AA) sampled from the TreeBASE database [147]. These MSAs were drawn from the
set of 9,515 empirical TreeBASE alignments used to benchmark the Adaptive version of
RAxML-NG (see Section 3.3.2). I ranked the full set of 9,515 MSAs according to the n ·s
product, where n denotes the number of taxa, and s the number of sites1 in each MSA.
From this ranking I sampled the top 300 MSAs.

In addition, I conducted experiments on 1,076 simulated MSAs, sampled from two
recent benchmark studies [89, 214]. Specifically, I sampled 306 MSAs from Höhler et
al. [89] and 770 MSAs from Trost et al. [214]. I drew a random sample of MSAs, with
the only restriction to maintain an approximately uniform distribution of Pythia MSA
scores.

For the analysis of the empirical and simulated DNA MSAs I used the GTR+Γ
1Although likelihood computations scale with the number of distinct MSA patterns (instead of sites),

the number of sites serves as a proxy for the alignment size and, in many practical instances, correlates
with the number of patterns.
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(a) (b)

Figure 4.3: Distributions of Pythia v0.0 scores on (a) 300 large empirical MSAs and
(b) 1,076 simulated DNA MSAs (Figure reproduced from the Supplementary Material
of [211]).

model [205], and for the empirical AA datasets I used the LG+Γ model [116]. The scat-
ter plots in Figure 4.2 illustrate the MSA dimensions, while the corresponding Pythia
difficulty score distributions [73] (computed via Pythia v0.0) are shown in Figure 4.3.

4.3.3 Commands and Compute Cluster Details
The stopping criteria are implemented in the stopping-criteria branch of a forked
RAxML-NG repository: https://github.com/togkousa/raxml-ng/tree/stoppin
g-criteria. The sRAxML-NG heuristic can be invoked via --extra simplified-on.
Stopping criteria are selected using the --stopping-criterion argument; available
options are: {KH | KH-mult}, which correspond to the simple KH test and the KH
test with multiple testing correction, respectively. When stopping criteria are spec-
ified, the algorithm automatically executes the sRAxML-NG heuristic search, hence
--extra simplified-on does not need to be explicitly specified. The commands I used
to invoke each version and generate the results presented in Section 4.4 are the following
(e.g., using 10 parsimony starting trees):

RAxML-NG v1.21:
./raxml-ng --threads 1 --msa {msa} --model {model} --tree pars{10}
--seed 0

sRAxML-NG:
./raxml-ng-adaptive --threads 1 --msa {msa} --model {model}
--tree pars{10} --seed 0 --extra simplified-on

KH-simple:
./raxml-ng-adaptive --threads 1 --msa {msa} --model {model}
--tree pars{10} --seed 0 --stopping-criterion KH

1https://github.com/amkozlov/raxml-ng/releases/tag/1.2.0

https://github.com/togkousa/raxml-ng/tree/stopping-criteria
https://github.com/togkousa/raxml-ng/tree/stopping-criteria
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Figure 4.4: Plausibility test results (scheme I) for ML trees inferred via RAxML-
NG v1.2 and ES versions across 222 DNA and 78 AA empirical MSAs. For each
dataset, all RAxML-NG versions conduct 10 independent tree inferences using the same
set of parsimony (left subfigure) or random (right subfigure) starting trees. I evaluated
the inferred ML trees using the AU test (over 40 trees, for each type of starting trees)
implemented in the CONSEL tool, considering ML trees with a p-value ≥ 0.05 as being
plausible. (Figure reproduced from [211]).

KH-multiple testing:
./raxml-ng-adaptive --threads 1 --msa {msa} --model {model}
--tree pars{10} --seed 0 --stopping-criterion KH-mult

When using the above commands, all versions generate the exact same starting trees,
since the seed is fixed among all invocations and the introduced modifications only affect
the likelihood-based tree optimization steps.

I executed the experiments on the bwForCluster Helix, located at the Heidelberg
University Computing Centre. I utilized the cpu-single cluster partition, which allocates
AMD nodes for submitted jobs. Each AMD node is equipped with two AMD Milan EPYC
7513 Processors, running at 2.60GHz, providing a total of 64 physical cores per node. The
operating system is RedHat Linux.

4.4 Results

4.4.1 Results on 300 Empirical MSAs
Plausibility Assessment

Figure 4.4 illustrates the fraction of datasets for which each version under comparison
inferred x (out of 10) plausible trees, where x represents specific counts or intervals.
The left subfigure corresponds to executions using 10 parsimony starting trees, and the
right one to 10 random starting trees. A substantial part of the plausibility assessment
analysis focuses on the fraction of MSAs for which a given version infers at least one
(x = 1) plausible ML tree. In fact, this is a minimal, yet sufficient criterion to ascertain
statistical equivalence between versions. When at least one plausible tree is found, the
output (i.e., the best ML tree inferred by the given version) is statistically equivalent to
the best tree found by the four versions under comparison. In Figure 4.4, the inferred ML
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Figure 4.5: Plausibility test results (scheme II) for ML trees inferred via RAxML-
NG v1.2 and ES versions across 222 DNA and 78 AA empirical MSAs. For each
dataset, all RAxML-NG versions conduct 10 independent tree inferences using the same
set of parsimony (left subfigure) or random (right subfigure) starting trees. Similar to
Figure 4.4, the inferred ML trees are evaluated using the AU test (over all 80 trees from
both starting tree types) implemented in the CONSEL tool. The percentage shown in
parentheses next to each x-axis label represents the proportion of plausible trees for each
method, calculated according to Equation (4.3) (Figure reproduced from the Supplemen-
tary Material of [211]).

trees on random and parsimony starting trees are evaluated independently (scheme I), as
described in the Figure caption.

The results in Figure 4.4 indicate that ES versions perform substantially better in
terms of output ML tree quality when parsimony starting trees are being used. This
outcome is expected, as parsimony trees provide a reasonable, non-random starting point
for tree searches. Starting from a random tree is suboptimal (in fact, the worst possible
choice), and it increases the chances of terminating the search prematurely when applying
ES. Specifically, the fraction of DNA MSAs for which the ES versions infer at least one
(out of 10) plausible ML trees, when searches are initiated on parsimony starting trees,
is 98.2% across all versions. For AA MSAs, the corresponding fractions with parsimony
starting trees are 96.2% for sRAxML-NG, 93.6% for KH-simple, and 92.4% for KH-
mult versions. In contrast, when random starting trees are being used, the corresponding
fractions are approximately 87% for DNA, and ∼90% for AA MSAs across all ES versions,
respectively. RAxML-NG v1.2 infers at least one plausible tree across all datasets (100%)
when using either parsimony or random starting trees.

Additionally, in executions with parsimony starting trees, the fractions of DNA MSAs
for which all output ML trees (10 out of 10) are plausible are 91% for RAxML-NG v1.2,
69% for sRAxML-NG, and ∼65% for the KH-based versions; for AA MSAs, the cor-
responding fractions are 80% for RAxML-NG v1.2 and ∼72% for the ES versions. In
contrast, when using random starting trees, the fractions for DNA MSAs are 85% for
RAxML-NG v1.2 but below 50% for the ES versions, while for AA MSAs, the fractions
are ∼70% for RAxML-NG v1.2 and ∼58% for the ES versions. These results indicate
that ES should primarily be used in conjunction with parsimony starting trees.

In addition to the plausibility assessment shown in Figure 4.4, I also jointly compared
the ML trees resulting from both starting tree types (scheme II). For this joint compar-
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ison, I performed a plausibility analysis analogous to that in Figure 4.4, but I now pool
together all 80 ML trees obtained from the two starting tree types, across the four tool
versions. As already mentioned, this comparison approach is effectively equivalent to
having executed each RAxML-NG version using 10 random and 10 parsimony starting
trees, which constitutes the default setting in RAxML-NG v1.2. The results from this
comparison are depicted in Figure 4.5, and they show negligible differences to those in
Figure 4.4. In fact, I present Figure 4.5 in juxtaposition to Figure 4.4, to illustrate the
(only) marginal advantage induced by using random starting trees in combination with
ES. For those MSAs where parsimony starting tree inferences failed to infer at least one
(out of 10) plausible ML tree with the ES versions, random starting tree inferences did
yield only a single (out of 10) plausible ML tree on a single protein MSA (22200_1).
The observation for this specific dataset holds for all three ES versions. That is, none of
the ES versions inferred plausible ML trees when exclusively using 10 parsimony starting
trees, whereas all inferred a single plausible ML tree when they additionally used 10 ran-
dom starting trees. Furthermore, the plausible ML tree is obtained for the exact same
random starting tree across all three versions, suggesting that each version likely followed
the same tree search trajectory.

Figure 4.5 also includes the proportion of plausible trees across all inferences for each
method, MSA type (DNA or AA), and starting tree type (parsimony or random), that is
calculated as follows:

Pacc = Npl

10NMSAs

· 100% (4.3)

Overall, both comparisons in Figures 4.4 and 4.5 show that: (i) as expected, optimization
is more challenging (resulting in a lower number of plausible trees) when starting from
random trees, across all methods; (ii) the difference is more pronounced for the three ES
versions than for standard RAxML-NG; (iii) for ES, the difference is more pronounced
for DNA than for AAs, as expected due to the limitations of parsimony for protein MSAs,
which is rarely used for such data, unlike DNA [184].

Runtime Improvements

Figure 4.6 illustrates the speedup distributions across the empirical MSAs for ES versions
compared to RAxML-NG v1.2, as well as the runtime improvements of the KH-based
versions relative to sRAxML-NG. The figure presents speedups for both parsimony and
random starting trees. The highest speedups are observed with parsimony starting trees,
reinforcing the preference for parsimony starting trees when using ES. Specifically, in
conjunction with sRAxML-NG, the average speedups of the KH-simple and KH-mult
versions on parsimony starting trees over RAxML-NG v1.2 are 4.7× and 5× for DNA
MSAs, and 3.6× and 3.9× for AA MSAs, respectively. With random starting trees,
however, speedups are substantially lower at 2.6× and 2.8× for DNA MSAs, and 2.2×
and 2.3× for AA MSAs, respectively. A substantial portion of the overall speedup can be
attributed to the sRAxML-NG version itself, with KH-based versions providing additional
runtime improvements, ranging from 10% to 50%. Specifically, on parsimony starting
trees, the KH version is 29% and 35% faster than sRAxML-NG on DNA and AA MSAs,
respectively, while the KH-mult version is 36% and 49% faster, respectively.
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Figure 4.6: Speedup distributions of ES versions relative to RAxML v1.2 (left subfigure),
as well as of the KH-based versions relative to sRAxML-NG (right subfigure), on 222 DNA
and 78 AA large empirical MSAs. The speedups refer to strictly sequential runtimes for
either 10 parsimony or 10 random starting trees. The dashed line at the bottom of each
subfigure corresponds to a speedup of 1× (Figure reproduced from [211]).

Figure 4.7: Stripplot illustrating correlation between the increased MSA difficulty
scores and the inability of ES versions to infer at least one plausible ML tree, on
222 DNA and 78 AA large empirical MSAs. Each point represents a single dataset,
with difficulty scores shown on the y-axis. The columns on the x-axis represent specific
combinations of ES versions (sRAxML-NG, KH, and KH-mult) and dataset types (DNA,
AA). The percentage next to each x-label indicates the fraction of MSAs for which not a
single plausible ML trees could be inferred for the corresponding combination. The left
and right subfigures display results for parsimony and random starting trees, respectively
(scheme I). Datasets (points) where no plausible ML trees were inferred are highlighted
more emphatically, while those where at least one (out of 10) plausible ML tree was
inferred are indicated by lighter marks (Figure reproduced from [211]).
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Set Datasets Count
IFP 22200_1 (AA), 15485_0 (DNA), 6

21973_10 (DNA), 21973_4 (DNA),
11762_4 (AA), 10436_9 (AA)

FPsRAxML−NG − IFP ∅ 0
FPKH − IFP 11762_7 (AA), 11762_6 (AA) 2
FPKH−mult − IFP 22386_0 (DNA), 11762_7 (AA), 4

12097_1 (AA), 11762_6 (AA)

Table 4.1: Datasets on which ES versions inferred 0 (out of 10) plausible ML trees, when
independent searches were initiated on 10 parsimony starting trees. FPsRAxML−NG:
Unsuccessful MSAs for the sRAxML-NG version; FPKH : Unsuccessful MSAs for the
KH-simple version; FPKH−mult: Unsuccessful MSAs for the KH-mult version; IFP : In-
tersection of the above three sets, i.e., IFP = FPsRAxML−NG ∩ FPKH ∩ FPKH−mult;(
FPsRAxML−NG − IFP

)
,
(
FPKH − IFP

)
,
(
FPKH−mult − IFP

)
: Set differences

(Table reproduced from the Supplementary Material of [211]).

Unsuccessful MSAs vs. Difficutly

Returning to the first comparison framework (Figure 4.4; scheme I), there appears to
be a correlation between higher Pythia scores in DNA MSAs and the inability of ES
methods to infer at least one plausible ML tree (out of 10), irrespective of starting trees
(random vs. parsimony). The stripplot in Figure 4.7 indicates that all DNA MSAs, for
which no plausible trees were inferred by the ES versions, have difficulty scores above
0.5. For AA MSAs, however, this trend is less pronounced. Interestingly, the sets of
MSAs for which ES methods failed to yield a single plausible tree are almost identical
across all three versions. I refer to those MSAs as unsuccessful MSAs and report them
in Tables 4.1 for parsimony, and 4.2 for random starting trees, respectively. The fact
that the unsuccessful MSA sets are almost identical among the ES versions suggests that
sRAxML-NG may have been over-simplified for such challenging datasets, which Pythia
predicts to be difficult. KH-based approaches are not, or only marginally challenged by
this case. Therefore, improving the thoroughness of sRAxML-NG is expected to improve
the performance of all three ES versions on difficult datasets.

Progressive Increase of SPR-regrafting Radius

These additional experiments represent an attempt to improve the thoroughness of the
sRAxML-NG heuristic, and to assess whether this improves the performance of the ES
versions on difficult MSAs. The results are not entirely satisfactory. However, it is
important to mention that sRAxML-NG already performs decently, and hence served as
the starting point for the design of the RAxML-NG v2.0 heuristic, which I present in
Chapter 6. The results reported below provide an initial indication of how sRAxML-
NG could be improved, namely by increasing the SPR regrafting radius, which yields a
noticeable performance improvement on DNA MSAs.

I incrementally increased the maximum SPR-regrafting radius parameter (rmax; see
Section 2.6.4) of the sRAxML-NG heuristic in FAST and SLOW rounds, by setting the
radius to rmax ∈ {12, 14, 16, 18, 20}. This is achieved by using the --spr-radius X option
on the invocation command of ES versions. Note that the default SPR radius in sRAxML-
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Set Datasets Count
IFR 11762_3 (AA), 18448_6 (DNA), 34

18883_4 (DNA), 18753_0 (DNA),
12003_0 (DNA), 26377_0 (DNA),
11902_0 (DNA), 14244_0 (AA),
19838_0 (DNA), 21973_4 (DNA),
19048_3 (DNA), 11762_4 (AA),
18577_0 (DNA), 11762_7 (AA),
17406_0 (DNA), 19048_2 (DNA),
17984_2 (DNA), 21973_10 (DNA),
22386_0 (DNA), 15847_0 (AA),
16630_0 (DNA), 10436_9 (AA),
11552_2 (DNA), 12097_0 (AA),
15485_0 (DNA), 13670_2 (DNA),
13670_0 (DNA), 12097_1 (AA),
11395_5 (DNA), 25268_0 (DNA),
17984_0 (DNA), 10707_0 (DNA),
27988_2 (DNA), 18330_0 (DNA)

FRsRAxML−NG − IFR 24078_0 (DNA) 1
FRKH − IFR 10986_0 (AA), 24078_0 (DNA), 24324_0 (DNA) 3
FRKH−mult − IFR 20724_0 (DNA), 24324_0 (DNA) 2

Table 4.2: Datasets on which ES versions inferred 0 (out of 10) plausible ML trees,
when independent searches were initiated on 10 random starting trees. FRsRAxML−NG:
Unsuccessful MSAs for the sRAxML-NG version; FRKH : Unsuccessful MSAs for the
KH version; FRKH−mult: Unsuccessful MSAs for the KH-mult version; IFR: Intersec-
tion of the above three sets, i.e., IFR = FRsRAxML−NG ∩ FRKH ∩ FRKH−mult;(
FRsRAxML−NG − IFR

)
,
(
FRKH − IFR

)
,
(
FRKH−mult − IFR

)
: Set differences

(Table reproduced from the Supplementary Material of [211]).

NG is rmax := 10 (see Section 4.2.1). The hypothesis is that the increase of the regrafting
radius enhances the thoroughness of the sRAxML-NG heuristic, thereby enabling it to
more extensively explore the tree space and to identify better topologies.

I tested this hypothesis on sRAxML-NG and KH-mult versions. These additional
experiments were conducted on the union of unsuccessful MSAs on either of the two ver-
sions, using both starting tree types. As a result, some MSAs classified as unsuccessful
may correspond to only one version, while others are shared between the two (see Ta-
bles 4.1 and 4.2). Furthermore, on certain datasets, ES versions failed to infer plausible
trees under both random and parsimony starting trees, whereas on others, unsuccessful
MSAs occurred for one starting tree type only. Overall, I tested 10 MSAs using parsi-
mony starting trees and 37 MSAs using random starting trees. As expected, the number
of unsuccessful MSAs is higher for random starting trees.

The plausibility assessment results for the experiment described above are presented
in Figure 4.8. Increasing the rmax parameter appears to have a notable impact on DNA
MSAs when using random starting trees. In contrast, the behavior on AA data is less
consistent, showing no clear relationship between larger SPR radii and plausibility, nor a
strong correlation between difficulty scores and the inability to infer plausible trees.

Increasing the SPR radius does not appear to substantially impact the sequential
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Figure 4.8: Plausibility assessment (scheme I) for the ML trees inferred from sRAxML-
NG and KH-mult versions, with progressively increasing maximum SPR-regrafting
radius parameter (rmax), taking values from the set rmax ∈ {12, 14, 16, 18, 20}. For each
radius value and starting tree type (parsimony or random), the sRAxML-NG and KH-
mult versions conduct 10 independent tree inferences. The 20 inferred trees from both
versions with the same starting tree type are compared against the best ML tree—inferred
from RAxML-NG v1.2—for the corresponding dataset and using the same starting tree
type. The best ML tree was derived from the analysis depicted in Figure 4.4. For
each starting tree type and radius value, I pool together the 10 ML trees inferred from
sRAxML-NG, the 10 inferred from KH-mult, and the best ML tree (21 trees in total), and
compare them using the AU test implemented in the CONSEL tool, considering ML trees
with a p-value ≥ 0.05 as plausible (Figure reproduced from the Supplementary Material
of [211]).
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Figure 4.9: Speedup distributions for sRAxML-NG and KH-mult versions with pro-
gressively increasing maximum SPR-regrafting radius values (rmax), taking values from
the set rmax ∈ {10, 12, 14, 16, 18, 20}. The distinct boxplot columns correspond to the
different rmax values, while the boxplots within each column represent different versions
(sRAxML-NG or KH-mult) and starting tree types (parsimony or random) (Figure re-
produced from the Supplementary Material of [211]).

execution times on the selected, unsuccessful MSAs. Figure 4.9 shows the speedup dis-
tributions for the sRAxML-NG and KH-mult versions with progressively increasing rmax,
compared to RAxML-NG v1.2. In this Figure, each boxplot column represents a distinct
rmax value, while the four boxplots within each column differ by version (sRAxML-NG
or KH-mult) and starting tree type (parsimony or random). No substantial changes in
speedup distributions are observed as rmax increases. However, given the relatively small
number of tested MSAs (10 for parsimony starting trees and 37 for random starting trees),
these speedup measurements are less representative compared to the speedups derived
from the full dataset (Figure 4.6).

4.4.2 Results on 1,076 Simulated MSAs
In this Section, I present benchmarking results for the ES versions on 1,076 simulated
MSAs. Simulated MSAs are generally easier to analyze and tend to converge faster, due
to their clearer and stronger phylogenetic signal [214]. Thus, I provide an overview of
the plausibility assessment and runtime improvement plots without extensive numerical
details. The primary focus of this section is on the topological accuracy plots that are
presented at the end.

Figure 4.10 shows the plausibility assessment results on simulated MSAs, while Fig-
ure 4.11 shows the speedup distributions plot, in analogy to the respective Figures for
empirical MSAs in Section 4.4.1 (Figures 4.4 and 4.6). In the plausibility assessment,
all ES versions appear to infer high-quality trees on simulated MSAs when using parsi-
mony starting trees. In terms of speedups, inferences starting with parsimony trees yield
substantially higher average speedups than those starting with random ones.

Regarding topological accuracy, I compare the best ML trees inferred from all versions
with the reference tree, using the RF distance metric [155]. Here, the reference tree is
the “true” tree that was used to generate the simulated sequences. Figure 4.12 illustrates
the distributions of RF distances between the best ML trees inferred from each RAxML-
NG version and the reference tree topologies, when parsimony or random starting trees
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Figure 4.10: Plausibility test results (scheme I) for ML trees inferred by RAxML-NG
v1.2 and the ES versions across 1,076 simulated DNA MSAs. For each dataset, all
RAxML-NG versions conduct 10 independent tree inferences using the same set of parsi-
mony (left subfigure) or random (right subfigure) starting trees. I evaluated the inferred
ML trees using the AU test (over 40 trees, for each type of starting trees) implemented
in the CONSEL tool, considering ML trees with a p-value ≥ 0.05 as plausible (Figure
reproduced from the Supplementary Material of [211]).

Figure 4.11: Speedup distributions of the ES versions relative to RAxML v1.2 (left
subfigure), and of the KH-based versions relative to sRAxML-NG (right subfigure), on
1,076 simulated DNA MSAs. The speedups refer to runtimes measured on sequential
executions using 10 parsimony or 10 random starting trees. The dashed line at the
bottom of each subfigure corresponds to a speedup of 1× (Figure reproduced from the
Supplementary Material of [211]).
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Figure 4.12: Relative RF distance distributions between the best ML trees inferred
from each RAxML-NG version and the corresponding reference tree topologies, where
each version conducted 10 independent tree inferences on 1,076 simulated DNA MSAs,
using parsimony or random starting trees. The reference tree topology is the “true” tree
used to generate the sequences (Figure reproduced from the Supplementary Material
of [211]).

are used. The plot demonstrates that, under simulated data, there is no substantial
difference in the distributions of relative RF distances between RAxML-NG v1.2 and
the ES versions, in terms of topological accuracy. In fact, all RF distance distributions
exhibit the same average value of 0.27, for both parsimony and random starting trees.

4.5 Discussion
I introduced Early Stopping (ES) criteria for ML-based phylogenetic inference and imple-
mented them in RAxML-NG. The goal was to reduce computing time while maintaining
inference accuracy. By integrating the KH test, and extending it via multiple testing cor-
rection, RAxML-NG can dynamically adapt the log-likelihood improvement ε-threshold
in a dataset- and inference-specific manner. More specifically, the KH-based stopping
criteria are built upon a simplified tree search heuristic, sRAxML-NG, which constitutes
an important by-product of this study and already implements an initial form of ES. The
experiments suggest that the standard RAxML-NG search strategy may be unnecessarily
complex, especially on easy datasets.

Benchmark results on 300 large, empirical MSAs show that sRAxML-NG using the
KH-multiple testing criterion (KH-mult version), when initiated with 10 parsimony start-
ing trees, yielded plausible ML output trees for 98% of the DNA datasets and up to 96%
of the AA datasets, compared to RAxML-NG v1.2. Under the same starting tree config-
uration, the KH-mult version achieved an, on average, 5× speedup for DNA datasets and
a 3.9× speedup for AA datasets relative to RAxML-NG v1.2. As expected, these average
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speedups are even more pronounced when comparing the ES versions using 10 parsimony
starting trees, against the standard RAxML-NG v1.2 execution (using 10 parsimony and
10 random starting trees): 7.8× for sRAxML-NG, 9.6× for KH-simple, and 10.2× for
KH-mult versions.

In contrast, random starting trees provide little to no benefit when combined with
ES. Among the datasets where ES methods failed to infer a plausible ML tree when
using parsimony starting trees alone, the addition of 10 random starting trees resulted in
obtaining a plausible ML tree for only a single AA MSA. RAxML-NG v1.2 successfully
inferred a plausible ML tree in all instances when only using parsimony starting trees,
raising questions about the general utility of random starting trees in standard heuristics.

Based on these findings, as well as the results reported in Liu et al. [122], several
conclusions can be drawn. First, random starting trees should be avoided when using
ES. Therefore, I recommend executing the ES versions using parsimony starting trees
only (ideally more than one). The Pythia score [73] is a good indicator for selecting
the appropriate number of starting trees, as already discussed in Chapter 3. On easier
datasets, fewer parsimony starting trees suffice, whereas more challenging datasets require
a higher number. Further, random starting trees might be useful for difficult MSAs when
the primary objective is to maximize the log-likelihood score via a thorough heuristic
(e.g., RAxML-NG v1.2). In such cases, however, practitioners should keep in mind that
the phylogenetic signal is typically weak, and over-optimizing the log-likelihood score is
unlikely to yield meaningful biological insights.

The sRAxML-NG heuristic serves as a proof-of-concept approach to show that the
default RAxML-NG heuristic can be substantially simplified. In fact, this constituted
my starting point for redesigning the RAxML-NG v2.0 heuristic, which I present in
Chapter 6. Analogous to sRAxML-NG, RAxML-NG v2.0 eliminates the AUTODETECT
SPR rounds (see Section 2.6.5), and therefore only comprises two sequences of SPR
rounds, FAST and SLOW. The default RAxML-NG v2.0 heuristic is tuned to be rather
more thorough than sRAxML-NG, owing to extensive empirical evaluations. Random
starting trees are still being used, but their number is substantially reduced compared to
earlier versions.

Importantly, RAxML-NG v2.0 now features an alternative, very fast heuristic for rapid
phylogenetic reconstruction. This fast heuristic is based upon the KH-mult version, but
uses a single parsimony starting tree, and can be invoked via the --fast option. It is
particularly well suited for large-scale phylogenetic analyses involving thousands of taxa,
e.g., for analyzing viral MSAs [133]. The benchmarks presented in Chapter 6 demon-
strate that this novel, very fast heuristic outperforms both FastTree and IQ-TREE’s
fast mode [227], with respect to both accuracy and runtime. Overall, RAxML-NG’s fast
heuristic is now even faster than the gold-standard tool for speed, that is FastTree, and
provides a more reliable alternative for large-scale ML phylogenetic inference.

4.6 Data and Software Availability
The Early Stopping criteria are implemented in RAxML-NG and are available under
GNU GPL on GitHub at https://github.com/togkousa/raxml-ng/tree/stoppin
g-criteria. A code-snapshot of the ES versions that was used to generate the above
results has been uploaded to Zenodo: https://doi.org/10.5281/zenodo.14653326.
All datasets used are available for download from the Dryad Digital Repository: https:

https://github.com/togkousa/raxml-ng/tree/stopping-criteria
https://github.com/togkousa/raxml-ng/tree/stopping-criteria
https://doi.org/10.5281/zenodo.14653326
https://doi.org/10.5061/dryad.8gtht76zz
https://doi.org/10.5061/dryad.8gtht76zz
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//doi.org/10.5061/dryad.8gtht76zz.
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5. Investigation of overfitting in ML phy-
logenetic inference

This Chapter is based on the following preprint, which is currently submitted under
peer-review:

• Anastasis Togkousidis, Olivier Gascuel, and Alexandros Stamatakis. “A System-
atic Investigation of Overfitting in Maximum Likelihood Phylogenetic Inference.”
biorxiv, 2025. https://doi.org/10.1101/2025.10.07.680876

Contributions: Anastasis Togkousidis designed the experimental pipeline for the overfit-
ting analysis, and conducted the statistical evaluation of overfitting trends across widely
used ML phylogenetic inference tools, namely RAxML-NG, IQ-TREE, and FastTree.
To successfully perform the overfitting analysis, A.T. modified the source code of those
tools. He also designed and implemented the Holdout-Validation (HV) version of RAxML-
NG, and conducted benchmarks against the standard and Early Stopping (ES) versions
of RAxML-NG. Olivier Gascuel and Alexandros Stamatakis supervised the project and
helped with the writing of the paper.

MSA sequences are inherently noisy (see Section 2.9). This intrinsic noise increases the
risk that ML-based phylogenetic inference tools may experience overfitting, whereby the
inferred topology incorrectly models noise alongside the true phylogenetic signal. Within
the ML phylogenetic context, overfitting has been extensively discussed in the literature
with respect to substitution model selection. Numerous methods have been proposed
to select the optimal model that (a) is not over-parametrized, and (b) is sufficiently
supported by the data at hand. However, the role of the tree topology as a potential
source of overfitting has received little attention, despite being the biologically most
important parameter.

In this Chapter, I specifically investigate overfitting trends in ML tools with respect
to the tree topology parameter. I begin by motivating this central research question, and
explain its importance. To this end, I also restate the preliminary material introduced
in Section 2.10 concerning overfitting in statistical inference. This content repetition
is intentional: it allows me to draw a direct analogy between training in deep neural
networks (DNNs) and the optimization process in ML phylogenetic tree inference. I
juxtapose these two frameworks in order to clarify the analogy for the reader. Next,
I examine topological overfitting using two complementary approaches. The first one
statistically evaluates overfitting trends, to determine whether the ML tools—particularly
the thorough ones—are prone to overfitting. The second approach involves benchmarking
a Holdout-Validation (HV) version of RAxML-NG, which is analogous to overfitting
mitigation strategies used in deep learning.
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5.1 Background
In machine learning, the term training refers to the process of estimating the parameters
of a statistical model, such that they optimally fit the input data according to a given
criterion/loss-function. For instance, in deep neural networks (DNNs), training typically
involves iterative methods [162], which efficiently adjust the DNN weights (parameters)
to progressively minimize prediction errors. Overfitting occurs when the model that is
being trained does not solely capture the underlying pattern, but also the inherent noise
in the data [62]. It is often a consequence of over-training an over-parameterized model
(see Figure 5.1), relative to the size and the intrinsic properties of the input data [17,
87]. However, extensive training of the model, despite strong indications of convergence
in the training score/error, does not necessarily induce overfitting [12, 234]. Whether or
not overfitting occurs heavily depends on the statistical model and the specific dataset
being analyzed.

ML-based phylogenetic tree inference aims to identify the unrooted binary tree that
maximizes the likelihood of observing the input MSA sequences (i.e., the MSA sites) at
the tip nodes of the inferred tree (see Section 2.5). This constitutes a standard statistical
inference problem. Under ML, the statistical model being optimized comprises the binary
tree topology, its branch lengths, and the substitution model parameters, that jointly
describe the stochastic process under which the input MSA sites evolved. Importantly,
the MSA sites correspond to the independent input data points of the ML framework.
That is, each MSA site represents a distinct data point, and is analogous to a single
point-dot in the regression example of Figure 5.1a. Heuristics strive to estimate the
statistical model parameters, by optimizing the tree topology (a discrete parameter) and
the continuous parameters (branch lengths and the substitution model parameters [228,
230]).

A key analogy between ML tree inference heuristics and deep learning methods is that
they both employ iterative algorithms to optimize the model-fit to the input data, either
by minimizing the error in DNNs, or by maximizing the log-likelihood score under ML. A
second analogy is that both DNNs and likelihood-based phylogenetic models (discussed
in the next paragraph) constitute parameter-rich models. As shown in the example
of Figure 5.1, parameter-rich models are susceptible to overfitting. In the polynomial
regression example of Figure 5.1a, overfitting occurs with a high degree polynomial (M :=
20, where M indicates the polynomial degree). In contrast, a cubic-model (M := 3)
suffices to capture the underlying pattern. Under overfitting (M := 20), the predictive
accuracy on unseen (testing) data is suboptimal, as the model also fits the training data’s
noise on top of the true signal. This example directly applies to DNNs, which are used
both for regression and classification problems. DNNs generally constitute parameter-
rich models that comprise thousands or millions of parameters/weights [132]. The DNN
parameter/weights initially have random values, and they are adjusted via successive
training iterations. As shown in Figure 5.1b, overfitting typically emerges during training:
after a certain point (iteration/epoch 8 in the example), the DNN begins to model the
intrinsic noise in the training data, and therefore, its performance on unseen (testing)
data deteriorates. A common technique to mitigate overfitting in deep learning is to
apply holdout-based early stopping [186]. Under this approach, the input dataset is
randomly split into model-training and validation data. During training, the model—
with the currently inferred weights—is periodically evaluated on the validation set, and
optimization halts once the validation error starts to increase.
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Figure 5.1: (a) Numerical examples of underfitting, a good fit, and overfitting in poly-
nomial regression. The example shows how intrinsic noise in the data may induce over-
fitting under parameter-rich models. The data points were generated via a cubic function
(indicated as “True function” in the Figure legends) to which I injected Gaussian noise.
I regress the input data using three polynomial functions of varying degrees (M). The
linear model (M := 1) fails to capture the nonlinear data pattern and therefore underfits.
The cubic model (M := 3) effectively captures the true pattern and yields a good fit.
The parameter-rich model (M := 20) incorrectly captures noise alongside the true sig-
nal, resulting in overfitting. (b) Numerical example of overfitting emerging during the
training of a parameter-rich DNN. The plot corresponds to empirically derived learning
curves obtained from training a DNN on a small random subsample (1,600 and 400 data
points for training and testing, respectively) of the MNIST dataset [117]. The DNN has
four fully connected layers with widths of 784, 1024, 1024, and 10. I train the DNN via
the Adam optimizer [105] but disable any form of regularization or early stopping. After
iteration/epoch 8, the testing loss function progressively increases and diverges from the
training one, which continues to decrease and eventually attains zero loss (Figure repro-
duced from [209]; subfigure (b) is also included in Section 2.10).

In analogy, likelihood-based phylogenetic tree models are also parameter-rich. Sub-
stitution models typically contain (only) a small number of free parameters (e.g., 9 for
GTR+Γ4 [205]), and numerous methods/software have been proposed for selecting the
best model [34, 119, 202] based on the AIC, [4], or the BIC [173] scores. Related work
also addresses the risk of over-parameterization in profile mixture models [10]. The role
of the tree topology, though, as a potential source of overfitting has received little atten-
tion, despite being the most biologically meaningful parameter. The phylogenetic tree
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involves one parameter/length per branch (e.g., ∼2,000 edges in a tree comprising 1,000
tips), plus the tree topology itself that forms part of a vast, super-exponentially large
space. ML tree inference, similar to DNN training, proceeds in discrete iterations, which
correspond to single topological updates (see below). ML tools initiate tree searches
either from a random or parsimony-based tree, and gradually improve with respect to
the branch-lengths and tree topology. The process terminates when they reach a local
likelihood optimum. The likelihood is computed on the input MSA, which is analogous
to the training set in a DNN.

As a result, phylogenetic models may also become over-parameterized regarding the
size, the amount of noise, and intrinsic properties of the input data [81]. On the other
hand, ML inference and deep learning also exhibit a fundamental difference. In a fixed
DNN graph, model parameters are continuous and typically homogeneous in nature and
significance, whereas under ML, the discrete tree topology is biologically more important
than the remaining parameters. Despite that, relatively few studies have explicitly ad-
dressed topological overfitting in ML tree inference [14, 218], that is, the tree topology
itself as a potential source of overfitting. For instance, Berry et al. [14] evaluate over-
fitting within a static framework, by applying post-hoc overfitting-detection criteria to
trees that had already been inferred. They argue that weakly supported branches may
indicate over-parametrization, and they propose methods to collapse such branches into
multifurcations. While this approach to mitigating over-parametrization is useful, it is
orthogonal to the focus of this Chapter (see below). I nevertheless revisit the issue of
overfitted branches in the Discussion section (see Section 5.5).

The analysis presented in this Chapter builds primarily on the study by de Vienne et
al. [218], which—although published as a preprint only—served as a key reference point.
Here, I also identify and discuss certain limitations of the latter study. Analogous to the
approach in de Vienne et al., I assume that ML tools operate on fully resolved bifurcating
trees, which may indeed be over-parameterized given the input data, and examine the
dynamics by which overfitting (potentially) emerges during the tree inference process.
The question of interest is whether iterative heuristics implemented in ML tools reach
a turning point during the optimization process, that is determined by the phylogenetic
signal-to-noise ratio of the input MSA, beyond which, further iterations merely and in-
creasingly fit noise (as in Figure 5.1b). I define iterations based on rudimentary updates
to the current best-scoring tree topology; that is, each newly accepted bifurcating tree
corresponds to a distinct iteration. My approach resembles dynamic overfitting detection
in DNN training, as well as in other parameter-rich models (Figure 5.1b). On the other
hand, because ML tools maximize the log-likelihood score, such a degradation manifests
itself as a decrease in likelihood on unseen (testing) sites, in contrast to DNNs, where
overfitting is observed as an increase in prediction error (see Figure 5.1b). Another ma-
jor difference is that ML tools optimize in a space that is both discrete (topology) and
continuous (branch lengths) [16]. As a consequence, the log-likelihood training/testing
curves are inherently “bumpy” (Figure 5.3), since topological changes may induce abrupt
likelihood increases. Hence, the curves are less smooth and thus more difficult to analyze.

I address overfitting via two complementary approaches. In the first part, I investigate
systematic overfitting trends in three widely used phylogenetic inference tools: RAxML-
NG [111], IQ-TREE [131], and FastTree [151]. In this comparison I also include the Early
Stopping (ES) version of RAxML-NG [211], which I presented in Chapter 4. The term
“systematic” indicates that I specifically investigate whether overfitting constitutes the
statistically expected behavior of ML tools. This question is most relevant for RAxML-
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NG and IQ-TREE, which deploy thorough tree search heuristics, whereas FastTree and
RAxML-NG ES constitute faster alternatives. The main outcome of this analysis is that
topological overfitting does not constitute a major issue in any of these tools.

The second part aims to confirm the conclusions of the first, and reinforces my findings.
In this part, I benchmark a site-based holdout validation (HV) version of RAxML-NG that
is analogous to approaches employed in deep learning. HV shows inferior performance
relative to standard RAxML-NG, which conducts inferences on the entire MSA, even on
long MSAs. This result is consistent with the findings from the first part of the study,
namely that topological overfitting does not constitute a major issue. It also shows that
the standard overfitting mitigation technique used in deep learning (HV) does not benefit
ML-based tree inference.

5.2 Analysis
In this Section, I describe the methodology used to assess topological overfitting in ML
phylogenetic inference tools. I provide a general overview of the implemented meth-
ods along with the experimental design and evaluation setup. Specifically, Section 5.2.1
outlines the pipeline used to evaluate systematic overfitting trends in RAxML-NG (stan-
dard and ES versions), IQ-TREE, and FastTree. Section 5.2.2 provides an overview
of the holdout-validation (HV) version of RAxML-NG and describes its benchmarking
pipeline. The results of the two complementary approaches are presented in Sections 5.4.1
and 5.4.2, respectively. I provide a more detailed description of the implemented methods
in Section 5.6.

5.2.1 Statistical Evaluation of Topological Overfitting
A schematic illustration of the pipeline described below is shown in Figure 5.2. I employ
a 10-fold Monte-Carlo cross-validation approach [146] by randomly splitting each empir-
ical/simulated MSA into training and testing sites with a splitting ratio of 80%–20%.
As is common in statistical modeling, the training set fraction is high (80%), so as to
yield results that are representative of the entire MSA. On the contrary, the proportion of
testing sites (20%) suffices to reliably estimate the cross-validated, unbiased value of the
optimization criterion (i.e., the likelihood of unseen testing sites; see below). Importantly,
this experiment is repeated 10 times (10-fold cross-validation) to statistically assess the
significance of the results.

I conduct ML tree inferences on the training sites of each dataset-split using four tools:
RAxML-NG, IQ-TREE, FastTree, and RAxML-NG ES1 [211]. The ML tree inferences
by the four tools mentioned above begin searching tree space from a parsimony starting
tree (i.e., a tree with a “good” parsimony score), which I generate with RAxML-NG
on the training MSA of the corresponding dataset-split. I use parsimony starting trees
because they have relatively good (i.e., non-random), yet still suboptimal, log-likelihood
scores [68, 193, 230]. This choice is appropriate, as I intend to assess whether overfitting
occurs during the final optimization steps prior to convergence.

In the course of the ML tree inferences, I store all intermediate improved topologies
that are accepted by each tool. That is, I store topologies that are visited and retained

1RAxML-NG ES corresponds to the sRAxML-NG version/heuristic that uses the KH-multiple testing
criterion for Early Stopping. For a detailed description, see Chapter 4.
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(a) (b)

Figure 5.2: A schematic representation of the overfitting evaluation pipeline. (a) Each
MSA is randomly partitioned into training and testing sites, applying a 10-fold Monte-
Carlo cross-validation approach, with a splitting ratio of 80%–20%. For each dataset-
split, RAxML-NG generates a parsimony starting tree from the training sites, which
serves as the starting point for ML tools (i.e., RAxML-NG standard and ES, IQ-TREE,
and FastTree) to conduct tree inferences on the training sites. During each individual
ML inference, the tools store all intermediate improved (w.r.t. the log-likelihood score)
topologies. Next, I evaluate the sampled topologies on the testing MSA to devise testing
log-likelihood curves. I perform a linear regression on the final points of each testing
curve and extract the slope of the fitted line. (b) A more abstract overview of the
entire process. At the bottom, the 10 slopes of the regression lines (corresponding to the
10 datasets-splits) are collected and statistically assessed using the non-parametric sign
test. The Figure illustrates the process for RAxML-NG only, but it applies analogously
to IQ-TREE, FastTree, and RAxML-NG ES (Figure reproduced from the Supplementary
Material of [209]).

because they improve the overall log-likelihood score. I adopted this comprehensive tree
sampling strategy to capture even the smallest topology-induced log-likelihood improve-
ments with respect to the currently best ML tree. This approach does not only increase
the resolution of the learning curves. It also allows for assessing and comparing overfitting
tendencies among distinct tools, and does not rely on arbitrarily recorded tree topology
checkpoints. The challenges involved in implementing this fine-grained tree-sampling ap-
proach are described in Methods (see Section 5.6.2). Due to this setup, the training
curves of all tools increase monotonically, and each point corresponds to an improved
(w.r.t. its log-likelihood score) intermediate topology (see Figure 5.3).

Following the ML tree inferences with the four distinct tools, I subsequently evaluate
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the ML score of all sampled topologies via RAxML-NG using the testing MSA to obtain
testing curves for each inference and tool. For this evaluation, RAxML-NG performs full
branch-length and model parameter optimizations. Thereby, I assess overfitting specifi-
cally with respect to the tree topology, that is, I focus on the tree topology as parameter
of primary biological interest. Importantly, this setup does not assess the convergence
dynamics of the sequence of intermediate trees toward some reference best-known tree
topology. While I also present such a topological accuracy analysis in the Results (see
Section 5.4.1; Figure 5.13), the objective here is different: I investigate the generalizabil-
ity of each newly introduced topology, by comparing its likelihood on unseen (testing)
sites, relative to its predecessor(s).

After constructing the testing curves, I perform linear regression on their final seg-
ments and extract the corresponding slope. I explore four alternative final segment defi-
nitions: the last two points, and the final 10%, 20%, or 30% of the points on each curve.
In the following, I refer to these segment configurations as n = 2, n = 10%N , n = 20%N ,
and n = 30%N , where n denotes the number of regression points and N the total number
of points on the curve1. Slopes with an absolute value below 0.1 are set to 0, since such
small differences can be attributed to numerical errors [176, 200]. I thereby derive 10
slopes per dataset, tool, and final segment length definition that correspond to the 10
distinct dataset-splits. I statistically assess these slopes via the non-parametric sign test,
by applying a 95% confidence level (p-value < 0.05), to obtain an overall per-dataset and
per-tool slope trend. For p-values below 0.05 and a majority of slopes being positive,
the trend is classified as Predominantly Positive (or simply positive in the following) as
this indicates a consistent increase in the final testing log-likelihoods. Conversely, if the
majority of slopes are negative (and the p-value is below 0.05), the trend is classified as
Predominantly Negative (or negative), as this implies a proclivity that the corresponding
tool overfits on the specific dataset. If neither of these conditions is met, the overall
trend is classified as non-significant. Overall, I systematically evaluate overfitting, that
is, I investigate whether overfitting emerges as the statistically expected behavior when
optimization is pushed to its limits. This question is particularly relevant (a) for RAxML-
NG and IQ-TREE, which employ thorough heuristics, and (b) in a comparative context,
that is, when comparing overfitting trends in thorough versus faster (RAxML-NG ES,
FastTree) heuristics.

Figure 5.3 presents exemplary learning curves for the anecdotal dataset 15034_1 ob-
tained from RAxML-NG inferences. In addition, the Figure displays the regression lines
fitted to the final n = 30%N points of the testing curves. Compared to the DNN learn-
ing curves shown in Figure 5.1b, which illustrate the cross-entropy loss during the DNN
training example, the log-likelihood curves (especially the testing ones) are inherently
more “bumpy”. As discussed below, this behavior is rather expected.

Overall, the null model being used here (H0 in statistical testing terminology) relies
on two assumptions: First, we expect the same behavior (final curve) for the 10 holdout
experiments (splits). This is well justified for comparatively long MSAs and supported
by the random site selection approach, which ensures that each split constitutes a statis-
tically representative sample of the MSA. Hence, the signal-to-noise ratio should remain
unaltered across replicates, leading to analogous final curve behavior. Second, this be-
havior corresponds to a flat final curve (zero slope) that is perturbed by independent

1Note that in Chapter 2 I used the n symbol to denote the number of taxa in an MSA. To avoid
ambiguity, in the expressions defining the final curve segments (e.g., n = 10%N) the n symbol is typeset
in a different font and denotes the number of points used for regression.
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Figure 5.3: Exemplary learning curves corresponding to the anecdotal empirical DNA dataset
15034_1, comprising 222 taxa, 2,658 sites, and 1,237 patterns. The training log-likelihood curves (upper
panel of each split-plot) increase monotonically and are comparatively smooth. The testing log-likelihood
curves (lower panel) may be more “bumpy” and not necessarily monotonic. To capture the testing curves’
behavior towards the end of the inference, I perform linear regression on the final curve-segments (here,
n = 30%N). The fitted regression lines are shown in gray color, and the corresponding slope values are
reported in the bottom-right corner of each testing log-likelihood panel. Based on the slope values, the
final part of the testing curves may exhibit an increasing tendency (splits 2, 3, 5 and 8), form noisy
plateaux (splits 6 and 10), or diverge from the curve’s global maximum (splits 1, 4, 7, and 9). Overall,
the sign-test yields a non-significant slope trend. In some cases, the fitted line may not fully capture
the real testing curve dynamics. For instance, in split 7 the testing curve optimum appears too early,
and the regression line gives a near-zero inflection (although, as reported, for n = 30%N the inferred
slope is negative and successfully reflects the model-fit decrease; yet, for the same dataset-split and for
n = 20%, the estimated slope is 0). Analogously, in split 10 a late increase over the final few iterations is
not captured by the fitted line, which yields a zero slope. In all 10 splits, the final and the optimal tree
of the testing curve are statistically indistinguishable, when evaluated via the approximately unbiased
(AU) test (see Section 5.5) on the corresponding testing sites (Figure reproduced from [209]).
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and identically distributed (i.i.d.) noise, that has a null expectation and a symmetric
distribution. This describes and captures the “bumpy” nature of the testing curves (Fig-
ure 5.3). Along the final curves of the ten experiments, we expect (under H0) the slope to
exhibit an equal probability of being positive or negative (i.e., the basis of the sign test,
which can also accommodate zeros when the slope is almost flat). The sign test is based
on the binomial distribution with a probability of 0.5 and 10 trials. Since the number of
trials is low, only contrasted results will be significant (e.g., 8 negative slopes, 1 positive
slope, and 1 flat slope corresponds to a left-sided p-value of ∼2%), while other cases will
not be significant (e.g., 7, 2 and 1, respectively, p-value of ∼9%). For comparison, on em-
pirical MSAs, I also use the one-sample t-test for slope trend evaluation (see Figure 5.6),
and juxtapose the sign test vs. t-test results. No substantial difference between the two
statistical tests is observed.

My approach focuses on the global trend in the final segment of the testing curve,
which can be predominantly positive, negative, or non-significant. I specifically do not
target the optimal point of the testing curve. This is because learning curves in deep
learning are typically smooth, because they are based on continuous numerical func-
tions. In contrast, log-likelihood testing curves are inherently non-smooth (“bumpy”),
because topological moves on the discrete tree parameter induce major log-likelihood
changes/jumps (Figure 5.3), and the optimal point itself is therefore of reduced value.
Consequently, focusing on the optimal point and comparing it with the final point (i.e.,
the output tree, which has a negative or null difference with the optimum) may result
in overestimating overfitting trends and hindering the detection of under-optimization
trends that correspond to a positive slope. This is, in fact, the main limitation of the
study by de Vienne et al. [218]. Specifically, the authors selected the best tree (in terms
of testing log-likelihood) among the final ones, which they compared to the very last tree,
the former being inevitably better (or at least not worse). This introduces a bias to-
wards negative slopes, and thus over-estimates the overfitting signal, as it does not allow
for yielding positive slopes, which are equally important when evaluating the model-fit
dynamics of ML tools on testing data. Nevertheless, I do include such a two-point com-
parison between the optimal and the final trees in the Discussion section (see Figure 5.17).

For simulated MSAs, I also generate topological accuracy curves by computing the
quartet distances [46] between each intermediate sampled topology (Ti), and the true
tree topology (Tref). I use the quartet distance, rather than the more standard RF dis-
tance [155], because it is more refined, that is, it generates more possible, distinct values,
and can therefore better capture slight trends. I compute quartet distances (d(Ti, Tref))
using the tqDist tool [165], and define the topological accuracy of each intermediate
topology as 1− d(Ti, Tref). The devised topological accuracy curves are statistically eval-
uated via the same framework as above (linear regression followed by the sign test).
This analysis, however, does not directly assess overfitting. Topologies that diverge from
the true tree can indeed yield equal, or better, log-likelihood scores on the testing sites
while not degrading the model-fit. Analogous observations were reported in our previous
works [73, 89, 133, 210]. While not focusing on cross-validation, these studies examined
and confirmed the statistical plausibility of highly divergent topologies. The results sug-
gest that ML tree inference on difficult-to-analyze MSAs—as indicated by high Pythia
scores—might yield topologically highly divergent, yet statistically equivalent topologies
with respect to their likelihood score. The analysis of topological accuracy curves in the
overfitting analysis context provides novel insights into whether the inferred trees sys-
tematically converge toward (or diverge from) the true topology during the optimization
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process.

5.2.2 Holdout-Validation (HV) in RAxML-NG
RAxML-NG HV inherently splits the input MSA into model-training (80%) and valida-
tion (20%) sites that are selected uniformly at random. Next, it generates a parsimony
starting tree and conducts an ML tree inference exclusively on the model-training part
of the MSA, while utilizing the validation sites to assess convergence and eventually ter-
minate. More specifically, HV computes the log-likelihood scores on the validation MSA
for the currently best topology after each SPR round (as well as on the initial parsimony
tree). It terminates when the validation log-likelihood either decreases, or when the im-
provement is negligible (based on an ε-threshold of 0.1), for k successive SPR rounds.
Upon termination, the topology with the highest validation log-likelihood is retrieved and
printed to file. This is analogous to approaches used in deep learning, where a validation
set is used to terminate the optimization process and prevent overfitting [132]. In the
following, I execute HV for k := 1 and k := 5, and refer to the corresponding runs as
HV-1 and HV-5.

The benchmark pipeline also follows the setup of a typical deep learning benchmarking
experiment [132], where the full dataset is partitioned into training and testing sets. The
RAxML-NG versions under comparison (see below) use the training set for optimization,
while the corresponding performance is evaluated on the testing set. The HV versions
further account for overfitting, and they, in turn, split the training set into a model-
training and a validation set, using the latter for convergence monitoring.

I provide details about the datasets used to benchmark RAxML-NG HV in Sec-
tion 5.3.1. For each MSA, I re-use the same 10-fold split created to investigate topological
overfitting, in the initial part of this work (see Section 5.2.1). Within each MSA-split, the
RAxML-NG versions under comparison solely conduct inferences on the training MSA
(using parsimony starting trees). The testing MSA exclusively serves as reference dataset
for post-hoc evaluation. Specifically, for each individual MSA-split, I execute the follow-
ing: (a) one standard RAxML-NG inference on the training MSA; (b) one ES inference
on the training MSA; (c) one HV-1 inference, which further splits the training MSA
into model-training (80%) and validation (20%) sites (the resulting MSAs comprise 64%
and 16% of the original MSA sites, respectively); (d) one HV-5 inference, employing the
same training MSA-partition as HV-1; and (e) one standard RAxML-NG inference on
the model-training MSA (64%). A rationale for this specific evaluation setup is provided
further below. The 5 inferred ML trees, within each MSA-split, are evaluated on the
testing MSA via the AU test [178], as implemented in the CONSEL tool [179]. I thereby
assess the output model-fit on unseen data. The trees with a p-value exceeding 0.05
are considered plausible. I aggregate the number of plausible ML trees inferred by each
version across all splits, and record the number (out of 10) of plausible ML trees inferred
by each version. This number is used as a metric to assess the overall performance across
MSAs, that is, the higher the number of plausible ML trees inferred, the more robust the
tool version is.

With the HV benchmark, I address two main questions. The first is whether HV effec-
tively evades overfitting by only capturing the phylogenetic signal of the input (training)
MSA, while avoiding fitting inherent noise. Intuitively, a thorough inference (standard
RAxML-NG) on the training MSA may fit both, signal and noise, mitigating the gener-
alizability of the inferred trees on the unseen (testing) sites. Further, this effect should
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a fortiori be more pronounced when standard RAxML-NG is further restrained on the
model-training MSA, which comprises only 64% of the original MSA sites. If this hy-
pothesis is correct, HV is expected to yield trees with higher log-likelihood scores on the
testing data, since it explicitly retains the tree with the highest validation log-likelihood,
and thus maximizes the generalizability of the inferred model. Accordingly, a fraction of
HV trees is expected to be statistically better compared to those inferred via standard
RAxML-NG (on the training and model-training MSAs), when evaluated on the testing
sites via the AU test.

The second question is whether HV provides a reliable strategy for Early Stopping
in ML tree inference. To address this, I evaluate the relative performance of HV against
that of ES, using standard RAxML-NG as the reference in both cases. The comparison
considers both plausibility performance and runtime improvements.

I also compute quartet distances using tqDist, between the ML trees inferred by each
version and the reference tree. On simulated MSAs, the reference tree is the true tree used
to generate the data. On empirical MSAs, I consider the ML tree inferred via standard
RAxML-NG on the training MSA of each MSA-split as reference tree.

5.3 Experimental Setup

5.3.1 Datasets, Substitution Models, and Filtering
To statistically examine overfitting in ML phylogenetic tree inference (see Section 5.2.1),
I conducted experiments on 9,062 empirical MSAs (8,229 DNA and 833 AA), sampled
from TreeBASE [147]. No specific sampling criterion was applied, beyond retaining all
MSAs which successfully completed all preprocessing and pipeline steps (see below). I
further included 6,342 simulated DNA MSAs from a prior benchmark analysis on simu-
lated data [214], comprising 5,020 alignments generated under the GTR+Γ substitution
model [205] and 1,322 under the JC model [97], using the AliSim tool [213]. These
simulated MSAs were selected at random, provided that they successfully completed all
preprocessing and pipeline steps.

I applied a basic preprocessing step to all MSAs. First, I removed duplicate sequences
to only retain unique sequences. Second, I removed gap-only MSA sites from the em-
pirical datasets. This preprocessing step was necessary to ensure the smooth execution
of all tools included in the pipeline (see Figure 5.2). This is because ML inference tools
handle duplicate sequences and gap-only columns inconsistently. For example, IQ-TREE
might fail to execute when gap-only columns are present. In addition, IQ-TREE, by
default, automatically shrinks alignments to only contain unique sequences and therefore
infers topologies with fewer taxa than expected. This subsequently leads to errors when
these trees are being evaluated with RAxML-NG on the comprehensive MSA. On the
other hand, while FastTree generally tolerates duplicate sequences, the sampled inter-
mediate topologies for datasets comprising duplicates typically contain multifurcations.
However, RAxML-NG fails to evaluate multifurcating trees, as it can only process strictly
bifurcating trees, which causes the pipeline to terminate with an error. Thus, to avoid
the need for tool-specific exception handling and ensure consistency across all analy-
ses, I uniformly preprocessed all datasets by removing duplicate sequences and gap-only
columns. Furthermore, during the 10-fold Monte-Carlo random split of MSAs into train-
ing and testing sets, I ensured that the training MSAs only contained unique sequences.
If duplicate sequences occurred in the training subset due to the random splitting, the
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(a) (b)

Figure 5.4: Scatter plots showing the number of taxa and sites for 9,062 empirical and
6,342 simulated MSAs. (a) Empirical MSAs: 8,229 DNA (circles) and 833 AA (crosses)
datasets. (b) Simulated MSAs: 5,020 generated under the GTR+Γ model (circles), and
1,322 under the JC model (crosses) [Figure reproduced from the Supplementary Material
of [209]].
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Figure 5.5: Pythia (v2.0) score distributions for 9,062 empirical and 6,342 simulated
MSAs, as well as for the 535 empirical and 241 simulated MSAs selected to benchmark
RAxML-NG HV. Datasets sampled for HV benchmarking are depicted via lighter-colored
bars. (a) Empirical MSAs: 8,229 DNA and 833 AA datasets, along with 430 DNA and
105 AA MSAs selected for benchmarking RAxML-NG HV. (b) Simulated MSAs: 5,020
generated under the GTR+Γ model and 1,322 under the JC model. The 241 MSAs used
for benchmarking were all generated under the GTR+Γ model (Figure reproduced from
the Supplementary Material of [209]).

partitioning was repeated until a valid split was obtained. For testing MSAs, I did not
filter duplicates, as RAxML-NG effectively handles alignments with duplicate sequences,
during the testing log-likelihood evaluations. From the cleaned MSAs, I also discarded
four-taxon alignments, as they are trivial to analyze. The resulting empirical/simulated
MSAs comprise up to 106 sites, and up to 103 and 500 taxa in empirical and simulated
MSAs, respectively. The scatter plots in Figure 5.4 illustrate the number of sites and
taxa of the entire collection of empirical/simulated MSAs.

The cleaned MSAs cover the entire difficulty score spectrum as predicted by Pythia
v2.0 [75]. Figure 5.5 shows the Pythia score distributions for the 9,062 empirical and
6,342 simulated MSAs, as well as for the MSAs used to benchmark RAxML-NG HV (see
below). The Pythia score distributions are generally shifted toward lower Pythia scores,
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suggesting easier MSAs. This effect is particularly pronounced for the empirical Tree-
BASE MSAs (Figure 5.5a), whose distribution is substantially more skewed toward lower
values than the original TreeBASE difficulty score distribution (see Figure 3.3), which is
more uniform. This shift can be attributed to the preprocessing I applied to all MSAs,
which effectively improved the overall phylogenetic signal strength. To highlight this ef-
fect, I mention two characteristic examples of empirical DNA MSAs: dataset 11756_1,
whose Pythia score decreased from 0.62 to 0.13, after removing 36 duplicate sequences
and 4 gap-only columns, and dataset 11269_0, whose Pythia score decreased from 0.84 to
0.04, after removing 22 duplicate sequences. Further, MSAs with difficulty scores above
0.8 are rare. This reflects an inherent limitation of the definition of the Pythia score, as
previously discussed in Section 2.8.

All datasets are treated as unpartitioned MSAs. This decision is straightforward and
consistent with the data. All simulated MSAs were generated as single-partition datasets,
and the vast majority of TreeBASE MSAs are, indeed, unpartitioned: ∼93% of DNA and
∼99% of AA MSAs are provided without any partitioning scheme. To conduct ML tree
inferences, I used the GTR+Γ model for all empirical/simulated DNA MSAs (including
those simulated under the JC model), and the LG+Γ model [116] for protein MSAs
(empirical only). In the context of this study, restraining the analyses to unpartitioned
MSAs and using standard substitution models provides a more controlled setting to assess
overfitting.

To benchmark RAxML-NG HV, I sampled 535 long empirical MSAs (430 DNA and
105 AA) from the preprocessed collection, along with 241 long simulated DNA MSAs
under the GTR+Γ model. Here, “long” refers to MSAs comprising: (a) more than 10,000
sites and an SoT ratio exceeding 10 for empirical MSAs; and (b) more than 5,000 sites and
an SoT ratio exceeding 5 for simulated MSAs. The thresholds were relaxed for simulated
MSAs, since relatively few datasets met the original criteria applied to empirical MSA
sampling. I chose those thresholds to ensure that the HV version is evaluated under a
statistically meaningful setting. That is, in datasets where the number of observations
(sites) is large, both in absolute terms and relative to the number of taxa, I ensure
that there is a sufficiently strong phylogenetic signal. As expected, the Pythia score
distributions for these sampled, long MSAs, shifts toward lower values, indicating easier
MSAs (see Figure 5.5b).

5.3.2 Commands and Computing Environment Details
I implemented the tree sampling algorithm for standard and ES RAxML-NG (described in
Section 5.6.2), as well as the HV algorithm, in the overfitting-early-stopping branch
of a forked RAxML-NG repository1. The same repository also contains the modified
version of FastTree (Section 5.6.2) in a separate folder. The tree sampling modification
of IQ-TREE (Section 5.6.2) is implemented in the overfitting branch of a distinct
forked IQ-TREE repository2.

RAxML-NG v1.2:

Tree sampling in RAxML-NG is enabled using the --chkpt-method 2 option. In the
experiments, I explicitly set the log-likelihood improvement ε-threshold (Section 2.6.5)

1https://github.com/togkousa/raxml-ng/tree/overfitting-early-stopping
2https://github.com/togkousa/iqtree2/tree/overfitting

https://github.com/togkousa/raxml-ng/tree/overfitting-early-stopping
https://github.com/togkousa/iqtree2/tree/overfitting
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to 0.1. The substitution models I used are GTR+Γ (--model GTR+G option) for DNA
MSAs, and LG+Γ (--model LG+G option) for AA MSAs. Parallelization is implemented
and tested for this version. Below is the command used to conduct one ML tree inference
on a training MSA (e.g., training.phy) using 4 threads:

./raxml-ng-adaptive --adaptive off --threads auto{4} --msa training.phy
--model {model} --tree pars{1} --chkpt-method 2 --lh-epsilon 0.1
--prefix standard --seed 0

In the example command, the Adaptive version (see Chapter 3) is disabled using the
--adaptive off option. For convenience, the output file prefix standard is used in
the displayed command. RAxML-NG stores the intermediate improved topologies in the
standard.raxml.sprTrees file, and the parsimony starting tree in standard.raxml.
startTree. This starting tree is subsequently used as input for the remaining tools.

Note that RAxML-NG v1.2 is further used to evaluate intermediate trees sampled
from all ML tools during the overfitting assessment, using the corresponding testing
MSAs. As described in the main text, in this evaluation RAxML-NG conducts a full
BLO and MPO. To slightly accelerate this evaluation, I applied an ε-threshold of 1.0.
Below is an exemplary command to evaluate the stored intermediate improved topologies
on a testing MSA (e.g., testing.phy), using 4 threads:

./raxml-ng-adaptive --evaluate --threads 4 --msa testing.phy
--model {model} --tree standard.raxml.sprTrees --lh-epsilon 1.0

RAxML-NG ES:

To invoke the KH-multiple testing stopping criterion (see Chapter 4), I use the command
--stopping-criterion KH-mult. When using this command, the adaptive heuristic is
automatically disabled. Further, in the ES version no ε-threshold is specified. Below is
the command used to invoke RAxML-NG ES, using 4 threads and the output file prefix
es:

./raxml-ng-adaptive --threads auto{4} --msa training.phy
--model {model} --tree standard.raxml.startTree
--chkpt-method 2 --prefix es --seed 0 --stopping-criterion KH-mult

RAxML-NG ES stores the topological trajectory in the es.raxml.sprTrees file.

Modified IQ-TREE:

One can enable the tree sampling in the modified IQ-TREE version using the -wt flag.
Parallelization also works for this modified IQ-TREE version. Below is the command
used to invoke our modified IQ-TREE version, using 4 threads and the prefix iqtree (for
example, on a DNA dataset):

./iqtree2 -nt 4 -s training.phy --seqtype DNA -m GTR+G
-t standard.raxml.startTree --prefix iqtree -wt --seed 0

Modified IQ-TREE stores the sampled topologies in the iqtree.treels file.
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Modified FastTree:

The tree sampling is enabled by default in the modified FastTree version. As I discuss
in Section 5.6.1, FastTree uses a variant of the CAT approximation [150], which assigns
each site to one of 20 precomputed, fixed rate categories by default. To further simplify
the model approximations, I reduced this number to 4, using the -cat 4 option (see
Section 5.6.1). Therefore, I used the GTR+CAT4 model for DNA (-gtr -nt -cat 4
option), and the LG+CAT4 model for AA MSAs (-lg -cat 4 option). Below is the
command used to invoke the modified FastTree version on a DNA dataset:

./FastTree -gtr -nt -cat 4 -intree1 standard.raxml.startTree
-log fasttree.log < training.phy > fasttree.bestTree

In the above command, the output log file is set to fasttree.log. The modified FastTree
version uses the prefix of the logfile (here, fasttree) to name the sampled topologies file.
In this example, it stores the intermediate topologies in the fasttree.chkpTrees file.

RAxML-NG HV:

Users can invoke the Holdout Validation algorithm in RAxML-NG via the --holdout-es
flag. The algorithm randomly splits the input MSA into model-training and validation
sites, based on the specified seed, and using a default splitting ratio of 0.8 (i.e., 80% of
the sites) for the model-training MSA. One can define an alternative splitting ratio via
--split-ratio X, where X is a floating point number between 0 and 1 that specifies the
proportion of model-training sites. Further, the user can also specify the number of conver-
gence iterations k (see Section 5.6.1) via --conv-iters k, with k being a positive integer
value. The default value for convergence iterations is k := 1. The resulting model-training
and validation MSAs can be stored by enabling the --extra split-save-phylip option.
The MSAs are written to the {prefix}.raxml.training.phy and {prefix}.raxml.
testing.phy files, respectively. Parallelization is implemented and tested for this ver-
sion. An example RAxML-NG HV invocation, where I set k := 5 convergence iterations
(HV-5; see Section 5.2.2), is:

./raxml-ng-adaptive --holdout-es --threads auto{4} --msa {model}
--model {model} --conv-iters 5 --prefix example
--extra split-save-phylip --seed 0

RAxML-NG HV stores the resulting model-training and validation MSA files in the
example.raxml.training.phy and example.raxml.testing.phy files, respectively.

Computing Environment

I executed the overfitting evaluation pipeline on the bwForCluster Helix, located at the
Heidelberg University Computing Centre. I utilized the cpu-single cluster partition,
which allocates submitted jobs to AMD nodes. Each AMD node is equipped with two
AMD Milan EPYC 7513 Processors, running at 2.60GHz, providing a total of 64 physical
cores per node. The operating system is RedHat Linux. Further, I benchmarked RAxML-
NG HV on one of our lab servers, equipped with two AMD EPYC 9684X (Genoa-X)
processors, each with 96 physical cores and two threads per core, operating at a maximum
frequency of 3.72 GHz. The operating system is Ubuntu 24.04.
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Figure 5.6: Slope trends of regression lines fitted to the final segments of testing
log-likelihood curves for 9,062 empirical MSAs. The slope trends are evaluated using
either the non-parametric sign test (left), or the one-sample T-test (right). Distinct
columns within each subplot correspond to different ML tree inference tools: RAxML-NG,
IQ-TREE, FastTree, and RAxML-NG ES. Subplot-rows correspond to different linear
regression window sizes: the last 2 points, or the final 10%, 20%, or 30% of the points
on each curve. The bar heights in the stacked bar charts indicate the proportion of
MSAs exhibiting one of the three slope trends: Predominantly Positive, Predominantly
Negative, or Non-significant, as classified via the statistical test used (Figure reproduced
from the Supplementary Material of [209]).

5.4 Results

5.4.1 Results on the Statistical Overfitting Evaluation
Figure 5.6 summarizes the results of the overfitting evaluation pipeline across 9,062 em-
pirical (8,229 DNA and 833 AA) MSAs. The left subfigure presents the results for the
non-parametric sign test, and the right one for the one-sample t-test. Since no substan-
tial difference is observed, in the following, I will only focus on the sign test results. As
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Figure 5.7: Percentage of empirical MSAs exhibiting Predominantly Negative (left)
or Predominantly Positive (right) slope trends based on the sign-test results, across
different linear regression window sizes: the final 2 points (n = 2), the last 10% (n =
10%N), 20% (n = 20%N), or 30% (n = 30%N) of the points in each curve. The plot
illustrates how the frequency of these slope trends varies across tools and regression
window sizes, as those are observed in Figure 5.6 (left subfigure), for empirical MSAs
(Figure reproduced from [209]).

Figure 5.8: Distributions of the number of intermediate trees sampled by each tool
for each dataset, averaged over the 10 dataset-splits, across 9,062 empirical and 6,342
simulated MSAs. For each boxplot, the mean value of the distribution (m), and the per-
centage (P ) of MSAs with an average number of sampled topologies below 5 are reported.
The y-axis is shown on a logarithmic scale (Figure reproduced from the Supplementary
Material of [209]).

discussed below, the proportion of negative and positive slope trends as derived via the
sign test (left subfigure of Figure 5.6) is visualized in Figure 5.7. Systematic overfitting,
which is indicated by negative slope trends, is rarely observed.

RAxML-NG, IQ-TREE, and RAxML-NG ES show highly consistent behavior across
different regression window sizes. On DNA MSAs, negative trends correspond to ∼0.3%
of the MSAs, with only minor variations across tools and regression window sizes. For
AA MSAs, the proportion remains similar (∼0.3%) in most cases, except for IQ-TREE,
where it increases to ∼0.7%–0.8% for n = 20%N and n = 30%N . RAxML-NG ES also
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shows a slight increase to ∼0.7% for n = 20%N . It subsequently drops to baseline levels
for n = 30%N .

The above tools exhibit similar patterns for positive trends as well. Standard RAxML-
NG and ES show positive trends on ∼2% of DNA and ∼5% of AA MSAs when only
considering the final two points in the regression. As expected, the proportion of positive
trends increases (roughly linearly) with regression window size: to around 2.5% and 6%
(DNA and AA MSAs) for n = 10%N , to 3.5% and 9% for n = 20%N , and to 6% and
14% for n = 30%N . IQ-TREE consistently yields lower positive trend rates: 1% and
3.3% (DNA and AA MSAs) for n = 2, 1.6% and 5.3% for n = 10%N , 3% and 7.3%
for n = 20%N , and 5% and 11% for n = 30%N . Consequently, the proportion of non-
significant trends ranges from ∼94% and ∼86% (DNA and AA MSAs, respectively) for
n = 30%N , to ∼98% and ∼95% for n = 2. As one may expect, the proportion of non-
significant trends increases when focusing on the very final parts of the curve that are
closer to convergence (due to convergence on noisy plateaux), resulting in a corresponding
decrease in positive trends.

Note that the similarity between standard RAxML-NG and ES is expected. Early
Stopping in RAxML-NG operates at the level of SPR rounds (see Section 4.2) by omit-
ting potentially redundant/unnecessary SPR rounds towards the end of the search and
substantially reducing runtime. However, most SPR moves are accepted during the initial
rounds. Therefore, in both RAxML-NG versions, a comparable number of intermediate
topologies (i.e., curve points) is being sampled. Figure 5.8 illustrates the distribution of
the number of intermediate trees sampled by each tool and for each dataset, averaged
over the 10 MSAs-splits, across all empirical and simulated MSAs. The average num-
ber of sampled topologies by RAxML-NG ES is only modestly reduced compared to the
standard version.

Returning to Figures 5.7–5.8, FastTree exhibits similar (compared to the other tools)
negative trends for DNA MSAs that range between 0.3% and 0.6%. For AA MSAs,
however, the overfitting trends are substantially higher, with the baseline levels at ap-
proximately 1.4%, and increasing up to 1.9% for n = 20%N (see Figure 5.8). These
substantially higher negative trends for AA MSAs are difficult to interpret. They could
be attributed to the plethora of approximations1 FastTree applies to calculate the log-
likelihood scores of visited topologies, during the tree search. These can potentially
misguide the search towards topologies that, when evaluated thoroughly on unseen sites,
result in progressively decreasing testing log-likelihoods, for every intermediate accepted
topology. Thorough tools, on the other hand, employ more accurate log-likelihood eval-
uations, yielding lower overfitting rates for AA MSAs. With respect to continuous pa-
rameter optimizations, RAxML-NG ES belongs to the group of thorough tools, since it
invokes the same optimization routines as RAxML-NG, without applying any shortcuts
(see Section 4.2). Nevertheless, despite being inflated, the overfitting rates of FastTree
are still small.

Regarding positive trends, FastTree exhibits relatively high rates for n = 30%N :
19.1% for DNA and 18% for AA MSAs. These rates gradually decline for narrower final
segments, reaching approximately 15% for n = 20%N , and 10%–12% for n = 10%N . This
pattern suggests that slope trends remain strongly positive in the later stages of the tree
search, and indicates that FastTree could potentially benefit from additional topological
optimization steps. When focusing on the final two points on the curve, though, FastTree
attains levels that are comparable to the other tools, with 2.1% for DNA and 5.5% for AA

1I describe those approximations in Section 2.6.7.
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Figure 5.9: Slope trends derived from the sign test, versus taxa and sites in 9,062
empirical MSAs, illustrated for the specific case where n = 20%N . Both horizontal
and vertical axes have a logarithmic scale (Figure reproduced from the Supplementary
Material of [209]).

Figure 5.10: Slope trends derived from the sign test, versus taxa and patterns in 9,062
empirical MSAs, illustrated for the specific case where n = 20%N . Both horizontal
and vertical axes have a logarithmic scale (Figure reproduced from the Supplementary
Material of [209]).

MSAs. Hence, the proportion of non-significant trends in FastTree ranges from ∼80%
on both DNA and AA MSAs at n = 30%N , to 97.6% and 93% for n = 2 on DNA and
AA MSAs, respectively. The observed convergence indicated by the decline of positive
trends for narrower regression segments, which is consistent among tools, does not imply
that the quality of the inferred trees is equivalent. For instance, one way to assess the
quality of inferred trees would be to compare them via the AU test, as I already did in
the benchmarks of Chapters 3 and 4. Such comparisons constitute a static assessment
of the model-fit of the inferred ML trees. In contrast, the current study investigates
dynamic overfitting trends, by independently analyzing the testing curves of each tool
and evaluating whether model degradation is observed due to excessive optimization.

For the specific case of n = 20%N , I investigated potential correlations between
overfitting trends and MSA characteristics, such as the number of taxa, sites, patterns,
and Pythia scores. The results are presented in Figures 5.9–5.11. A modest correla-
tion suggests that overfitting trends are more prevalent for MSAs with relatively short
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Figure 5.11: Slope trends derived from the sign test, over difficulty scores for 9,062
empirical MSAs, illustrated for the specific case where n = 20%N (Figure reproduced
from the Supplementary Material of [209]).

sequences and low site pattern counts (fewer than ∼10,000 sites and ∼5,000 patterns),
that is, as expected, with weaker phylogenetic signal (Figures 5.9–5.10). This upper
sequence-length limit is particularly consistent for RAxML-NG (both standard and ES
versions), that is, no negative trends on MSAs exceeding those site/pattern thresholds
are observed. In contrast, for IQ-TREE and FastTree, a small number of DNA MSAs
exhibiting overfitting trends were detected as outliers, despite their high sites-over-taxa
and patterns-over-taxa ratios. One notable outlier, which was observed in FastTree, was
the DNA MSA 13654_5. This dataset exhibited negative trends despite comprising 10
taxa, 747,575 sites, and 58,956 patterns that render its phylogenetic signal extremely
strong (Pythia score 0.0). A direction of future work would be to focus on MSAs that
exhibit systematic overfitting and identify MSA-specific characteristics that predispose
particular tools to overfit. Comparative analyses may also be informative, for example by
detecting MSA features that trigger overfitting in RAxML-NG versus IQ-TREE. Based
on the current results, the two tools do not overfit on the same MSAs. For n = 20%N ,
RAxML-NG shows negative trends on 29 MSAs and IQ-TREE on 36, yet the overlap
comprises only 4 MSAs. Three of these MSAs show strong phylogenetic signal (Pythia
score below 0.1), and the fourth is still relatively easy to analyze (Pythia score 0.29).
Overall, no clear correlation between higher difficulty scores and overfitting trends was
observed (Figure 5.11).

Regarding simulated DNA MSAs, Figures 5.12–5.13 show the results of the testing
log-likelihood and topological accuracy curves, respectively, when evaluated using the
same framework (linear regression followed by the sign test). In both Figures, the results
from the 5,020 GTR+Γ-generated datasets are presented in juxtaposition to those from
the 1,322 JC-based simulated MSAs. As a reminder, on both simulated MSA types I used
the GTR+Γ model for the ML tree inferences and evaluations (GTR+CAT for FastTree;
see Section 5.6.1) to also assess the effect of substitution model over-parametrization on
JC-based MSAs. For the testing log-likelihood slope trends (Figure 5.12), overfitting
is essentially absent, on both the GTR+Γ- and JC-generated datasets, across all tools
(exact percentages are not reported, since they are negligible). JC-based MSAs display
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Figure 5.12: Slope trends of regression lines fitted to the final segments of the test-
ing log-likelihood curves, derived from 6,342 simulated DNA MSAs, comprising 5,020
GTR+Γ-generated (left), and 1,322 JC-generated MSAs. Distinct columns within each
subplot correspond to a different ML tree inference tool: RAxML-NG, IQ-TREE, Fast-
Tree, and RAxML-NG ES. Subplot-rows correspond to different linear regression window
sizes: the last 2 points, or the final 10%, 20%, or 30% of points in each curve. The bar
heights in the stacked bar charts indicate the proportion of MSAs exhibiting one of the
three slope trends: Predominantly Positive, Predominantly Negative, or Non-significant,
as inferred via the non-parametric sign-test (Figure reproduced from the Supplementary
Material of [209]).

lower proportions of positive trends, primarily because these datasets tend to converge
faster (see Figure 5.8; also discussed below). Specifically, JC-based MSAs exhibit non-
significant trends in ∼99% of the cases, while the remaining 1% are attributed to positive
trends.

In topological accuracy curves, the slope trends are consistent among GTR+Γ- and
JC-generated MSAs. The overall trend is non-significant on more than 99% of the MSAs
for RAxML-NG (standard and ES versions) and IQ-TREE, across all regression segment
configurations. In FastTree, the proportion of non-significant trends is slightly lower,
ranging between 98% and 99%, with the respective reduction being primarily due to
negative trends. Specifically, while negative trends are observed for approximately 0.1%
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Figure 5.13: Slope trends of regression lines fitted to the final segments of the topo-
logical accuracy curves, derived from 6,342 simulated DNA MSAs, comprising 5,020
GTR+Γ-generated (left) and 1,322 JC-generated MSAs (right). Distinct columns within
each subplot correspond to a different ML tree inference tool: RAxML-NG, IQ-TREE,
FastTree, and RAxML-NG ES. Subplot-rows correspond to different linear regression
window sizes: the last 2 points, or the final 10%, 20%, or 30% of the points in each
curve. The bar heights in the stacked bar charts indicate the proportion of MSAs ex-
hibiting one of the three slope trends: Predominantly Positive, Predominantly Negative,
or Non-significant, as inferred via the non-parametric sign-test (Figure reproduced from
the Supplementary Material of [209]).

of the cases in RAxML-NG and IQ-TREE, FastTree consistently exhibits negative trends
for 0.5% of cases, across all regression segment window sizes. Notably, the excess of free
substitution model parameters induced by using the GTR+Γ model on JC-based MSAs
does not increase overfitting trends.

Overall, the increased ratio of non-significant trends on simulated datasets can be
explained by the fact that ML tree inferences generally converge more rapidly on such
MSAs [214]. The number of sampled topologies during ML inferences is substantially
lower for simulated MSAs than for empirical ones, with the effect being particularly
pronounced on JC-based MSAs (see Figure 5.8). For instance, RAxML-NG visits on
average twice as many intermediate topologies on empirical MSAs compared to GTR+Γ-
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Figure 5.14: Plausibility test results on ML trees inferred via RAxML-NG versions
on the training MSAs within each MSA-split, on empirical (left) and simulated (right)
MSAs. I conduct this evaluation on the testing MSA of the corresponding MSA-split,
by applying the AU test, as implemented in CONSEL, to the five ML trees inferred by:
(a) RAxML-NG standard, (b) RAxML-NG ES, (c) HV-1, (d) HV-5, and (e) RAxML-NG
standard on the model-training MSA of the HV versions. ML trees with a p-value ≥ 0.05
are considered as being plausible. I aggregate the plausible ML trees across splits, and
for each method and dataset, record the number (out of 10) of plausible ML trees (Figure
reproduced from the Supplementary Material of [209]).

simulated MSAs, and seven times as many compared to JC-simulated MSAs. There
exist cases where the parsimony starting tree is identical to the final ML tree, that is,
no topological moves are applied at all. In such cases, only one intermediate topology is
sampled, and I conventionally set the corresponding slope to 0, biasing the slope data in
favor of the non-significant outcome in the sign test. In this context, a non-significant
trend reflects easy convergence.

5.4.2 Results on RAxML-NG HV benchmarking
Figure 5.14 illustrates the plausibility assessment results on 535 empirical (left) and 241
simulated (right) long MSAs. The figure shows the fraction of MSAs, for which each tool
version inferred x (out of 10) plausible ML trees, where x represents specific counts or
intervals. Overall, the HV versions exhibit the worst performance among all versions.

On empirical MSAs (left subfigure), standard RAxML-NG infers 10 (out of 10) plau-
sible ML trees for ∼59% of DNA MSAs, ES for ∼53%, the HV versions for ∼35%, and
RAxML-NG on the model-training MSA for ∼40%. The corresponding values for AA
MSAs are 64% for standard RAxML-NG, 55% for ES, 44% for the HV versions, and 47%
for RAxML-NG (model-training MSA), respectively. The average number of plausible
ML trees inferred per DNA dataset is ∼9.3 for standard RAxML-NG and ES, 8.5 for the
HV versions, and 8.7 for RAxML-NG on model-training MSAs; for AA MSAs, the corre-
sponding averages are 9.4 for standard RAxML-NG, 8.2 for ES, 7.8 for HV versions, and
8.9 for RAxML-NG on model-training MSAs. Further, standard RAxML-NG runs (both
on training and model-training MSAs) always infer at least one plausible tree (100%) on
both DNA and AA MSAs. The remaining versions (ES and HV) fail to infer any plausible
tree on 1 DNA and 2 AA MSAs, respectively. The failing DNA MSA is the same MSA
for all three versions; the HV versions fail on the same two AA MSAs, one of which is
also shared with ES. As expected, the performance patterns are similar across empirical
and simulated datasets (right subfigure), although the differences for the latter are less
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MSAs it is the true tree topology used for sequence simulation. (Figure reproduced from
the Supplementary Material of [209]).
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Figure 5.16: Speedup distributions of RAxML-NG ES and HV versions, relative to
standard RAxML-NG inferences conducted on the training MSAs, for empirical (left
subfigure) and simulated (right subfigure) MSAs. The dashed lines at the bottom of
each subplot correspond to speedups of 1× (Figure reproduced from the Supplementary
Material of [209]).

pronounced, since simulated MSAs generally converge faster [214].
Figure 5.15 illustrates the average quartet distance distributions between the ML

trees inferred by each version and the corresponding reference tree, on empirical as well
as simulated DNA MSAs. For empirical MSAs, the reference tree is the ML tree inferred
by standard RAxML-NG, on the training MSA of the corresponding MSA-split. Hence,
the distribution of standard RAxML-NG (training MSAs) on empirical MSAs reduces to
zero. For simulated MSAs, the reference tree is the true tree used for sequence simulation.
The pairwise quartet distances between each ML tree inferred by each version, and the
reference tree are averaged over the 10 ML trees that each tool version infers per MSA
(10 splits per MSA).

On empirical DNA MSAs (Figure 5.15, left subfigure), the mean values of the average
quartet distance distributions are: 0.014 for ES, 0.039 for both HV versions, and 0.033
for standard RAxML-NG using the model-training sites. The corresponding mean values
for empirical AA MSAs are: 0.043 for ES, 0.058 for both HV versions, and 0.041 for
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standard RAxML-NG on model-training MSAs. Notably, although standard RAxML-
NG (on model-training MSAs) outperforms ES on protein datasets in terms of mean
values, the corresponding medians do favor ES. The median quartet distance for ES is
0.001, compared to 0.011 for RAxML-NG (model-training MSAs). This difference can
also be observed by considering the shapes of the two distributions in Figure 5.15 (left
subfigure), since the ES distribution is skewed toward lower values. Thus, ES more
frequently approximates the reference tree topology than RAxML-NG (model-training
MSAs) on empirical (as well as on simulated) MSAs, albeit it also yields more pronounced
outliers.

On simulated MSAs (Figure 5.15, right subfigure), all distributions exhibit a median
of 0, indicating that the average quartet distance is 0 for the majority of the datasets
across all methods. The mean values of the average quartet distance distributions are
0.014 for standard RAxML-NG and ES, and 0.017 for all other versions. Although HV
versions and RAxML-NG (on model-training MSAs) exhibit identical mean values, the
distribution of the latter appears to also be slightly skewed towards zero values on the
log-scale. This indicates that thorough RAxML-NG inferences that are constrained to
the model-training sites only, almost outperform HV with respect to topological accuracy,
even on such long simulated MSAs. Most importantly, the results, from both plausibility
and topological accuracy comparisons, show that HV consistently underperforms relative
to all other versions.

Finally, Figure 5.16 illustrates the speedup distributions of the ES and HV ver-
sions, relative to standard RAxML-NG execution times on the training MSA. I compute
speedups by comparing the accumulated runtimes of each version for conducting 10 ML
tree inferences. For empirical DNA MSAs, the average speedups are 3× for HV-1, 2.7×
for HV-5, and 3.5× for ES; on AA MSAs, the corresponding averages are 3.1× for HV
versions and 3.3× for ES, respectively. On simulated DNA MSAs, HV versions show an
average speedup of 2×, and ES a speedup of 2.2×. Hence, the HV versions do not yield
any runtime improvement over ES on the tested datasets.

These results provide a straightforward answer to the two questions posed in Sec-
tion 5.2.2. First, HV does not offer any advantage w.r.t. preventing overfitting. This
aligns with the findings from Section 5.4.1 that overfitting is negligible in ML-based phy-
logenetic inference. Using a deep learning-inspired validation set approach thus appears
inappropriate. Notably, standard RAxML-NG restrained to the model-training sites per-
forms better than HV, despite using the same data fraction but without validation-based
termination. Second, optimizing on all available sites yields better overall results, and
runtime acceleration is more efficiently achieved via ES, which applies stopping rules that
do not discard any data. Overall, these findings strongly suggest that holdout valida-
tion does not constitute a useful strategy in ML based phylogenetics, not even so on
apparently sufficiently long MSAs.

5.5 Discussion
The first part of the analysis focused on whether topological overfitting constitutes the
statistically expected behavior of ML tree inference tools. I used the sign test to evaluate
the statistical significance of the global trend on the final points of the testing curves. I
evaluated RAxML-NG and IQ-TREE, which employ thorough heuristics, alongside with
FastTree, a more superficial tool, and RAxML-NG ES, a substantially accelerated, Early
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Tool Window Pos Neg Zero

RAxML-NG

n = 2 22,519 / 2.48 17,827 / 1.97 50,274 / 5.55
n = 10%N 26,029 / 2.87 20,042 / 2.21 44,549 / 4.92
n = 20%N 30,230 / 3.34 21,052 / 2.32 39,338 / 4.34
n = 30%N 33,720 / 3.72 21,173 / 2.34 35,727 / 3.94

RAxML-NG ES

n = 2 21,648 / 2.39 17,640 / 1.95 51,332 / 5.66
n = 10%N 24,697 / 2.72 19,429 / 2.14 46,494 / 5.13
n = 20%N 28,725 / 3.17 20,959 / 2.31 40,936 / 4.52
n = 30%N 32,550 / 3.59 21,200 / 2.34 36,870 / 4.07

IQ-TREE

n = 2 16,597 / 1.83 14,500 / 1.60 59,523 / 6.57
n = 10%N 24,096 / 2.66 19,828 / 2.19 46,696 / 5.15
n = 20%N 27,671 / 3.05 20,804 / 2.29 42,145 / 4.65
n = 30%N 30,230 / 3.33 20,359 / 2.25 40,031 / 4.42

FastTree

n = 2 20,641 / 2.28 16,353 / 1.80 53,626 / 5.92
n = 10%N 32,104 / 3.54 19,248 / 2.12 39,268 / 4.33
n = 20%N 37,675 / 4.16 20,131 / 2.22 32,814 / 3.62
n = 30%N 40,627 / 4.48 20,376 / 2.25 29,617 / 3.27

Table 5.1: Accumulated number of positive (“Pos”), negative (“Neg”), and zero
(“Zero”) slope signs across 90,620 empirical dataset-splits in total, derived from linear
regressions on the final segments of the testing log-likelihood curves, for 9,062 empirical
MSAs (10 splits per MSA). The table further reports the average number of slopes being
positive, negative, and zero per dataset. The regression windows are: n = 2, n = 10%N ,
n = 20%N , and n = 30%N . Each cell (in “Pos”, “Neg” and “Zero” columns) reports two
values in the format X / Y: X is the accumulated number of regression lines exhibiting
the specified slope sign, and Y is the corresponding average per dataset (Table adapted
from the Supplementary Material of [209]).

Stopping-enhanced version of RAxML-NG (see Chapter 4). The findings show that, for
empirical MSAs, overfitting, as indicated by negative slope trends, is only detected for less
than 1% of the MSAs, across all tools and MSA types (DNA or AA). The only exception
is FastTree on AA MSAs, where overfitting is observed on approximately 1.5% of the
datasets. This might be attributed to the extensive approximations that FastTree applies
for log-likelihood calculations (see Section 2.6.7). FastTree also exhibits an increased ratio
of positive slope trends, suggesting premature termination of the optimization process
before reaching a plateau. In such cases, further optimization might be beneficial.

Across all tools, the majority of empirical MSAs (above 80%) show non-significant
slope trends. This pattern is even more pronounced for simulated MSAs, where non-
significant trends dominate both the testing log-likelihood and the topological accuracy
curves. Interestingly, the excess of free substitution model parameters, introduced by
analyzing the JC-generated simulated MSAs under the GTR+Γ model, does not induce
topological overfitting. Instead, the tree inferences merely tend to converge more rapidly
in such cases, potentially because the parsimony starting trees are more compatible with
the JC model.
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Figure 5.17: Barplot showing the accumulated number of positive, negative, and zero
slope signs, across a total of 90,620 empirical dataset-splits. The slopes are derived
from linear regressions on the final segments of the testing log-likelihood curves, for 9,062
empirical MSAs (10 splits per MSA). Bar heights represent the accumulated slope sign
counts for n = 20%N . Results are shown separately for each inference tool. Within each
bar, a distinct filling pattern indicates the percentage of cases where the final tree in the
curve is plausible, compared to the highest-scoring tree (w.r.t. its log-likelihood on the
testing MSA) on the same curve, as assessed via the AU test on the testing MSA. If the
final tree is the highest-scoring one on the curve, it is directly marked as being plausible.
I further report the percentages of plausible final trees in parentheses along the x-axis
(for each slope sign category), and next to each tool label (aggregated across slope signs)
(Figure reproduced from [209]).

Table 5.1 summarizes the accumulated number of positive, negative, and zero slope
values, observed across all 90,620 dataset-splits of all 9,062 empirical MSAs (10 splits per
MSA). The table also reports the average number of each slope type per dataset. Our
results show that, across 10 inferences per MSA, an average number of 4–6 inferences
result in a zero slope on the final segment of the curve. The only exception is FastTree
that shows a majority of positive slopes for n = 20%N and n = 30%N . This aligns
with the earlier observation that FastTree might benefit from additional optimization.
Further, positive slopes represent the second most frequent slope type, both in terms
of accumulated counts, and average per-dataset values. On average, 0.5 to 1.5 more
inferences per MSA show positive, rather than negative slope values.

There may be instances, however, where the regression-based approach on the final
parts of the testing curves fails to capture the actual model-fit degradation (overfitting),
which manifests itself via a decrease in the testing log-likelihood score. One such scenario
arises when the optimal point occurs too early on the testing curve, and is therefore
excluded from the regression window (e.g., split 7 in Figure 5.3). Indeed, the sign test-
based approach identifies strong tendencies specifically in the final points of the testing
curves for each MSA. I deliberately did not compare the optimal point on the curve with
the final one. This is because, due to the “bumpy” nature of the (testing) log-likelihood
curves, the optimal point is of reduced value. Nevertheless, in Figure 5.17, I do present a
two-point comparison between the corresponding optimal and the final points. The Figure
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comprises barplots that correspond to the accumulated number of positive, negative, and
zero slope values, as observed across all 90,620 dataset-splits on empirical MSAs (10 for
each MSA, across 9,062 MSAs), for n = 20%N . In addition to these slope type counts, the
Figure also highlights the proportion of cases where the final ML tree is plausible (based
on the AU test on the testing MSA) compared to the highest-scoring tree residing on the
same testing log-likelihood curve. If the final tree is the highest-scoring one on the curve,
I immediately consider it as being plausible. For RAxML-NG (both standard and ES), in
88% of dataset-splits the final tree is statistically indistinguishable from the optimal tree
on the testing curve. In other words, under this plausibility test, overfitting is virtually
absent in 88% of the cases. Moreover, in ∼73% of dataset-splits with negative regression
slopes (for n = 20%N), the final and the optimal trees are statistically indistinguishable.
For dataset-splits with positive regression slopes, the final tree is statistically equivalent
to the optimal tree in 95% of cases, implying that in the remaining 5% the final tree is
significantly worse.

To explain instances where the final ML tree is non-plausible, despite of positive
or zero slope signs, we consider two main factors: (a) strong oscillations along the curve
(“bumpy” nature of the log-likelihood curves), and (b) scenarios where the highest-scoring
tree occurs early on the curve and is excluded from the regression window (see Figure 5.3).
These effects are, indeed, not captured by the sign test, and require additional trials
as well as data points to be accurately assessed. This slight discrepancy, however, is
expected when applying multiple statistical evaluation methods. On the other hand,
the comparative approach depicted in Figure 5.17 has a specific limitation relative to
the slope analysis using the sign test: because the optimal tree is always at least as
good as the final tree, the two-point comparison can only yield two outcomes: (i) a
significant difference, indicating overfitting, or (ii) a non-significant difference, indicating
a likelihood-equivalence plateau. It is therefore unable to detect a perpetually increasing
model-fit towards the final stages of optimization (i.e., positive slopes), which however is
equally important when examining the dynamics of the testing curves, and thus tends to
exaggerate overfitting trends.

At this point, I recap and synthesize my findings. The sign-test analysis (Sections 5.2.1
and 5.4.1) showed that ML tools do not exhibit a strong tendency to overfit. Even when
using thorough inference tools (RAxML-NG, IQ-TREE), topological overfitting is not
statistically expected. At the same time, the two-point comparison (Figure 5.17) showed
that in 12% of cross-validation splits (when using RAxML-NG), the model-fit degrada-
tion observed in the final tree is significant. This second result warns practitioners that,
even if overfitting is not statistically expected in most cases, a downstream analysis of
the inferred ML tree constitutes an important step of phylogenetic analysis. A fully re-
solved bifurcating tree can be over-parameterized, and some of its branches might not be
supported by the data, as discussed in in [14]. J. Felsenstein formalized this idea via the
so-called null-branch test [53]. The null-branch test is a likelihood-ratio test (LRT) whose
null hypothesis states that the length of a fixed inner branch is zero. If the null hypoth-
esis is not rejected, the branch is collapsed and yields a polytomy. Building on this idea,
the approximate likelihood-ratio test (aLRT; [5, 69]) derives branch support values from
likelihood comparisons and reports them as confidence-like measures on inner branches.
An alternative approach is the standard bootstrap method [51], which assesses the stabil-
ity of inner branches under random resampling of alignment sites with replacement, and
thus addresses a related, but conceptually distinct support notion. Several other meth-
ods have also been proposed to detect/eliminate overfitted branches [125, 172, 181, 183,



5.6. Methods 107

233], while an alternative strategy introduces regularization via a penalized log-likelihood
score [104]. Overall, while the impact of topological overfitting is not expected to be large,
practitioners should be aware of it and apply appropriate post-inference assessments.

Finally, the RAxML-NG HV benchmark (Section 5.4.2) highlights the limitations of
holdout-based Early Stopping in ML tree inference. First, HV consistently underper-
formed in terms of both, statistical plausibility (based on the AU test), and topological
accuracy, even when analyzing long MSAs. This is consistent with the previous ob-
servations, that is, that topological overfitting does not constitute an issue in ML tree
inference. Second, the HV versions did not yield any run time speedups over the ES
version. Therefore, randomly excluding a portion of the MSA during the inference, de-
creases the available phylogenetic signal and degrades the tree inference quality [204]. I
therefore recommend practitioners to conduct ML inference using the full MSA, either via
RAxML-NG for maximum accuracy, or the ES version as a faster, yet reliable alternative.

5.6 Methods

5.6.1 Tools
For the overfitting evaluation, I executed RAxML-NG and IQ-TREE under a thorough
setting. As discussed in Section 2.6.5 and Chapter 4, RAxML-NG uses a fixed log-
likelihood improvement threshold (ε) to determine convergence of the tree inference pro-
cess and subsequently terminate. I set an ε-threshold of 0.1 (--lh-epsilon 0.1 option)
in standard RAxML-NG executions, thereby protracting RAxML-NG’s tree search until
the log-likelihood improvements between consecutive SPR rounds fall consistently below
the specified value.

Moreover, as discussed in Chapter 4, an ε-value of 0.1 is considered as a rather thor-
ough setting in RAxML-NG. This value was the default in v1.1, yet was relaxed to 10
in v1.2, owing to the results of a systematic study [74], which showed that the original
value was unnecessarily strict. Similarly, IQ-TREE uses a fixed ε-threshold of 0.1 to
accept improvements in the current best-scoring topology; this parameter is not user-
configurable. IQ-TREE only terminates after 100 consecutive NNI rounds fail to yield
improvements, rendering its heuristic inherently exhaustive. Regarding continuous pa-
rameters, IQ-TREE performs full BLO on each candidate tree (see Section 2.6.6), while
thorough MPOs are conducted periodically, similar to RAxML-NG. Importantly, in all ex-
ecutions of RAxML-NG (including the ES and HV versions) and IQ-TREE, I accounted
for RHAS (see Section 2.5.3) using four discrete gamma categories, thus applying the
GTR+Γ model for DNA, and the LG+Γ model for AA MSAs. Overall, both RAxML-
NG and IQ-TREE employ thorough heuristics, combining strict ε-thresholds, exhaustive
topological searches, and repeated optimizations of continuous parameters.

Investigating systematic overfitting under thorough heuristics can be informative with
respect to whether the prolonged and compute-intensive optimization is justified, given
the risk of inferring models that capture both signal and noise. To provide a contrasting
perspective, I included FastTree in the comparison, which is a more superficial alterna-
tive. A brief overview of FastTree’s heuristic is provided in Section 2.6.7. Importantly,
FastTree does not account for gamma-distributed rate heterogeneity during tree search.
Instead, it employs a variant of the CAT approximation [150], which assigns each site
to a fixed, precomputed rate category (from up to 20 categories). I refer to this as a
variant because FastTree’s implementation differs from the original CAT approximation
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described in [190]. Although FastTree offers an option to optimize gamma rates (via
the -gamma option), this optimization is only applied to the final output tree and not
during the tree search. I disabled this option. I additionally reduced the number of fixed
rate categories to 4 (-cat 4 option). This modification was intentional, as reducing the
number of precomputed rate categories further simplifies the substitution model and ac-
centuates the contrast between FastTree’s superficial optimization strategy and the more
thorough ML heuristics evaluated in this study. Therefore, I used the GTR+CAT4 model
for DNA, and the LG+CAT4 model for AA MSAs. Overall, FastTree serves as a fast,
yet superficial alternative, which I opposed to thorough heuristics, in order to directly
compare overfitting trends under alternative ML tree inference strategies.

The final tool included in the statistical overfitting assessment is RAxML-NG ES.
The ES version deploys a simplified heuristic (sRAxML-NG) in combination with the
KH-multiple testing stopping criterion, and is described in detail in Section 4.2. RAxML-
NG ES provides a balance between thorough versus superficial heuristics, employing
a cautiously simplified topological optimization heuristic, while retaining the standard
continuous parameter optimization methods.

Finally, RAxML-NG HV is an iterative, holdout-based Early Stopping algorithm,
analogous to holdout methods in deep learning. After parsing the input MSA, HV ran-
domly splits the alignment into model-training and validation sites based on a user-defined
ratio. The algorithm conducts tree inference on the model-training sites, and monitors
convergence with the validation sites. The tree search heuristic employed by HV (on
the model-training sites) is almost identical to the sRAxML-NG heuristic, described in
detail in Section 4.2.1 and schematically depicted in Figure 4.1. Hence, the parame-
ter configuration of FAST/SLOW SPR rounds is identical to that of the sRAxML-NG
heuristic.

Specifically, HV first optimizes branch lengths and model parameters on the parsimony
starting tree. Next, it conducts a series of FAST SPR rounds (rmin := 1 and rmax := 10, see
Section 4.2.1), evaluating each resulting topology on the validation MSA. HV interrupts
this FAST-SPR sequence either when the validation log-likelihood decreases, or when
improvement is below an ε-threshold of 0.1. In either case, HV retains the topology
with the highest validation log-likelihood. The algorithm then conducts an MPO and
continues with a sequence of SLOW SPR rounds. Here, it terminates either when the
validation log-likelihood decreases, or does not improve, for at most k consecutive rounds.
I say at most k, because if no SPR move is performed within an SPR round, this indicates
that the topology is already SPR-optimal on the model-training MSA, and repeating the
SPR round is redundant. In such a case, HV interrupts the SLOW-SPR sequence, even
before reaching k rounds. After the SLOW SPRs, HV retrieves and prints the topology
with the highest validation log-likelihood to file.

5.6.2 Tree Sampling
The initial strategy was to apply the testing sites—and thereby devise testing curves—
on checkpoint trees printed by each tool under standard execution settings. However,
differences in heuristics and in the frequencies of recording such checkpoints resulted in
incomparable testing curves. To resolve this, I reduced the tree sampling process to the
most atomic level by storing all intermediate, accepted topologies which improve upon
the currently best log-likelihood score, as computed (i.e., approximated) by each tool.
This sampling strategy ensures consistency across tools and improves curve resolution for
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overfitting assessment. However, the ML tools used in this study do not provide built-in
options to record all accepted topologies in the manner described. Therefore, I modified
the source code of each tool to implement the above tree sampling strategy.

Implementing this fine-grained approach in RAxML-NG and FastTree was straight-
forward, whereas it proved to be more challenging for IQ-TREE. Both, RAxML-NG,
and FastTree operate on a single tree during the tree inference, upon which they ap-
ply topological moves using greedy, hill-climbing heuristics. Within an SPR round in
RAxML-NG, the algorithm prunes each subtree from the current tree and evaluates its
possible re-insertions into neighboring branches, up to a certain radius from the pruning
edge. The move that yields the highest score improvement, if such a move exists, is
accepted; at this point I sample the updated topology, and the algorithm proceeds to the
next subtree. The same sampling strategy is adopted in RAxML-NG ES, since the two
versions invoke the same SPR round function, differing only w.r.t. to the input parame-
ters. FastTree follows an analogous greedy approach (yet applies additional shortcuts),
and, hence, I sample every accepted topology on FastTree’s tree search trajectory.

The IQ-TREE heuristic differs substantially from the former tools, and hence the
sampling strategy needs to be different. I describe its tree search heuristic in Section 2.6.6.
The key difference is that IQ-TREE maintains a candidate tree set (CTS) during the tree
search, that is, a fixed-size population of locally (sub-)optimal trees. At the beginning
of every round, the algorithm randomly draws a tree from the CTS and applies random
NNI moves to it (perturbation), to escape from the local optimum. The perturbed tree
serves as input for the next hill-climbing NNI round. After each NNI round, both, the
CTS, and the best-found ML tree are updated accordingly. The process is repeated and
the algorithm terminates only after the best-found topology has remained unchanged for
a predefined number of consecutive rounds (100 by default).

Given the additional complexity of the IQ-TREE heuristic, it is challenging to re-
duce the tree sampling process to its most atomic level. Specifically, in cases where the
log-likelihood of the resulting topology after the application of multiple, sequential, con-
cordant NNI moves (see Section 2.6.6) improves upon the score of the currently best-found
ML tree, it is unclear via which move this so far best log-likelihood was surpassed. This
is because, the resulting topology is only evaluated once, after all concordant NNI moves
have been performed. Sampling only the final topology, which is guaranteed to improve
the log-likelihood, may result in undersampling. Consequently, the sampling strategy I
adopted for IQ-TREE involves sampling all intermediate topologies encountered during
the sequential application of concordant NNI moves, when this set of moves yields an
improved ML tree. This strategy might introduce a minor training curve oscillation.
While the resulting training curves may resemble a stochastic optimization process, the
generic trend remains increasing, capturing even marginal score improvements resulting
from topological moves.

Finally, the current study investigates overfitting trends for each tool independently.
That is, the devised testing curves are evaluated separately for each tool. The consistent
tree sampling strategy among tools allows for meaningful cross-comparisons, so as to
examine the effect of the specific heuristics employed by each method. The tool-dependent
approximations of log-likelihood score calculations for each visited topology directly affect
the search trajectories. For instance, RAxML-NG and IQ-TREE rely upon more accurate
likelihood calculations than FastTree, thereby guiding the search towards topologies that
do not systematically degrade model-fit (on unseen sites), whereas FastTree exhibits such
a degradation more frequently. However, the testing curves devised by RAxML-NG and
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FastTree exhibit greater similarity than those from IQ-TREE, rendering them directly
comparable. This is because the devised testing curves comprise an incremental sequence
of SPR-neighboring topologies, where each accepted topology is an SPR-neighbor of
its predecessor, yielding a smooth tree space trajectory. This is not the case for IQ-
TREE, and the apparent discontinuities in IQ-TREE testing curves may complicate direct
comparisons between IQ-TREE and the other tools.

5.7 Data and Software Availability
I implement both RAxML-NG HV, and the tree sampling algorithm, in a forked RAxML-
NG v1.2 repository. These modifications are available as open source code under GNU
GPL at https://github.com/togkousa/raxml-ng/tree/overfitting-early-s
topping. This repository further includes the modified version of FastTree v2.1 that
implements the sampling algorithm. FastTree is added as a separate folder of the same
repository and is available as open source code under GNU GPL. Finally, the sampling
algorithm has been integrated into IQ-TREE v2.3 and is available as open source code
under GNU GPL at https://github.com/togkousa/iqtree2/tree/overfitting.
Invocations for all tools are detailed in Section 5.3.2. All datasets and results generated
in this study are publicly available at https://cme.h-its.org/exelixis/material/o
verfitting_data.tar.gz.

https://github.com/togkousa/raxml-ng/tree/overfitting-early-stopping
https://github.com/togkousa/raxml-ng/tree/overfitting-early-stopping
https://github.com/togkousa/iqtree2/tree/overfitting
https://cme.h-its.org/exelixis/material/overfitting_data.tar.gz
https://cme.h-its.org/exelixis/material/overfitting_data.tar.gz
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6.1 Introduction
In this Chapter, I provide a full description of the default heuristic that RAxML-NG v2.0
deploys. As already mentioned in the Introduction (see Section 1.2), this new default
heuristic synthesizes ideas from the Adaptive (see Chapter 3) and the Early Stopping
(ES; see Chapter 4) versions. I call it the Hegelian heuristic, as it represents a trade-
off between speed and accuracy. In addition to the Hegelian heuristic, RAxML-NG v2.0
implements an alternative, fast heuristic, that enables rapid inference of very large phylo-
genies. This fast heuristic is essentially already described in Chapter 4, and it correspond
to the simplified heuristic (sRAxML-NG) combined with the KH-multiple testing stop-
ping criterion.

Therefore, this Chapter describes the novel RAxML-NG v2.0 heuristics. I further
describe a cost-free, algorithmic optimization that I implemented for the SPR rounds in
RAxML-NG v1.21, which yielded an average 1.7× speedup (and up to 5× on a dataset
comprising 7,664 taxa) over RAxML-NG v1.1. Finally, I present preliminary benchmark
results on the 222 empirical DNA MSAs used in Chapter 4 (Section 4.4.1). These are
preliminary benchmarks, because a comprehensive benchmark of RAxML-NG v2.0 is
planned for the corresponding upcoming paper, which we (as a lab) intend to submit
for peer-review in 2026. In this preliminary evaluation, the following tools/heuristics are
compared:

1. RAxML-NG v1.1;
2. the default Hegelian heuristic of RAxML-NG v2.0;
3. the default heuristic of IQ-TREE 3 [227];
4. the fast heuristic of RAxML-NG v2.0;
5. the VeryFastTree tool [148], which is a parallel implementation of FastTree 2 [148];
6. the fast tree search mode of IQ-TREE 3 [227].

Although all heuristics/tools are jointly compared, it is important to distinguish between
two groups: the thorough methods—RAxML-NG v1.1, the default Hegelian heuristic of
RAxML-NG v2.0, and the default heuristic of IQ-TREE—, and the fast alternatives—
the fast RAxML-NG v2.0 heuristic, VeryFastTree, and IQ-TREE’s fast mode. Faster
alternatives cannot reasonably compete with the thorough methods in terms of accu-
racy, just as the thorough methods do not match the faster ones in terms of speed. The
joint comparison is nevertheless informative, as it reveals the extent to which the fast
alternatives trade accuracy for speed, and which method attains the best trade-off. The
benchmark indicates that the fast RAxML-NG search strategy is the most effective accel-
erated heuristic, and outperforms the other fast alternatives, both in terms of accuracy,
and speed.

1See the RAxML-NG v1.2 GitHub release [112].
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Figure 6.1: (a) Number of random and parsimony starting trees that are used by the
Hegelian RAxML-NG heuristic to conduct independent tree inferences, as a function of
the difficulty score. (b) Adaptive SPR-regrafting radius parameter over the difficulty
score in RAxML-NG v2.0.

6.2 Personal Contributions to RAxML-NG v2.0
In this section, I initially describe all ML tree inference heuristics that can be invoked in
RAxML-NG v2.0. I then present the algorithmic optimization I introduced for the SPR
rounds, which consists in applying incremental CLV updates (see Section 2.6.5). In fact,
I substituted a full CLV recomputation by an incremental CLV update at a certain point
of the SPR round; namely, at the beginning of every SPR round iteration, before pruning
the next subtree and regrafting it onto candidate reinsertion edges (see Section 2.6.4).
This simple modification yielded an average 1.7× acceleration of RAxML-NG, which
scales with the number of taxa, without altering the results.

6.2.1 RAxML-NG v2.0 Heuristics
RAxML-NG v2.0 implements five ML tree inference heuristics that the user can invoke:
(i) the default Hegelian heuristic; (ii) the fast RAxML-NG heuristic; (iii) an adaptive-fast
heuristic alternative (described below); (iv) the standard RAxML-NG v1.2 heuristic; and
(v) the NNI round heuristic. In the following, I discuss these heuristics separately. Since
some of the heuristics have already been described in earlier Chapters, I refer the reader
to the corresponding Sections where appropriate.

The Default Hegelian Heuristic

Figure 6.1a shows the number of random and parsimony starting trees that RAxML-
NG v2.0 initiates by default, as a function of the input MSA’s difficulty score, predicted
by the Pythia v2.0 tool [75]. For both random and parsimony starting trees, the function
is a bell-shaped curve with a peak at a difficulty score of 0.5. The number of parsimony
starting trees reaches a peak of 10 at this difficulty level, whereas the number of random
starting trees peaks at 5. This is due to the observations made in Chapter 4 (see the
Discussion in Section 4.5), which question the overall utility of random starting trees. In
general, the contribution of random starting trees to obtaining the best-known tree is neg-
ligible, suggesting that their number should be reduced. However, extensive experiments
with ML heuristics while tuning the default RAxML-NG v2.0 heuristic revealed that,



6.2. Personal Contributions to RAxML-NG v2.0 113

Starting
Tree BLO MPO

FAST SPR(rmin , rmax)
L' = loglh(), T' = tree()

MPO Final
Tree

rmin = 1
rmax = min( 3·radaptive , 25)

NOYES

SLOW SPR (rmin , rmax)
L' = loglh(), T' = tree()

impr(T', T)
YES

rSLOW-SPR = min( radaptive , 7)
rmin = 1, 
rmax =  rSLOW-SPR 
L = loglh(), T = tree()

MPO

rmax < 2·rSLOW-SPR 

NO

rmin += rSLOW-SPR
rmax += rSLOW-SPR

NO

YES

L = loglh(), T = tree()

impr(T', T)

Figure 6.2: A schematic representation of the default RAxML-NG v2.0 tree inference
heuristic.

in some rare cases, inferences starting on random starting trees may yield significantly
better trees (based on the AU test) than searches starting on parsimony trees. Hence,
random starting trees cannot be entirely discarded. Empirical results indicate that a
peak of five random starting trees at a difficulty score of 0.5 is sufficient to consistently
infer plausible ML trees, compared to earlier versions of RAxML-NG.

Figure 6.1b shows the adaptive SPR-regrafting radius parameter as a function of the
difficulty score, hereafter denoted as radaptive. This parameter starts from a value of 5 for
a difficulty score of 0.0, and increases linearly to a value of 10 at a difficulty of 0.4. It
then remains constant up to a difficulty of 0.6, and then it decreases linearly again to a
value of 5 at a difficulty score of 1.0. The radaptive parameter determines the thoroughness
of each independent tree inference as a function of the difficulty score. Furthermore, it
is multiplied by different factors in the two distinct phases of the default RAxML-NG
heuristic (as well as in the adaptive-fast heuristic), to yield the minimum and maximum
SPR-regrafting radii (see below).

In the following, I assume that the reader is familiar with the concepts from Chapter 2,
and especially with Section 2.6, which provides a detailed description of the RAxML-
NG v1.x heuristic. In Section 2.6 the reader can find relevant information on, for example,
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the distinction between FAST and SLOW SPR rounds, or the continuous parameter
optimization routines in RAxML-NG, namely the Branch-Length Optimization (BLO)
and Model Parameter Optimization (MPO) rounds. These details are omitted here.

The default Hegelian heuristic of RAxML-NG v2.0 for each independent ML tree
inference is illustrated in Figure 6.2. The functions L = loglh() and T = tree(), shown
in the workflow blocks before and after SPR rounds, return the current best log-likelihood
score L and the corresponding current best tree T, respectively. After the initial BLO
and MPO rounds (which use the same settings as in RAxML-NG v1.2), the algorithm
executes two main phases:

1. The FAST SPR phase: The algorithm conducts a sequence of FAST SPR rounds
(see Section 2.6.4) with minimum and maximum SPR regrafting radii set to rmin :=
1 and rmax := min(3 · radaptive, 25), respectively. The value of radaptive is deter-
mined by the function shown in Figure 6.1b. The sequence of FAST SPR rounds
continues as long as the log-likelihood improvement between the tree T prior to
a FAST SPR round (with log-likelihood L) and the tree T′ after the SPR round
(with log-likelihood L′) is significant. The decision function impr(T, T′), illustrated
by the rhombus-shaped decision block in the workflow, determines whether the im-
provement is significant. This evaluation is performed either by using a fixed log-
likelihood ε-threshold, or statistically by employing the KH-based stopping criterion
(described in Chapter 4). By default, the Hegelian heuristic uses an ε-threshold of
ε := 10, which is the same as in RAxML-NG v1.2. Alternatively, the user may en-
able the KH-based stopping criteria via the --stop-rule KH option (for the simple
KH test) or the --stop-rule KH-mult option (for the KH test with multiple-testing
correction).

2. The SLOW SPR phase: After this sequence of FAST SPR rounds, the algorithm
performs an MPO round and enters the SLOW SPR phase, which is divided into
two stages. During the first stage (Stage I), the SPR round is invoked with rmin := 1
and rmax := min(radaptive, 7), respectively. The tree T (with log-likelihood L) prior
to Stage I is stored. After the SLOW SPR round, the resulting tree T′ (with log-
likelihood L′) is also stored. The two trees T and T′ are then compared using
the function impr(T, T′), in an analogous way as in the FAST SPR rounds (i.e.,
either using the default ε-threshold of 10, or a user-enabled statistical test). If the
improvement is significant, the algorithm returns to the state preceding Stage I,
otherwise it proceeds to Stage II. In Stage II, the SLOW SPR round is invoked
with rmin := rmax + 1 and rmax := 2 · rmax, respectively. Only the resulting tree after
the SPR round is stored as T′ (with log-likelihood L′), while the reference tree T
(with log-likelihood L) remains the tree prior to Stage I, that is, the tree before
the invocation of the SPR round with radii rmin := 1 and rmax := min(radaptive, 7),
respectively. The two trees T and T′ are then compared again. If the log-likelihood
improvement is significant, the algorithm returns to the state preceding Stage I.
Otherwise, the algorithm exits the sequence of SLOW SPR rounds, performs an
MPO round, and prints the best-found ML tree to file. In other words, the sequence
of SLOW SPR rounds only terminates when two consecutive SPR rounds (the first
with rmin := 1 and rmax := min(radaptive, 7), and the second with rmin := rmax + 1
and rmax := 2 · rmax, respectively) yield non-significant log-likelihood improvements,
with respect to the tree T prior to the first SPR round.
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In both FAST and SLOW SPR rounds, the default heuristic maintains a list of the
X := 20 best-scoring topologies encountered during the search. It re-evaluates all trees
in this list via full BLOs after the FAST/SLOW SPR round (see Section 2.6.5). This
parameter setting is identical to that used in RAxML-NG v1.2. Moreover, in both FAST
and SLOW SPR rounds, the subtree cutoff feature is enabled, with an initial threshold
value of ε0

cutoff = −L0 / 100 (see Section 2.6.5). This initial threshold is higher than in
RAxML-NG v1.2, where the corresponding value was set to −L0 / 1, 000. Practically,
this results in a larger number of SPR topologies being evaluated during the initial in-
vocation(s) of both the FAST and the SLOW SPR rounds. RAxML-NG v2.0 resets the
subtree cutoff threshold to its initial value after each MPO round, that is, before entering
the FAST and SLOW SPR phases.

Note that, in addition to the KH-based stopping criteria described in Chapter 4
and in the respective publication [211], the user can also invoke two additional stopping
criteria. For the Early Stopping project, I also experimented with statistical criteria that
attempt to quantify the MSA sampling noise. These stopping criteria are the Sampling
Noise Normal (SN-Normal; --stop-rule sn-normal) and the Sampling Noise RELL
(SN-RELL; --stop-rule sn-rell) criterion. I do not provide a description of those
criteria neither in this thesis nor in the respective publication, as their performance was
substantially inferior to that of the KH-based stopping criteria. Nevertheless, I provide a
full description of the methods, along with the (negative) benchmark results in my GitHub
repository: https://github.com/togkousa/raxml-ng/tree/stopping-criteria.

The Fast Heuristic

RAxML-NG v2.0 also implements a very fast search heuristic alternative, that is partic-
ularly useful for the rapid inference of very large phylogenies. This very fast mode essen-
tially combines the Simplified RAxML-NG heuristic (sRAxML-NG; see Chapter 4) with
the KH multiple-testing stopping criterion. A schematic representation of the sRAxML-
NG heuristic is shown in Figure 4.1. RAxML-NG v2.0 executes this very fast heuristic
by only conducting a single ML tree inference, initiated on a parsimony starting tree.

The user can invoke this fast heuristic via the --fast option. Alternatively, the
sRAxML-NG heuristic can be enabled by using the --opt-topology simpl option,
optionally in combination with the --stop-rule KH-mult option, which enables the
KH multiple-testing criterion. In effect, the --fast option serves as a shortcut for
this command combination. The sRAxML-NG heuristic can also be invoked using the
--opt-topology simpl option alone, without enabling the KH multiple-testing stop-
ping rule. In this case, sRAxML-NG uses a fixed log-likelihood threshold of ε := 10 to
determine tree search convergence.

Importantly, the --fast option also fixes the number of starting trees to 1 parsimony
tree and 0 random trees. By contrast, when using the --opt-topology simpl command,
the number of starting trees follows the default RAxML-NG v1.2 configuration, namely
10 parsimony and 10 random starting trees. To obtain an execution equivalent to the
--fast mode when using --opt-topology simpl, the user must additionally set the
number of parsimony starting trees to 1 via the --tree pars{1} option.

The Adaptive-Fast Heuristic

While developing and tuning the default tree inference heuristic in RAxML-NG v2.0, I
designed the so-called Adaptive-Fast heuristic. This heuristic is illustrated in Figure 6.3.

https://github.com/togkousa/raxml-ng/tree/stopping-criteria
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Figure 6.3: A schematic representation of the Adaptive-Fast tree inference heuristic in
RAxML-NG v2.0.

In terms of performance, the Adaptive-Fast heuristic is faster than the Hegelian heuristic
but substantially slower than the very fast heuristic. At the same time, its accuracy—
measured as the proportion of plausible ML trees inferred according to the AU test—is
situated between the Hegelian heuristic and the very fast mode. Since the Hegelian
heuristic outperformed the Adaptive-Fast heuristic in terms of accuracy, and the primary
goal was to provide the most accurate possible default heuristic, the Hegelian heuristic
was selected as the default. Nevertheless, RAxML-NG v2.0 still offers the Adaptive-Fast
heuristic, which can be invoked via the --opt-topology adafast option.

The Adaptive-Fast heuristic uses the functions illustrated in Figure 6.1a to determine
the number of starting trees as a function of the input MSA difficulty score. However, it
only uses parsimony starting trees. This means that it aggregates the numbers derived
from both bell-shaped curves in Figure 6.1a and uses their sum as the total number of
parsimony starting trees.

For each starting tree and after performing the initial BLO and MPO rounds, the
Adaptive-Fast heuristic is again divided into two SPR phases. In the FAST SPR phase,
the minimum and maximum SPR-regrafting radii are set to rmin := 1 and rmax := min(2 ·
radaptive, 25), respectively. The value of radaptive is determined by the function shown in
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Figure 6.1b. The sequence of FAST SPR rounds continues as long as the log-likelihood
improvement between the tree T prior to a FAST SPR round (with log-likelihood L)
and the tree T′ after the SPR round (with log-likelihood L′) remains significant. The
decision function impr(T, T′) determines whether the improvement is significant, and
uses the KH-multiple testing stopping rule as a default criterion. The user may modify
this behavior by selecting, for example, the KH-simple criterion via --stop-rule KH, or
by entirely disabling the statistical stopping criteria via the --stop-rule off option; in
the latter case, an ε-threshold of ε := 10 is used to assess convergence. If the improvement
is insignificant, the algorithm exits the FAST SPR phase.

Next, the algorithm performs an MPO round, followed by an NNI round. The NNI
round is described in detail in Section 2.6.4. Subsequently, the Adaptive-Fast heuristic
enters the SLOW SPR phase. In this phase, it sets rmin := 1 and rmax := radaptive, again
as determined by the function shown in Figure 6.1b. Analogously to FAST SPR rounds,
the sequence of SLOW SPR rounds continues as long as the log-likelihood improvement
between the tree T prior to a SLOW SPR round (with log-likelihood L) and the tree T′

after the SPR round (with log-likelihood L′) is significant (see above). When the sequence
of SLOW SPR rounds terminates, the algorithm conducts a final MPO and returns the
best-found ML tree.

In both FAST and SLOW SPR rounds, the Adaptive-Fast heuristic maintains a list
of the X := 20 best-scoring topologies, similar to the Hegelian heuristic. Moreover, in
both FAST and SLOW SPR rounds, the subtree cutoff is enabled, with an initial value of
ε0

cutoff = −L0 / 1, 000 (see Section 2.6.5), matching the setting used in RAxML-NG v1.2.
This initial threshold is reset at the beginning of both FAST and SLOW SPR phases.
Finally, the NNI tolerance parameter is set to εNNI := 1.0 (see Section 2.6.4); this value
is increased compared to the Adaptive RAxML-NG heuristic, where the corresponding
εNNI parameter is 0.1.

The benchmark results presented in Section 6.4 do not include the Adaptive-Fast
heuristic. Since this heuristic was not selected as the default, it is more informative to
focus the comparison on the advantages of the default Hegelian heuristic over earlier
RAxML-NG versions and other ML tools, as well as on the performance of the very fast
heuristic. As already mentioned, the benchmark results presented here are preliminary,
and a more comprehensive evaluation is planned for the upcoming RAxML-NG v2.0
paper.

The Standard RAxML-NG v1.2 Heuristic

RAxML-NG v2.0 allows to invoke the standard heuristic of RAxML-NG v1.2 via the
--opt-topology classic option. This heuristic is described in detail in Section 2.6.5.
The only difference compared to v1.2 is that, in RAxML-NG v2.0, the number of ran-
dom and parsimony starting trees is determined by the bell-shaped functions shown in
Figure 6.1. Hence, a difficulty prediction on the input MSA is performed by Pythia in
the beginning.

The NNI Round

The final ML tree inference heuristic offered by RAxML-NG v2.0 is the NNI round. This
heuristic can be invoked using the --opt-topology nni-round option. By default, the
numbers of random and parsimony starting trees to be generated are determined by the
bell-shaped functions shown in Figure 6.1a. Hence, a difficulty prediction of the input
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MSA is performed by Pythia in the beginning. For each starting tree, the algorithm first
performs an MPO round and subsequently invokes the NNI round, as described in detail
in Section 2.6.4, using an NNI tolerance of εNNI := 1.0. Once a local NNI optimum is
reached, the algorithm performs a full BLO round and returns the resulting NNI-optimal
tree.

This heuristic is particularly useful when the user has already inferred an optimal or
near-optimal tree (for example, stored in a file called user.tree) using any tree inference
method, and intends to compute SH-aLRT branch support values [69]. RAxML-NG v2.0
implements this branch support metric via the --sh option. Since the SH-aLRT test
assumes an NNI-optimal input tree, the user must first refine the topology using the NNI
option, to ensure NNI-optimality. The SH-aLRT test can then be applied to the resulting
tree. A complete command for this workflow is:
./raxml-ng-2 --msa {msa} --model {model} --tree user.tree
--opt-topology nni-round --sh

6.2.2 Optimization in the SPR Round
In an SPR round, when RAxML-NG evaluates a visited SPR-topology (i.e., a topology
resulting from an SPR move), it does not perform a full CLV recomputation. Instead, it
employs incremental CLV updates, that are described in detail in Section 2.6.5. In brief,
for a given SPR-topology, not all CLVs need to be recomputed in order to evaluate its
log-likelihood. For example, in an SPR move where a subtree P is pruned from branch
b1 and re-inserted into a different branch b2, the two trees before and after the SPR
move have at least one (and typically not only one) common subtree, namely the subtree
P itself. For all such common subtrees, the respective CLVs, which descend from the
subtree’s root towards their taxa, remain unaffected by the move, and do therefore not
require an update. RAxML-NG can efficiently identify the subset of CLVs that must be
recomputed via the incremental CLV updating mechanism.

As described in Section 2.6.4, when RAxML-NG invokes the SPR round routine, the
algorithm first performs a full tree traversal starting from the current (virtual) root node,
using Left-Child Moves (LCMs), Right-Child Moves (RCMs), and a single Root-Back
Move (RBM). During this traversal, it stores all the inner nodes of the tree topology. For
each node-pointer u in the stored list, the algorithm:

1. Re-roots the tree to node u and updates all CLVs with respect to the new root.
2. Prunes the corresponding subtree with root u (the one that extends in the direction

of LCM and RCM traversal moves, see Section 2.6.5) and evaluates its possible
reinsertions into neighboring branches.

3. The move that yields the highest likelihood improvement, if such a move exists, is
accepted.

4. The algorithm proceeds to the next node-pointer in the list and returns to Step 1,
until the list is empty.

While experimenting with coraxlib [47], I observed that the CLV updates after the re-
rooting step (Step 1 above) were not incremental. Instead, RAxML-NG computed all tree
CLVs from scratch in Step 1, while at the same time, the CLV computations performed
in Steps 2–3 were all incremental. I therefore replaced the full CLV recomputation in
Step 1 with an incremental CLV update and conducted benchmark experiments to assess
the runtime gains achieved by this modification.

As a benchmark dataset, I used a collection of empirical datasets provided by my
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Dataset Taxa Sites Patterns Speedup
59.phy 59 6,951 3,230 1.00
94.phy 94 270,580 251,152 1.08
101.phy 101 1,857 1,629 1.09
125.phy 125 29,149 19,436 1.04
140.phy 140 1,104 1,041 1.20
150.phy 150 1,269 1,130 1.11
218.phy 218 2,294 1,846 1.21
354.phy 354 460 348 1.20
404.phy 404 13,158 7,429 1.11
479.phy 479 1,371 1,011 1.16
500.phy 500 1,398 1,193 1.50
628.phy 628 1,228 1,033 1.25
714.phy 714 1,241 1,231 1.40
775.phy 775 4,519 3,838 1.52
994.phy 994 5,533 3,363 1.55
1288.phy 1,288 1,200 1,132 1.74
1481.phy 1,481 1,241 1,241 1.86
1512.phy 1,512 1,577 1,576 1.60
1604.phy 1,604 1,276 1,275 1.74
1718.phy 1,718 1,371 1,310 1.70
1908.phy 1,908 1,424 1,209 1.90
2000.phy 2,000 1,251 1,251 2.00
2308.phy 2,308 1,224 1,184 1.47
2445.phy 2,445 1,371 1,351 1.82
2554.phy 2,554 1,232 1,232 2.07
3782.phy 3,782 1,371 1,370 2.06
4114.phy 4,114 1,263 1,263 2.16
6718.phy 6,718 1,122 1,122 3.13
7664.phy 7,664 851 851 4.99

Table 6.1: Per-dataset speedups attained through incremental CLV updates after re-
rooting in the SPR round. For each dataset, the number of taxa, sites, and patterns is
displayed.
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Figure 6.4: Scatter plots showing the speedups attained through incremental CLV
updates after re-rooting in the SPR round, as a function of (a) taxa, (b) sites, and (c)
patterns. In subplots (b) and (c), the x-axes are shown on a logarithmic scale.

supervisor, Alexandros Stamatakis [189]. This dataset has been used to benchmark
RAxML in one of the classic RAxML publications [197]. For each dataset, I conducted
two tree inferences using RAxML-NG v1.1, using the same random starting tree. The
first inference used incremental CLV updates after the re-rooting step in the SPR round
(Step 1), while the second one performed full CLV recomputations. I used 4 threads
for both tree inferences. As test platform I used an Intel(R) Xeon(R) Platinum 8260 48
double-core processor running at 2.4 GHz.

The runtime improvements are shown in Figure 6.4. Speedups scale linearly with the
number of MSA taxa, whereas no clear trend is observed with respect to the number of
MSA sites or patterns. The speedup values are also reported numerically in Table 6.1.
As shown in the Table, replacing the full CLV recomputation with incremental CLV
updates after re-rooting the tree in the SPR round, yields a speedup of up to 5× for the
dataset with 7,664 taxa. This optimization was integrated into RAxML-NG v1.2 (see the
respective version release on GitHub [112]).

6.3 Benchmarking RAxML-NG v2.0
The following experiments were conducted by fellow lab member Dimitri Höhler. He used
PhyloSmew [89], a pipeline he developed to benchmark phylogenetic inference tools. In
the next Section I present preliminary benchmark results for 222 empirical DNA MSAs
sampled from TreeBASE [147], which were also used to benchmark the ES version of
RAxML-NG [211] (see Chapter 4). The PhyloSmew pipeline failed for one dataset, which
was therefore excluded from the analysis, yielding a total of 221 empirical DNA MSAs.
For each input MSA, the following tools were executed:

1. RAxML-NG v1.1;
2. RAxML-NG v2.0 (default);
3. IQ-TREE 3 [227] (default);
4. the fast heuristic of RAxML-NG v2.0 (--fast option);
5. VeryFastTree [148], the parallel implementation of FastTree 2;
6. the fast tree search mode of IQ-TREE 3 [227], which conducts a substantially

accelerated version of IQ-TREE’s NNI heuristic.
Each tool/version conducts a different number of independent tree searches. Specifically,
RAxML-NG v1.1, by default, conducts 20 independent tree searches, with 10 random and
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10 parsimony starting trees, whereas the default RAxML-NG v2.0 heuristic determines
the number of tree searches from the input MSA’s Pythia score, using the functions
shown in Figure 6.1a. The fast mode of RAxML-NG only conducts a single tree inference
using a parsimony starting tree. Further, the default heuristic of IQ-TREE 3 begins by
generating 99 parsimony and one BioNJ tree [61], which populate the initial candidate
tree set (see Section 2.6.6), whereas the fast IQ-TREE mode initializes the candidate set
with only one parsimony tree and one BioNJ tree. Finally, VeryFastTree performs a single
tree inference on a starting tree generated via a heuristic variant of the Neighbor-Joining
algorithm [151]. The number of tree searches was left unchanged for each tool/version.

The PhyloSmew pipeline exclusively focuses on the best ML trees (i.e., the output
trees) inferred by each tool/version. After completing the tree inferences and collecting
the best ML tree from each tool, PhyloSmew re-evaluates all six trees using RAxML-
NG v2.0. The tree with the highest re-evaluated log-likelihood serves as the reference tree
for the dataset. PhyloSmew statistically compares the six trees using the AU test [178],
as implemented in the CONSEL tool [179]. Here, a ML tree is considered to be plausible
if at least one of the following conditions holds: (a) the AU test p-value exceeds 0.05;
(b) its log-likelihood score after re-evaluation is less than 0.5 units worse than that of
the reference tree; or (c) it is topologically identical to the reference tree. Conditions (b)
and (c) are important to avoid numerical instabilities in CONSEL, especially when the
log-likelihood scores of two trees under comparison are very similar.

I then aggregate the number of datasets for which each tool/version yielded a plausible
ML tree, and use this number as the accuracy metric for the evaluation. Additionally, I
compare the runtimes of all tools relative to RAxML-NG v1.1, which conducts the most
thorough tree search and is therefore expected to be the slowest. Importantly, Dimitri
Höhler executed each tool/version twice; once using 4 threads, and once using 8 threads.
All tools inferred identical trees under both configurations; the only difference was their
relative runtime compared to RAxML-NG v1.1, which also reflects how well each tool
scales when more threads are being used. This benchmark was conducted on one of our
lab servers, equipped with two AMD EPYC 9684X (Genoa-X) processors, each with 96
physical cores and two threads per core, operating at a maximum frequency of 3.72 GHz.
The operating system is Ubuntu 24.04.

6.4 Results

Figure 6.5 illustrates the proportion of plausible trees for each tool/version, across 221
empirical DNA MSAs from TreeBASE. In this Figure, the tools/versions are grouped
into two categories: (a) the thorough tools, which are RAXML-NG v1.1, the default
RAxML-NG v2.0 search heuristic, and the default IQ-TREE 3 search heuristic; and
(b) the faster alternatives, that is, the fast RAxML-NG v2.0, the fast IQ-TREE 3, and
VeryFastTree. Both RAxML-NG v1.1 and the default RAxML-NG v2.0 heuristic inferred
plausible ML trees for all datasets (100%). The performance of the default IQ-TREE 3
heuristic is slightly worse, yielding plausible trees for 96.4% of the datasets (213 out of
221 MSAs). Interestingly, the fast mode of RAxML-NG substantially outperforms both
fast IQ-TREE 3 and VeryFastTree, while achieving an inference accuracy comparable to
that of default IQ-TREE 3. Specifically, fast RAxML-NG v2.0 inferred plausible trees
for 211 out of 221 MSAs (95.5%), whereas fast IQ-TREE 3 and VeryFastTree yielded
plausible trees for only 95 (43%) and 20 (9%) out of 221 MSAs, respectively.
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Figure 6.5: Plausibility assessment results on 221 empirical DNA MSAs. The tools/ver-
sions are grouped into two categories: the thorough tools (RAxML-NG v1.1, RAxML-
NG v2.0 default, and IQ-TREE 3 default), and the faster alternatives (fast RAxML-
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Figure 6.6: Plausibility assessment results on 221 empirical DNA MSAs, across four
MSA difficulty bins. Each subplot corresponds to a distinct MSA difficulty range. At
the top of the bars, the percentage of datasets on which the respective tool inferred a
plausible tree is reported.
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Figure 6.7: Speedup distributions of RAxML-NG v2.0 (default and fast modes), IQ-
TREE 3 (default and fast modes), and VeryFastTree relative to RAxML-NG v1.1, on
221 empirical DNA MSAs, when using 4 threads. The average speedup for each tool is
also reported above or below the respective boxplot, depending on the available space.
The vertical axis is shown on a logarithmic scale.
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Figure 6.8: Speedup distributions of RAxML-NG v2.0 (default and fast modes), IQ-
TREE 3 (default and fast modes), and VeryFastTree relative to RAxML-NG v1.1, on
221 empirical DNA MSAs, when using 8 threads. The average speedup for each tool is
also reported above or below the respective boxplot, depending on the available space.
The vertical axis is shown on a logarithmic scale.
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Figure 6.6 presents the same plausibility results as Figure 6.5, but here the results are
stratified into four distinct MSA difficulty bins. Fast RAxML-NG v2.0 exhibits strong
performance on MSAs with difficulty scores of up to 0.75, achieving accuracy rates of
up to 98%. However, its accuracy drops to 20% on more challenging MSAs. A similar
trend is observed for default IQ-TREE 3, whose accuracy decreases to 40% on these
difficult datasets. On the other hand, only five MSAs fall within this highest difficulty
range ([0.75, 1.0]). As already mentioned in Section 2.8, datasets with difficulty scores
higher than 0.8 are rather rare, and this is due to an inherent—yet minor—drawback of
the current definition of the Pythia score (also described in the Supplementary Material
of [210]). Regardless, the phylogenetic signal in those MSAs is extremely weak, and even
the plausible trees (as indicated by the AU score) cannot be interpreted as being robust
solutions, since their (e.g., bootstrap) support from the data is limited.

Finally, Figures 6.7 and 6.8 illustrate the speedup distributions of RAxML-NG v2.0
(default and fast modes), IQ-TREE 3 (default and fast modes), and VeryFastTree relative
to RAxML-NG v1.1. Figure 6.7 presents the speedups when all tools are executed using
4 threads, whereas Figure 6.8 shows the corresponding results for 8 threads. In both
cases, the default RAxML-NG v2.0 is on average ∼7× faster than RAxML-NG v1.1, and
consistently outperforms default IQ-TREE 3, whose speedup is on average 3.6× for 4
threads, and 2.7× for 8 threads. Both the default and the fast RAxML-NG v2.0 modes
scale better on more threads than the remaining tools. Specifically, with 4 threads, fast
RAxML-NG v2.0 achieves an average speedup of 203×, compared to 123× for fast IQ-
TREE 3, and 220× for VeryFastTree, respectively. When using 8 threads, the average
speedups are 162× for fast RAxML-NG v2.0, 98× for fast IQ-TREE 3, and 146× for
VeryFastTree, respectively. Overall, the runtime of fast RAxML-NG v2.0 is comparable
to that of VeryFastTree (and is even lower when using 8 threads), and it consistently
outperforms the fast IQ-TREE 3 heuristic. At the same time, its accuracy is directly
comparable to that of thorough methods and substantially better than that of other
fast alternatives, indicating that fast RAxML-NG v2.0 achieves a more favorable speed
vs. accuracy trade-off.

6.5 Discussion
I presented my personal contributions to the second major version of RAxML-NG, which
is the main tool that our lab actively develops and maintains. I designed the default
RAxML-NG v2.0 heuristic by synthesizing ideas from both the Adaptive and the Early
Stopping (ES) versions, and call it the Hegelian heuristic, as it provides a fair balance
between speed and accuracy.

RAxML-NG v2.0 initiates the phylogenetic analysis by invoking Pythia, which rapidly
predicts the difficulty score of the input MSA. The Pythia score is a reliable quantifica-
tion of the phylogenetic signal that the input MSA contains. Based on the predicted
Pythia score, RAxML-NG v2.0 determines the number of independent tree searches to
conduct, as well as the thoroughness within each tree search. The search heuristic that
RAxML-NG v2.0 deploys within each tree search was re-designed, and substantially dif-
fers from that of RAxML-NG v1.1. In particular, the AUTODETECT SPR rounds of
RAxML-NG v1.1 (see Section 2.6.5) were discarded. The new heuristic more closely re-
sembles the sRAxML-NG algorithm, which was originally developed as the underlying
heuristic for evaluating the ES criteria. It comprises two sequences of SPR rounds—a
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FAST phase followed by a SLOW phase—where the maximum SPR regrafting radius is
determined as a function of the Pythia score, and directly reflects the intended search
thoroughness. In addition, RAxML-NG v2.0 provides a fast heuristic alternative for the
rapid, yet still sufficiently accurate, estimation of large phylogenies. The fast heuristic
is the combination of the sRAxML-NG heuristic with the KH-multiple testing stopping
criterion (see Chapter 4).

I also presented preliminary benchmark results on 221 empirical DNA MSAs from
TreeBASE, conducted by fellow lab member D. Höhler. In this evaluation, both the
default and fast RAxML-NG v2.0 modes were compared against thorough methods
(RAxML-NG v1.1 and default IQ-TREE 3), as well as faster alternatives (fast IQ-TREE 3
and VeryFastTree). Default RAxML-NG v2.0 matches the accuracy of RAxML-NG v1.1
(long regarded as the gold-standard among ML phylogenetic inference tools in terms of
accuracy), while being on average 7× faster. It also consistently outperforms default
IQ-TREE 3 in terms of accuracy, while achieving an approximately twofold speedup.
The fast mode of RAxML-NG v2.0 attains accuracy comparable to that of default IQ-
TREE 3, and is therefore substantially more accurate than the other fast alternatives
(fast IQ-TREE 3 and VeryFastTree). At the same time, it surpasses these methods re-
garding runtimes when using 8 threads. Overall, fast RAxML-NG v2.0 is on the order of
∼200× faster than RAxML-NG v1.1.

6.6 Data and Software Availability
A beta version of RAxML-NG v2.0 has already been released on the official RAxML-NG
GitHub repository and is available under GNU GPL at: https://github.com/amk
ozlov/raxml-ng/releases/tag/2.0-beta3. The official version release is planned
for the upcoming RAxML-NG v2.0 paper. The DNA datasets used for the preliminary
benchmarking correspond to the already published datasets from the Early Stopping
study [211], and are available for download from the Dryad Digital Repository: https:
//doi.org/10.5061/dryad.8gtht76zz.

https://github.com/amkozlov/raxml-ng/releases/tag/2.0-beta3
https://github.com/amkozlov/raxml-ng/releases/tag/2.0-beta3
https://doi.org/10.5061/dryad.8gtht76zz
https://doi.org/10.5061/dryad.8gtht76zz


7. Parallel Gentrius

This Chapter is based on the following peer-reviewed conference paper:

• Anastasis Togkousidis, Olga Chernomor, and Alexandros Stamatakis. “Parallel In-
ference of Phylogenetic Stands with Gentrius.” 2023 IEEE International Paral-
lel and Distributed Processing Symposium Workshops (IPDPSW) (pp. 139-148).
IEEE.

Contributions: Anastasis Togkousidis designed and implemented the parallelization of the
Gentrius algorithm, and also conducted the benchmarking experiments. Olga Chernomor
was the main developer of the sequential version of Gentrius. Alexandros Stamatakis
supervised the project and helped with the writing of the paper.

In Section 2.11, I introduced the concept of stands and explained how they arise in
phylogenetic tree space. In short, stands emerge due to missing data in multi-locus MSAs.
They are sets of trees that are compatible with the corresponding incomplete per-locus
trees. I also linked stands with the concept of terraces, that is, sets of trees that have
analytically identical optimality scores. Indeed, under many common scoring criteria,
the trees from a stand exhibit identical scores and therefore constitute a terrace. For
example, when evaluating the trees on a stand using the log-likelihood score under the
supermatrix framework with unlinked branch lengths (see Section 2.5.4), all stand trees
yield equal log-likelihood scores [166]. Consequently, identifying stands and determining
their sizes is of crucial importance for a robust phylogenetic inference.

Chernomor et al. developed Gentrius [28], a branch-and-bound algorithm that enu-
merates all stand trees given a set of unrooted incomplete per-locus trees (see Section 7.1).
Despite its efficiency, the pattern and proportion of missing data in multi-locus datasets
can still induce extremely long execution times. This motivates the development of a
parallel version of Gentrius, to accelerate the enumeration of trees on a stand by utiliz-
ing all available CPUs. The Chapter begins with an introduction and brief overview of
the Gentrius algorithm. I then describe the parallel version of the Gentrius algorithm,
which utilizes a thread-pooling mechanism so as to maintain threads that finish early in
busy-wait mode, such that they can contribute to solving long-running tasks. Finally, I
present a comprehensive benchmark evaluation of the parallel implementation.

7.1 Introduction

Multi-locus datasets are typically represented as partitioned MSAs (see Section 2.5.4),
where per-gene MSAs are assembled/concatenated into a large supermatrix that is typi-
cally divided into disjoint partitions. Partitioned MSAs often exhibit patches of missing

126
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data. That is, for certain taxa and loci, the alignment may exclusively contain gap char-
acters. This is because species may have no data present at a specific locus, either due
to sampling issues, or because the target locus is simply absent from the genome of the
respective species. Consider any such partitioned MSA comprising n taxa and p parti-
tions, and let Y denote the full set of taxa. Given such multi-locus dataset, one may,
for example, infer incomplete per-locus ML trees using RAxML-NG. A stand is defined
as the set of all complete species trees on Y that are compatible with the incomplete
per-locus (sub-)trees (see Sections 2.1.2 and 2.11).

Alternatively, one may start from a known (complete) species tree on Y , for instance
derived from prior knowledge. Let T be such a binary tree on Y . Data availability
in multi-locus datasets is typically denoted via a presence-absence matrix (PAM). Its
elements are 1’s and 0’s, indicating the presence or absence of data for each species and
locus. Let Yi ⊆ Y be the subset of available taxa for locus i, as indicated by the PAM.
Hence, Y = ⋃p

i=1 Yi, where p is the number of partitions/loci. For each locus i, let Ti be
the induced subtree of T on Yi, that is, Ti = T |Yi (see Section 2.11). This again yields a
collection of incomplete per-locus subtrees, which can be used to enumerate stand trees.
In this second scenario, the stand is guaranteed to comprise at least one tree, namely T ,
which displays the induced per-locus subtrees for every Yi ⊆ Y .

Missing data are rather common in multi-locus empirical datasets. The RAxML
Grove v0.7 database [39, 90] contains 7,295 empirical, partitioned multi-gene datasets,
4,959 (68%) of which have a non-zero proportion of missing data, and 1,390 (19%) a
missing data proportion exceeding 30%. Identifying stands/terraces in such datasets
constitutes an important step, both when searching tree space, and when post-analyzing
the tree inference results. The presence of terraces indicates that a single inferred tree
only represents one among many equally good solutions. The first systematic attempt
for detecting stands was the implementation of the SUPERB algorithm [30] in a python
tool called terraphy [236]. Thereafter, Biczok et al. [15] developed two efficient and
independent C++ implementations of the same algorithm. The main limitation is that
the original SUPERB algorithm is defined on rooted trees. In practice, though, almost
all “classic” phylogenetic inference tools and methods return unrooted trees. In order
to consistently root these unrooted trees, tools implementing the SUPERB algorithm
require the input dataset to contain at least one so-called comprehensive taxon, that is,
a taxon that has data for all partitions of the MSA.

The Gentrius algorithm [28], developed by O. Chernomor, constitutes a novel ap-
proach to enumerate trees on a stand from a set of unrooted, incomplete trees. Gentrius
is a branch-and-bound type algorithm, and improves upon two aspects over the previ-
ous methods; it directly operates on unrooted trees and does not rely on the presence
of a comprehensive taxon to conduct the enumeration. Gentrius is implemented in IQ-
TREE [131] in C++ and is executed sequentially. However, the computational complexity
of building stands for unrooted trees is intractable [21], and the number of stand trees can
grow exponentially with the number of taxa [19]. Both aspects, that depend on the input
tree and PAM, contribute to excessive running times even when attempting to obtain a
lower bound on stand size.

To this end, I developed a parallel shared memory version of Gentrius that deploys
a thread-pooling approach. That is, active threads continuously create and push new
tasks into a queue, while inactive threads—those that have finished their jobs—remain
in waiting mode until a new task becomes available in the queue. Essentially, each
thread enumerates a fraction of the overall trees on the stand, and the entire stand size
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is determined by summing over those individual calculations. The experimental results
(see Section 7.5) yield linear parallel speedups up to 16 cores, on both simulated and
empirical data.

7.2 The Gentrius Algorithm

7.2.1 Background
Gentrius is a deterministic, branch-and-bound algorithm that generates all trees on a
stand, given a set of incomplete, unrooted subtrees. One of these subtrees serves as the
initial tree, which is called the agile tree. The algorithm uses the principle of stepwise
taxon insertion, meaning that taxa which are not present in the initial agile tree are
inserted sequentially into it, until it comprises the union of taxa contained in the set
of subtrees. The incomplete subtrees are also called constraint trees, since they restrict
taxon insertion positions because they need to comply with the compatibility condition.
There might be multiple edges where the non-present taxon can be inserted into the
agile tree. For the enumeration of all stand trees, Gentrius tests all possible edges by
successively inserting, removing, and re-inserting (on a distinct branch) taxa into the
agile tree (see Figure 7.1). The standard output of the Gentrius algorithm is the number
of trees on the stand and their topologies in Newick tree format.

A second Gentrius input option is to provide a complete species tree inferred, for
instance, through some phylogenetic method, together with a PAM. Gentrius will then
extract the set of induced subtrees from this species tree. Each induced subtree is obtained
by removing the taxa with zero entries for the corresponding locus in the PAM. This set
of induced trees now constitutes the initial set of constraint trees described above, and
serves as a starting point for the algorithm.

A new taxon can only be inserted into admissible branches. A branch is called admis-
sible, if, after the taxon insertion, the agile tree extended thereby is pairwise compatible
with every constraint tree. One can effectively identify the set of admissible branches
for each taxon by using the so-called double-edge mapping approach, which is described
in detail in the Supplementary Material of [28]. Briefly, for each agile-constraint tree
pair, Gentrius constructs their common subtree and maps the branches of the agile tree
and constraint tree onto the branches of the common subtree. These mappings follow
precise rules to comply with the compatibility criteria1. Both mappings are surjective,
meaning that for every branch in the common subtree, there is at least one branch in
the agile tree (and the constraint tree as well) that is being mapped onto it. Multiple
branches, though, from the agile/constraint tree can be mapped onto a single branch in
the common subtree. For taxon insertion, Gentrius maps its incident branch from the
constraint tree that contains this taxon, onto a branch b̂ in the common subtree. Next,
the set of admissible branches is determined via the inverse mapping of b̂ onto the agile
tree. In case a taxon occurs in more than one constraint trees, the intersection of the
corresponding individual branch sets is taken. After each taxon insertion or removal, the
double-edge mappings are updated.

I define a state of the algorithm to be the current agile tree, together with the set of
constraint trees, the common subtrees, and the corresponding mappings at a given point

1I do not describe the mapping rules here, since they are very technical and not relevant for the
parallelization of Gentrius.
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Algorithm 1 generateStandTrees (state, list_of_taxa, step)
1: taxon ← getNextTaxon (state, list_of_taxa, step)
2: branches ← getAllowedBranches (state, taxon)
3: for branch in branches do
4: new_state ← extendTaxon (state, taxon, branch)
5: generateStandTrees (new_state, list_taxa, step + 1)
6: if no more taxa then
7: standTrees ← standTrees + 1
8: end if
9: state ← removeTaxon (new_state, taxon)

10: end for

in time. Moreover, an intermediate state is a state where the current agile tree is still
incomplete (i.e., some taxa have not been inserted yet).

7.2.2 The Algorithm
The core of the Gentrius algorithm is the recursive generateStandTrees() function in
Algorithm 1. The functions, by order of appearance, are:

• generateStandTrees(): The main recursive function. Its arguments are the algo-
rithm state, the list of taxa to be inserted, and an integer step which indicates the
recursion depth.

• getNextTaxon(): Takes as input the algorithm state, the list of taxa to be inserted,
and the integer step. It returns the next taxon to be inserted into the agile tree,
based on a dynamic taxon insertion heuristic (see below).

• getAllowedBranches(): Takes as input the algorithm state and the taxon to be
inserted. Returns the set of admissible branches based on the double-edge map-
pings.

• extendTaxon(): Takes as input the algorithm state, the taxon to be inserted and
the admissible branch. It inserts the taxon into the agile tree, updates the double-
edge mappings and returns the new algorithm state.

• removeTaxon(): Takes as input the algorithm state and the taxon to be deleted.
It removes the taxon from the agile tree, updates the double-edge mappings, and
returns the updated (previous) state.

An example of the Gentrius workflow is provided in Figure 7.1a. Under this simple
scenario, Gentrius inserts taxa a and b, which are initially missing from the incomplete
agile tree, into all possible combinations of admissible branches. It begins by inserting
taxon a, and then proceeds to taxon b. In the example of Figure 7.1a, the algorithm
counts four stand trees in total.

The simple example illustrated in Figure 7.1b shows that it is impossible to know the
set of admissible branches for all taxa a priori. Chernomor et al. argue that the choice
of the initial agile tree and the taxon insertion order directly affect the efficiency of
Gentrius [28]. The efficiency is determined by the number of all generated intermediate
states that Gentrius visits, as well as the the number of dead ends. A dead end is
defined as an intermediate state where at least one of the remaining taxa cannot be
inserted into the agile tree without violating the compatibility condition. In this case,
the algorithm removes the last inserted taxon from the agile tree and re-inserts it into
a distinct admissible branch, if such a branch exists. Thus, an unfavorable initial tree
choice and the taxon insertion order can induce visiting numerous irrelevant intermediate
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(a) (b)

Figure 7.1: Schematic overview of the Gentrius workflow. (a) A simple example where
only two taxa, a and b, are missing from the initial tree. The admissible branches for
taxon a are {1, 2}, and for taxon b are {3, 4}, respectively. There is no overlap between the
two admissible branch sets. Gentrius initially inserts taxon a, and then proceeds to taxon
b. Arrows 1–12 illustrate the sequence of alternating states, generated by the recursive
function of Algorithm 1. (b) A simple example showing that one cannot know the set
of admissible branches for all taxa a priori. Here, taxa a and b can be both inserted into
branch 1 of the initial tree. The two sets of admissible branches overlap. Following the
insertion of taxon b, taxon a can now be inserted into branches {1, 2, 3} of the new tree,
without violating the compatibility condition (Figure reproduced from [208]).

states that lead to dead ends. While the algorithm will nonetheless correctly generate all
stand trees, the execution time may be substantially longer.

To accelerate the enumeration of stand trees, Gentrius employs two heuristics. The
first one chooses a “good” initial tree. Gentrius selects the constraint tree that shares
the largest number of taxa with all remaining constraint trees. The second heuristic
is called dynamic taxon insertion. At each step, Gentrius selects the taxon with the
smallest number of admissible branches to be inserted next. To illustrate the validity
of both heuristics, I tested them on dataset emp-data-42370. The number of stand
trees on this dataset is 2,448,225. When both heuristics were applied, Gentrius visited
547,786 intermediate states and 0 dead ends. This translates into 14 seconds of sequential
execution time1. When deactivating the initial tree selection heuristic and starting from
a random constraint tree, Gentrius visits 6,829,128 intermediate states and 0 dead ends
in 50 seconds (3.5× slowdown). When deactivating the dynamic taxon insertion heuristic
and randomly shuffling the taxon order, Gentrius visits 30,124,986 intermediate states
and 1,547,640 dead ends in 174 seconds (12× slowdown).

In the worst-case scenario, the number of trees on a stand can grow exponentially
over the number of taxa [19]. Moreover, generating even a single tree from the stand is
also computationally intractable [21]. To prevent excessive runtimes, Gentrius employs
three stopping rules. The algorithm terminates when:

(1) it counts more than N stand trees;
(2) more than M intermediate states have been visited; or
(3) the execution time exceeds a time limit of T hours.

The default values for these stopping rules are: N := 106 stand trees, M := 107 interme-
1On an 11th Gen Intel(R) Core(TM) i7-1165G7 processor @ 2.8 GHz.
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diate states and T := 168 hours. Hence, the algorithm terminates when either, all stand
trees have been enumerated, or when one of the stopping conditions is satisfied.

7.3 Parallelization
In this section I explicate the parallelization scheme for Gentrius, which is based on a
thread pooling approach. Thereby, I attain load balance among threads and a substantial
parallel speedup for Gentrius.

7.3.1 Underlying Idea
Figure 7.1a illustrates the tree-like structure of the Gentrius branch-and-bound workflow.
Intuitively, one can divide the entire process into two threads, by assigning the left subtree
of the workflow (rooted at State 1) to one thread, and the right subtree (rooted at State
4) to a second thread. The final set of stand trees will then be the union of the disjoint
trees counted by each thread independently.

In principle, the parallelization strategy generalizes this idea to Nt threads. All threads
begin operating concurrently, and each thread independently parses the entire input set of
constraint trees. This redundant input parsing and storage by all threads is necessary, as
each thread requires some degree of flexibility to insert and remove taxa on its own agile
tree, and update the double-edge mappings accordingly. Since Gentrius is a deterministic
algorithm and the input is fixed, the first execution stages are identical across all threads.
They all select the same initial agile tree and begin by adding taxa in the exact same
order to it.

It is possible that, for some datasets—especially those with relatively small amount of
missing data—the first few taxa can only be inserted into a single branch. This is because
the dynamic taxon insertion heuristic selects the next taxon based on the smallest number
of admissible branches. Eventually, however, Gentrius reaches a state in which the next
taxon admits insertion into multiple branches. I refer to this state as the state of initial
split, where the first division of the algorithm into independent subprocesses (concurrent
threads) occurs. The parallel algorithm distributes the set of admissible branches for
a given taxon as uniformly as possible among threads. For example, if there are five
admissible branches and four threads are being used, Gentrius will assign two branches
to one thread and one branch to each of the remaining threads, respectively. Thereafter,
each thread proceeds by adding the remaining taxa independently. In other words, after
this initial parallel workload split, each thread operates on a distinct subset of branches
of the branch-and-bound algorithm. In cases where the very first taxon already needs to
be inserted into multiple branches, the initial split takes place at the root of the workflow
(branch-and-bound) tree. This idea is outlined in Figure 7.2a.

A substantially distinct splitting scheme example is provided in Figure 7.2b, where
the state of the initial split has two admissible branches for inserting the next taxon. If
parallel Gentrius is executed with three threads, however, the thread number exceeds the
cardinality of this set. In this case, Gentrius assigns the right subtree of the workflow to
one thread. The two remaining threads both operate on the left subtree and their task
separation occurs at a later stage, when they encounter the first taxon with two or more
admissible branches.

The path that connects two states on the branch-and-bound graph is the sequence of
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(a)

(b)

Figure 7.2: Parallelization scheme examples. (a) Division of the total process into
multiple parallel threads. The green state is the state of the initial split. Parallel execution
is initiated when the algorithm encounters the first taxon to be inserted into multiple
admissible branches. (b) An alternative splitting scheme, where the number of admissible
branches in the initial split state (green state) exceeds the number of threads (Figure
reproduced from [208]).

Figure 7.3: An example of an unbalanced work distribution among threads. Thread 1
chooses the path that leads to the left subtree that only consists of a single dead end.
The right subtree comprising a substantially larger amount of work is assigned to Thread
2. This imbalance occurs because one cannot predict the structure of the workflow tree
a priori (Figure reproduced from [208]).
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taxon insertions or removals1 that, when applied to the agile tree of a thread being in one
state, it becomes topologically identical to the agile tree of a second thread in a different
state. In Figure 7.1a, for example, if two threads are in States 2 and 4 respectively, for
the first thread to reach the state of the second, taxa b and a need to first be removed
from its agile tree (from branches 3 and 1 respectively) and, then, taxon a must be
re-inserted into branch 2. Since double-edge mappings are automatically updated after
each taxon insertion/removal, synchronization between the states of the two threads is
achieved. This idea is crucial for the second part of the parallelization scheme.

As outlined in Section 7.2.2 through Figure 7.1b, the set of allowed branches for taxon
insertion is highly dependent on the insertion position of the previous taxon. The main
problem that arises from this lack of knowledge (i.e., simply not knowing the structure
of the workflow graph in advance) is, that the initial division of the workload can be
unbalanced. For instance, it is likely that parallel Gentrius will assign a part of the
workflow tree with a high number of stand trees, intermediate states, and dead ends
to one thread, and a separate path with substantially less work to another. Figure 7.3
illustrates such an extreme example.

To alleviate this load imbalance, I devise a thread-pooling parallelization scheme.
A thread-pool maintains active threads that have completed their task early, instead
of terminating them. This concept is also known as work-stealing. In analogy to the
initial split case, the division of the workload among threads requires them to be in the
exact same state, and is accomplished by assigning a distinct subset of the next taxon’s
admissible branches to each thread. The work-stealing mechanism relies on the same
idea.

The first step for the threads that finished early to attain the state of the working
threads is to remove all taxa from their agile tree up to the state of the initial split (state
I0), which is the last common as well as consistent state. Thereafter, these threads (that
finished early) switch into busy-wait mode and become inactive. On the other hand,
working threads (i.e., active threads) constantly create and push tasks onto a shared task
queue, so as to enable inactive threads to retrieve a task and resume execution. A task is
a data structure that consists of the following components:

1. a path from state I0 to a desired intermediate state, including the set of taxa to be
added, their exact insertion order, and positions

2. the remaining taxa, the very next taxon to be inserted, and a precomputed subset
of admissible branches

More specifically, having passed state I0, working threads are allowed to create and
push tasks into a task queue. Each time a working thread moves between intermediate
states by adding or removing taxa, it keeps track of the path that connects I0 with its
current state Ic. For creating a task, it calculates the set of admissible branches for the
next taxon and divides it in half. The first half is submitted into the task queue, together
with the path that connects states I0 and Ic. The working thread proceeds by executing
the second half. An inactive busy-waiting thread in the pool detects the new task and
switches into working mode. It sequentially inserts all taxa into the predefined branches
on its own agile tree, to reach state Ic. The next taxon and the corresponding subset of
admissible branches are already specified in the dequeued task. The new thread skips line
2 in Algorithm 1 (Section 7.2.2) and directly executes the recursive function. Figure 7.4
provides a summary of the entire parallelization strategy.

1The taxon insertion order is determined by the dynamic taxon insertion heuristic, while the removal
order is the reverse insertion order.



134 7. Parallel Gentrius

. . .

2. Initial split

1. Multiple threads
begin concurrently

Working mode

. . .3. All threads enter
working mode

Thread pool

. . . . . .

Task Queue
4. Working threads

create and push tasks
into the queue

. . .
5. Finished threads

switch into a busy-wait
mode (thread pool)

Task found ?

Checking task queue

NO

YES

6. Inactive threads
constantly check for

new tasks

Figure 7.4: Schematic overview of the parallelization scheme. 1–3. All threads begin
concurrently. At some point during execution, they reach the initial split state, where
each thread descends into a distinct subtree of the branch-and-bound workflow tree. From
this point onward, threads enter working mode. 4. Working threads compute the set of
admissible branches for the next taxon to be inserted, and divide this set in half. The
working thread executes the first half and submits the second half as a task into the
task queue. 5–6. Finished threads switch into a busy-wait mode, and constantly check
the task queue for new tasks. When a task is found, the thread moves to the state Ic

specified by the dequeued task and switches back into working mode (Step 3). It then
descends into all subtrees defined by the admissible branches of the dequeued task. For
the child states of Ic (and recursively further down the workflow tree), the thread again
divides the corresponding admissible branches in half and creates new tasks, which are
pushed into the queue (Figure adapted from [208]).

The following implementation details need to be considered. The parallelization
scheme requires each thread to exclusively work on its own copy of the agile tree. When
threads assume independent tasks, they concurrently insert the exact same taxa into dif-
ferent branches of the agile tree, to generate all possible combinations of comprehensive
species trees. This would be infeasible on an agile tree that is shared among multiple
threads, since concurrent insertion of the same taxon into distinct branches would cause
an assertion to fail in the code due to inconsistency. Moreover, regarding the additional
time required for one thread to reach the state of another, Gentrius processes hundreds
of thousands of states per second1. For datasets comprising up to a few thousand taxa,
this translates into a few milliseconds.

Finally, I have implemented some restrictions to the generation and submission of
tasks to avoid task overload. There is an upper limit to the number of tasks that the
task queue can hold concurrently. I define this limit as Nt + 1, if Nt < 8, and Nt/2

1on an 11th Gen Intel(R) Core(TM) i7-1165G7 processor @ 2.8 GHz.
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otherwise (where Nt is the number of threads). The second restriction is that threads
whose current state is deep down in the workflow tree, that is, threads that have less than
three remaining taxa to insert, are not allowed to submit a new task, because counting the
stand trees beneath their current state is fast, and hence will not benefit from additional
parallelization (work stealing). I empirically obtained the values for both thresholds,
based on preliminary experiments.

7.3.2 Implementation
The implementation combines the OpenMP API with the C++ Thread library, for two
reasons. First, OpenMP provides convenient parallelization features at an abstract level,
that is, easy creation/destruction of threads and fundamental synchronization primitives,
such as locks and barriers. The Thread library, on the other hand, provides advanced
synchronization primitives, such as conditional variables, which are of crucial importance
in the proposed design.

Parallel Gentrius creates/destroys threads using the OpenMP API. Moreover, threads
going into busy-wait mode, wait for a condition to be satisfied to assume a new task. To
implement this functionality and facilitate inter-thread communication, I used a combi-
nation of the std::condition_variable and std::mutex classes from the C++ Thread
library. This synchronization primitive blocks a thread until a shared variable is modified
by another thread (the condition). In this case, the shared variable is the task-queue.
Each time a working thread submits a new task to the queue, it thereby notifies all inac-
tive threads, and one of them will subsequently dequeue the task. To guarantee that the
queue is accessed or modified by a single thread at a time, I use OpenMP locks.

Here, mixing the OpenMP API with the Thread Library is not problematic, since
the creation/destruction of threads is exclusively controlled by OpenMP, while the use
of the Thread Library is limited to thread synchronization via conditional variables.
Furthermore, parallel Gentrius does not introduce any additional dependencies, because
it is implemented as a submodule within IQ-TREE [28, 131], which in turn is written in
C/C++ and requires OpenMP as a prerequisite to compile.

In the original sequential version of Gentrius, the number of stand trees, intermediate
states, and dead ends is stored in global variables. Each time the algorithm generates a
new state by inserting a new taxon, it updates the respective global variable and checks
if one of the stopping rules is satisfied. To maintain this functionality in the parallel
version, I deploy shared-memory atomic integer variables via the std::atomic template.
I use them to protect the counters for stand trees, intermediate states, and dead ends.

Note that a single thread approximately visits hundreds of thousands of states per
second (see Section 7.3.1), depending on the number of constraint trees and their corre-
sponding topologies. This translates into hundreds of thousands of shared-memory writes
per second, or one write every few micro-seconds. In modern multiprocessing system ar-
chitectures, the cost of atomic primitives is estimated to require up to a few thousand
CPU cycles [92]. This translates into a time requirement to update these counters in the
order of hundreds to thousands of nanoseconds. As the number of threads increases, the
lock congestion probability when updating these counters likewise increases. To avoid lock
congestion, I modified the counter updates. Each thread is allowed to update the global
stand trees counter only when it has counted 210 stand trees. For the global intermediate
states counter, the restriction is 213 states, while for the global dead ends counter the
increment interval is, again, set to 210. Those settings have been empirically determined.
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I observed an average parallel speedup improvement of 2–5% among datasets when 16
threads were used. For example, in dataset emp-data-3802 the speedup improved by 4%.
Each time a thread updates a global variable, it also checks whether the stopping rule for
the corresponding variable is satisfied and, if so, notifies all threads to terminate. Evi-
dently, this might lead parallel Gentrius to occasionally exceed the limits specified by the
stopping rules, as compared to the sequential version, where the termination is instant.
This does not constitute a problem, however, due to the capacity of Gentrius to process
hundreds of thousand states per second. In practice, the stopping rules are exceeded by
a few thousand stand trees/intermediate states or a few milliseconds of execution time,
while the actual specified boundaries are in the order of millions stand trees/intermediate
states and hours of execution time.

The required data structures and functionalities for enumerating stand trees are stored
in an object of type Terrace class, comprising the agile tree, the constraint trees and
the double-edged mappings. Functionalities for taxon insertion/removal and mapping
updates are also implemented in the Terrace class. The trees are implemented based
on the respective IQ-TREE template. At startup, each thread initializes its own pri-
vate Terrace object and operates on it consistently. Hence, each thread maintains its
own copies of the agile tree, constraint trees, and double-edge mappings within its own
Terrace object, and performs taxon insertions and removals independently of the other
threads. Finally, a task is a structure of arrays containing the information about the taxa
that need to be inserted.

7.4 Experimental Setup

The following benchmark evaluates the scalability of the parallel version of the Gentrius
algorithm. This is done by computing speedups of the parallel relative to the sequen-
tial version, using varying numbers of cores/threads, namely Nt ∈ {1, 2, 4, 8, 12, 16}.
Although the test platform provides 48 physical cores (see Section 7.4.3), preliminary
observations indicated that, given the size of the available datasets (see Section 7.4.2),
scalability gains tend to become on average sublinear beyond 16 threads. This behavior
is primarily due to synchronization overhead, as well as the limited amount of work that
can be done in parallel on the given datasets. Therefore, the systematic evaluation was
restricted to at most 16 threads.

As shown in Sections 7.5.1 and 7.5.2, parallel Gentrius generally exhibits near-linear
scalability up to 16 threads when compared to the sequential version. For a more com-
plete overview, I additionally report speedup measurements using up to 48 cores for two
anecdotal “large” datasets in Section 7.5.4, that is, datasets with sequential execution
time exceeding 3 hours.

Certain datasets complicate the performance assessment, since the Gentrius stopping
rules may distort the results. In some cases, and depending on the dataset, one encounters
slowdowns, speedup plateaus, sub-linear, or even super-linear speedups. I explain why
this is the case via simple examples in Section 7.4.1. Further, in conjunction with the
scalability results presented in Sections 7.5.1 and 7.5.2, I present a short analysis on how
stopping rules (1) and (2) (see Section 7.2.2) affect parallel efficiency.
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(a) (b)

Figure 7.5: Examples of unbalanced workflow structures. (a) First example of an
unbalanced workflow structure which induces a speedup plateau. (b) Second example of
an unbalanced workflow structure, which may induce either a super-linear speedup or a
speedup plateau (Figure reproduced from [208]).

7.4.1 Variance in Speedups

In general, small datasets yield slowdowns in parallel Gentrius. Here, a dataset is consid-
ered to be “small” when the sequential execution time is below one second. Such small
datasets typically comprise up to a few thousand stand trees. In these cases, the observed
slowdown is unsurprising and is caused by the thread creation and destruction overhead,
as well as inter-thread communication and task distribution, which are time consuming
in relation to the small sequential runtime.

Apart from these slowdowns, I observed speedup plateaux as well as sub-linear and
super-linear speedups in parallel Gentrius. The main cause for this behavior are the
stopping rules and the unbalanced structure of the Gentrius branch-and-bound tree. A
simple example for such an unbalanced branch-and-bound tree is depicted in Figure 7.5a.
In this simple example, one encounters a speedup plateau, as the unbalanced workflow
structure forbids the working thread to create and push new tasks to the queue. Note that,
for threads to create new tasks, the parallelization scheme requires them to be in a state
with two or more admissible branches for the next taxon, while two additional conditions
need to hold: (a) the number of tasks in the queue should not exceed a pre-specified
upper limit, and (b) the thread creating the task should be in a state with more than
two remaining taxa to be inserted into its agile tree (see Section 7.3.1). In Figure 7.5a, if
one assumes an execution with two threads, the first thread chooses the left path on the
initial split state, faces a dead-end and directly switches into busy-wait mode. On the
other hand, the second thread chooses the right path and, after a sequence of intermediate
states where each intermediate state only comprises one admissible branch, the second
thread reaches the deepest levels of the workflow tree with less than three remaining
taxa, where task creation for work-stealing is disallowed. Hence, the second thread is
unable to push new tasks into the queue, neither during the sequence of intermediate
states, nor after attaining the task creation threshold. Irrespective of the number of
threads being used, the parallel runtime will be almost equal to the sequential runtime,
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imposing a speedup plateau. I have observed such speedup plateaus of around 3× and
5× in simulated datasets sim-data-1511, sim-data-1792, and sim-data-1795. The
sequential runtime for those datasets is below 10 seconds.

A second example of an unbalanced workflow structure is shown in Figure 7.5b. In
sequential execution, after the initial split state, the algorithm first descends into workflow
subtree A. Since this part of the workflow graph contains zero stand trees, it is possible
that the algorithm will exceed the maximum intermediate state limit—stopping rule (2)
in Section 7.2.2—and terminate. When executing parallel Gentrius with two threads,
the second thread concurrently proceeds to the workflow subtree B, and it may count
more than a million stand trees and terminate—due to stopping rule (1) in Section 7.2.2.
I observed this branch-and-bound workflow structure in dataset sim-data-5001 under
the default stopping rule parameter settings. Under sequential execution, the algorithm
terminates after 113 seconds, having counted 10 million intermediate states but zero
stand trees. However, when executed in parallel using two threads, the algorithm counts
1 million stand trees within 5 seconds, resulting in a 22.6× speedup. Notably, even when
the threshold is raised to 100 million intermediate states, sequential execution still fails to
enumerate any stand tree, indicating that the workload in the one side of the branch-and-
bound workflow tree is particularly heavy, and that the sequential version gets trapped
there. Under this setting, sequential Gentrius terminates after reaching the 100 million
intermediate trees threshold in 1,104 seconds. The corresponding parallel execution with
two threads, which terminates in 5 seconds (see above), attains a 220× speedup.

Conversely, the example in Figure 7.5b can also be applied to the scenario in which
stopping rule (1) is triggered during sequential execution (see Section 7.2.2), assuming
that sequential Gentrius first descends into workflow subtree B and terminates, after
counting 1 million stand trees. Under parallel execution, however, the speedup depends
on the number of threads executing tasks from the workflow subtree B, where more
than 1 million stand trees are detected, compared to the number of threads descending
into workflow subtree A. In such cases, the user might encounter speedups or plateaux.
Overall, the observed variance in speedups is a result of the concurrent parallel descent of
distinct threads into different branches of the branch-and-bound workflow, in conjunction
with the effects of stopping rules (1) and (2).

Finally, the third stopping rule sets an execution time threshold. I discuss one dataset
that exhibited apparent unexpected behavior while running the main experiments on em-
pirical data, that is emp-data-5873. The stopping rule was set to 5h of execution time.
The sequential execution terminated (due to the stopping condition) after 5h (18,000
seconds), and having counted 387,985,999 stand trees. In contrast, parallel Gentrius
managed to enumerate the entire stand, comprising 485,240,625 trees, without triggering
any stopping rule; the execution with two threads required 11,333 seconds. In this con-
text, claiming that the speedup for two threads is 18, 000/11, 333 = 1.58× underestimates
the actual speedup. Because the direct comparison of execution times in such cases is
inaccurate, I introduce the adapted speedup, as a more appropriate metric. I thus define
the adapted speedup for Nt threads (ASPNt) as:

ASPNt = STNt/TNt

ST1/T1
= STNt

ST1
· SPNt (7.1)

where STk, Tk denote the number of enumerated stand trees and the execution time
when k threads are being used, and SPNt is the standard speedup metric for Nt threads,
calculated by simply dividing the corresponding execution times. Table 7.1 shows these
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Number of Threads
Dataset 2 4 8 12 16

emp-data-5873 1.9 3.8 6.9 8.8 12.2
emp-data-43820 2.4 3.9 8.7 9.7 11.2
emp-data-55114 2.3 4.5 8.1 9.6 9.1
sim-data-4666 1.9 3.8 7.0 8.1 11.1
sim-data-4843 1.6 3.0 6.9 8.8 10.1

Table 7.1: Adapted speedups of five datasets that reached the time limit in sequential
execution. The adapted speedups are calculated based on Equation (7.1) (Table repro-
duced from [208]).

adapted speedups for five datasets that reached the time limit threshold—stopping rule (3)—
in sequential execution.

7.4.2 Datasets and Filtering
To evaluate the performance of parallel Gentrius, I ran experiments on both simulated
(Section 7.5.1) and empirical (Section 7.5.2) datasets, on up to 16 threads (16 physical
cores). For simulated data, I used all instances from the original Gentrius manuscript [28].
The set comprises 4,997 instances with varying sizes, different patterns as well as propor-
tions of missing data; more specifically, taxon numbers ranged between 50 and 300, locus
numbers between 5 and 30, and the proportion of missing data ranged between 30% and
50%.

To avoid the difficulties described in Section 7.4.1 and establish a fair base comparison,
I filtered the datasets to extract instances that do not trigger any stopping rules. This
was achieved by initially running parallel Gentrius on all datasets with 16 threads and
keeping only those datasets for which Gentrius successfully calculated the entire stand.
For these datasets, I then re-ran the analysis using Nt = {12, 8, 4, 2, 1} threads, making
sure the time limit was not exceeded as the number of threads decreased. For the afore-
mentioned reasons (see Section 7.4.1), small datasets were also excluded, resulting in 443
final datasets with sequential execution times ranging from 1 second up to 4 hours.

Finally, I used the RAxML Grove database v0.7 [90] as empirical dataset source. I
randomly sampled 3,089 datasets for my experiments (out of 4,959 empirical, partitioned
datasets with missing data in total). Taxon numbers ranged between 7 and 37,849,
locus numbers between 2 and 5,219, and the proportion of missing data ranged between
10% and 90%. I applied the exact same pipeline as for simulated data to filter datasets
and post-process results. This yielded 162 final datasets with sequential execution times
ranging between 1 second up to 3 hours.

7.4.3 Commands and Computing Environment Details
Parallel Gentrius is implemented in the terragen branch of the IQ-TREE 2 GitHub
repository1. All empirical and simulated datasets used in the experiments comprise a
complete species tree along with a PAM file, which indicates the presence/absence of data
for the respective taxon at a given locus. For the experiments, I set the following stopping

1https://github.com/iqtree/iqtree2/tree/terragen/terrace
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Figure 7.6: Per-thread speedup distributions on simulated data. The dashed line con-
nects the mean speedup values for each distribution, corresponding to different numbers
of threads being used. Speedup rates were calculated for: (left) 443 datasets with the
sequential execution time (s.e.t.) exceeding 1 second, (middle) 234 datasets with s.e.t. ex-
ceeding 10 seconds, and (right) 147 datasets with s.e.t. exceeding 50 seconds (Figure
adapted from [208]).

rule parameters: N := 109 stand trees (-g_stop_t 1000000000 option), M := 109

intermediate states (-g_stop_i 1000000000 option), and T := 5 hours (-g_stop_h 5
option) for all executions (both sequential and multi-threaded). The reason why the
values for rules (1) and (2) are equal is because, although it seems plausible to expect
more intermediate states, in the vast majority of instances parallel Gentrius ends up
counting more stand trees, due to the dynamic taxon insertion heuristic. As test platform
I used an Intel(R) Xeon(R) Platinum 8260 48 double-core processor running at 2.4 GHz.

An example command to execute parallel Gentrius using four threads, for a dataset
with the species tree stored in tree.newick, the PAM in iqt.pam, and using the above
stopping-rule configuration, is:

./iqtree2 -nt 4 --gentrius tree.newick -pr_ab_matrix iqt.pam
-g_stop_t 1000000000 -g_stop_i 1000000000 -g_stop_h 5

7.5 Results

7.5.1 Results on Simulated Data
Per-thread speedup distributions on simulated data are shown in Figure 7.6. To assess the
effect of small datasets, I progressively increased the threshold for dataset inclusion from
1 second to 10 and 50 seconds of sequential execution time (s.e.t.), respectively. Overall,
parallel Gentrius exhibits near-linear average speedups with respect to the number of
threads/physical cores being used.

Specifically, for the 443 datasets with the s.e.t. exceeding 1 second, the average
speedup is 1.9× for 2 threads, 3.6× for 4 threads, 6.3× for 8 threads, 8.6× for 12 threads,
and 10.6× for 16 threads, respectively. The per-thread speedups are analogous for the 234
datasets with the s.e.t. exceeding 10 seconds, and for the 147 datasets with the s.e.t. ex-
ceeding 50 seconds. In the former case, the average speedup attained with 16 threads is
11.9×, while in the latter case it reaches 12.1×.
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Figure 7.7: Per-thread speedup distributions on empirical data. The dashed line con-
nects the mean speedup values for each distribution, corresponding to different numbers
of threads being used. Speedup rates were calculated for: (left) 162 datasets with the
sequential execution time (s.e.t.) exceeding 1 second, (middle) 116 datasets with s.e.t. ex-
ceeding 10 seconds, and (right) 86 datasets with s.e.t. exceeding 50 seconds (Figure
adapted from [208]).

7.5.2 Results on Empirical Data
Per-thread speedup distributions on empirical data are shown in Figure 7.7. In analogy
to simulated data, here I also progressively increased the threshold for dataset inclusion
from 1 second to 10 and 50 seconds of s.e.t., respectively. Parallel Gentrius exhibits
near-linear average speedups with respect to the number of threads/cores being used,
especially on datasets with the s.e.t. exceeding 50 seconds.

Specifically, for the 162 datasets with s.e.t. exceeding 1 second, the average speedup is
1.9× for 2 threads, 3.5× for 4 threads, 6.2× for 8 threads, 8.0× for 12 threads, and 9.3×
for 16 threads, respectively. The per-thread speedups are analogous for the 116 datasets
with the s.e.t. exceeding 10 seconds, and for the 86 datasets with the s.e.t. exceeding 50
seconds, attaining an average speedup of 10.6× when using 16 threads in both cases.

7.5.3 Impact of Stopping Rules (1) and (2) on Speedups
Next, I analyze the impact of stopping rules (1) and (2) on parallel efficiency in more
detail. To this end, I conducted a short analysis of datasets that encounter those stopping
rules. I characterize these analyses as “short”, since the threshold values were reduced
to 10 million stand trees and intermediate states respectively, so as to minimize the
runtime requirements of these experiments. I collected 50 datasets of each type (em-
pirical/simulated) and measured the speedups by dividing the sequential by the parallel
execution times, although, as I argued in Section 7.4.1, this comparison might sometimes
be misleading.

Figure 7.8 summarizes the results of this analysis. The distribution of speedups on
both simulated and empirical data is substantially distorted, particularly so in the case
of simulated data where a super-linear speedup is observed, for only a few datasets. An
example of such a dataset is sr_sim-data-44. The tree-like workflow structure of this
specific dataset turns out to be highly unbalanced, yielding a misleading impression that
it must comprise a plethora of dead ends and no stand trees (as in the example of Fig-
ure 7.5b), when being analyzed with Nt = {1, 2} threads. In contrast, when more threads
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Figure 7.8: Per-thread speedup distribution on datasets that trigger stopping rules (1)
or (2). Analysis on: (a) 50 simulated datasets, and (b) 50 empirical datasets (Figure
adapted from [208]).

Number of Threads
Dataset 16 32 48

emp-data-60587 12.0 20.37 26.18
sim-data-4677 13.43 23.01 29.46

Table 7.2: Speedups for two large datasets, when more than 16 threads are used.
The sequential execution times for the two datasets are 11,199.6 (emp-data-60587) and
17,163.4 (sim-data-4677) seconds, respectively (Table reproduced from [208]).

are used, Nt = {4, 8, 12, 16}, the algorithm terminates having counted 10 million stand
trees, yielding 5×, 25×, 41× and 59× speedups for 4,8,12, and 16 threads, respectively.
This striking variance among results is an outcome of the unbalanced branch-and-bound
workflow structure combined with how threads chose their paths along the workflow. The
more threads are being used, the more efficient and faster the exploration of stand trees
becomes for this specific dataset.

7.5.4 Scalability on more than 16 threads
To anecdotally test scalability when more than 16 threads are used, I selected two
datasets, one empirical and one simulated, with comparatively long sequential execu-
tion times. The two datasets are emp-data-60587 and sim-data-4677, with sequential
execution times of 11,199.6 and 17,163.4 seconds, respectively. The calculated speedups
for executions using Nt = {16, 32, 48} threads are shown in Table 7.2.

7.6 Discussion
I described, implemented, evaluated, and made available an efficient parallel open-source
version of Gentrius. Fast threads that finish their own tasks early, can subsequently
contribute to accelerating slower threads in completing their tasks via a thread pooling
mechanism that implements work stealing. The parallel version of Gentrius now allows
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for seamless computation of stands on large datasets using off-the-shelf multi-core desktop
and server systems.

Apart from the fact that parallel Gentrius provides a faster solution for counting trees
on a stand, in some cases, the multi-threaded execution identifies trees on a stand that
the sequential execution fails to detect in reasonable time. This is due to the parallel
descent into the distinct branches of the branch-and-bound algorithm in conjunction with
the implemented stopping rules. Thus, multi-threaded execution allows for a potentially
faster and more efficient exploration of the workflow graph.

In summary, identifying stands constitutes a crucial step in species tree inference
from multiple loci and allows to investigate the inherent uncertainty due to missing
data. Hence, efficient bioinformatic tools such as parallelized Gentrius implementation
can be very helpful for pipelines and methods assessing the robustness of the phylogenetic
analysis to be conducted, alongside with the difficulty score prediction of the given MSA
via the Pythia tool [73].

7.7 Data and Software Availability
Parallel Gentrius is implemented in the terragen branch of the IQ-TREE 2 GitHub
repository: https://github.com/iqtree/iqtree2/tree/terragen/terrace. All data
used for benchmarking are available for download at https://cme.h-its.org/exelixi
s/material/gentrius-parallel.tar.gz.

https://github.com/iqtree/iqtree2/tree/terragen/terrace
https://cme.h-its.org/exelixis/material/gentrius-parallel.tar.gz
https://cme.h-its.org/exelixis/material/gentrius-parallel.tar.gz


8. Conclusion and Future Work

8.1 Conclusion

The core of this thesis focused on developing, implementing, and benchmarking heuristics
for maximum likelihood (ML)-based phylogenetic tree inference. I integrated my methods
into RAxML-NG, the main tool which our lab actively develops and maintains.

I began by presenting the Adaptive version of RAxML-NG (Chapter 3), a tool which
modifies the thoroughness of the tree search as a function of the MSA difficulty score,
predicted by the Pythia tool. The Pythia score provides a reliable quantification of the
phylogenetic signal of the input MSA. Accordingly, on easy MSAs, Adaptive RAxML-
NG deploys a faster heuristic, because the tree space typically only exhibits a single log-
likelihood peak. On such a likelihood landscape, even more superficial search strategies
rapidly converge to this unique optimum. In contrast, on difficult-to-analyze MSAs, the
likelihood-score tree space exhibits a rugged surface with multiple, yet statistically equiv-
alent, local optima. Analyzing such data is hopeless, and therefore Adaptive RAxML-NG
quickly infers only a few, out of the many, locally optimal ML trees. In contrast, it de-
ploys a more thorough search strategy on MSAs with intermediate difficulty. On such
instances, although the tree space still exhibits many distinct peaks, a few among those
are statistically better. Therefore, more thorough heuristics have been shown to perform
better than superficial ones on those datasets. The experimental results showed that
the idea of adapting the thoroughness of the search strategy based on the MSA difficulty
score is effective: Adaptive RAxML-NG inferred statistically equivalent trees to RAxML-
NG v1.1 in ∼ 99.7% of the cases, while attaining speedups of up to 16× on easy and
difficult MSAs.

Next, I presented Early Stopping (ES) criteria for ML tree inference (Chapter 4).
They offer a practical way to evade over-optimization in ML tools, while at the same time
preserving statistical plausibility of the output trees. The underlying idea was that input
MSAs are noisy, and pushing the optimization to its limit increases the risk of ML tools
to overfit. But even if overfitting does not occur, previous empirical observations have
shown that RAxML-NG often remains on long log-likelihood plateaus for an extended
amount of time before termination, due to its exhaustive search strategy. This indicated
that this excessive search effort may be omitted. I integrated the Kishino-Hasegawa
(KH) test into RAxML-NG, as a reliable statistical test to determine convergence and
terminate RAxML-NG. The KH test was applied in combination with a simplified tree
search heuristic (sRAxML-NG), which proved to be an important by-product of this
study. In short, the KH test is used to assess whether the log-likelihood difference between
the trees prior to and after an SPR round (in sRAxML-NG) is significant; if the two trees
are statistically equivalent, the search is terminated. I further refined the approach by
incorporating a multiple-testing correction into the KH test. The sRAxML-NG heuristic,

144
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in conjunction with the KH-based stopping criteria, inferred plausible ML trees in up to
∼98% of the cases compared to standard RAxML-NG v1.2, while yielding an average per-
search speedup of 5×. Importantly, sRAxML-NG in combination with the KH-multiple
testing stopping criterion achieves a favorable balance between speed and accuracy, and
was therefore integrated into the second major version of RAxML-NG as a fast, yet
reliable alternative.

In Chapter 5, I investigated whether widely used ML tree inference tools are prone
to overfitting. I put particular emphasis on the tree topology parameter, which arguably
constitutes the biologically most important parameter. I evaluated overfitting via two
complementary approaches. In the first, I statistically evaluated overfitting trends in
ML tools via a 10-fold Monte-Carlo cross-validation framework. The main question was
whether the statistically expected behavior of ML tools, and particularly the thorough
ones, is to overfit and, if so, to which extent. The second approach consisted of bench-
marking a Holdout-Validation (HV) version of RAxML-NG, against the standard version.
In analogy to overfitting mitigation strategies in deep learning, HV randomly splits the
input MSA into model-training and validation sites; tree inference is then only conducted
on the training data, while the validation data are used to detect overfitting, with the
algorithm returning the tree that maximizes the validation likelihood. Both experiments
indicated that topological overfitting does not constitute a major concern for ML phylo-
genetic inference tools.

Combining my experience on developing ML heuristics and the structure of the like-
lihood tree space, I designed the default Hegelian heuristic in RAxML-NG v2.0, which I
present in Chapter 6. RAxML-NG v2.0 is on average 7× faster than RAxML-NG v1.1,
while it infers statistically equivalent, or even better ML trees. It also outperforms IQ-
TREE 3 with respect to accuracy and runtime. At the same time, the fast mode of
RAxML-NG v2.0 (i.e., the sRAxML-NG heuristic combined with KH-multiple testing
stopping criterion) achieves comparable accuracy to that of IQ-TREE, while it outruns
(w.r.t. execution time) all other fast alternatives (VeryFastTree and fast IQ-TREE). Via
this fast mode, RAxML-NG users can rapidly infer highly accurate phylogenies on large
datasets (e.g., viral MSAs), attaining an average speedup of 200× compared to RAxML-
NG v1.1.

Finally, in Chapter 7, I presented the parallelization scheme that I implemented for
the Gentrius algorithm, a branch-and-bound method for enumerating all trees on a stand.
Parallel Gentrius employs a thread-pooling mechanism that keeps early-finishing threads
in a busy-wait state, allowing them to steal workload from active threads and thereby
achieve “good” load balancing. Through this approach, parallel Gentrius attains linear
scalability on up to 16 cores.

Overall, this thesis can be characterized as a diligent introspection into the likelihood
tree space and the algorithmic strategies required to explore it efficiently. Collectively,
the methods developed here contribute to making ML phylogenetic inference both faster
and more reliable, thereby supporting scalable and robust evolutionary analyses.

8.2 Future Work
With respect to the RAxML-NG v2.0 heuristic, the objectives of this thesis have largely
been achieved. RAxML-NG will continue to evolve, yet concrete directions for further
heuristic adjustments remain unclear at present.
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Regarding the relationship between the structure of the likelihood tree space and the
MSA difficulty score, a recurring idea is the so-called Plausible Tree Set (PTS) problem.
Rather than inferring a single ML tree, ML tools may instead aim to reconstruct a
set of statistically equivalent trees. The PTS size (i.e., number of trees it contains)
is expected to vary with the Pythia difficulty score: on easy MSAs, independent tree
searches are more likely to converge to the same topology, whereas on difficult MSAs, they
yield topologically contradicting, yet still plausible, trees. Developing methods for the
rapid inference of a representative PTS will provide a practical ML-based alternative to
Bayesian approaches, and enable the reconstruction of summary trees that better reflect
the inherent topological uncertainty induced by difficult datasets. Fellow lab member
Johannes Hengstler is working towards this goal.

Another possible extension is the application of reinforcement learning techniques for
phylogenetic tree inference. Specifically, deep neural networks (DNNs) trained via Q-
learning could be used to guide the tree search process, for example by learning which
topological moves are more likely to yield substantial likelihood improvements. Early
studies in the literature [7, 8] already provide proof-of-concept results. Beyond move
selection at the SPR level, DNNs could also operate at the workflow level, learning to
select the next optimization routine (i.e., BLO, MPO, or an SPR round) along with the
appropriate parameter configurations. Such a method will reduce the reliance on static
and manually tuned heuristics, and allow for a more dynamic exploration of the tree
space. Fellow lab member Dimitri Höhler is currently investigating this direction.

Finally, I would be interested to evaluate the HV version on genome-wide alignments,
such as those used to benchmark the first major version of RAxML-NG (see Supplemen-
tary Material in [111]). These datasets, which comprise millions of sites, could provide
deeper insight into whether overfitting is negligible on extreme input data dimensions.
Additionally, it would be worthwhile to examine whether the HV approach yields runtime
benefits on such long datasets, given that inference is conducted on only 80% of the sites.
However, this is rather unlikely because each evaluation on the validation MSA requires a
full BLO and MPO from scratch, as well as a CLV recomputation on the validation MSA.
This substantially increases runtime and explains why the HV versions were slower than
the ES versions. Nevertheless, testing HV on large phylogenomic alignments would clarify
whether the method offers advantages, when extreme amounts of data are available.
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Usage of Generative Models

In accordance with the statement of the Deutsche Forschungsgemeinschaft1 on the 21st of
September 2023, regarding the usage of generative models for text and image generation,
I declare that:

1. Parts of the code accompanying this thesis were developed with the assistance of
ChatGPT (versions 4 and 5) and DeepSeek, for: (a) writing Snakemake pipelines
for benchmarking, and (b) assistance in generating Python code for figure creation.
All generated code has been verified manually by the author. Further, no code
generation or other generative model has been used for interface, data structure, or
algorithm design.

2. I used ChatGPT (versions 3 and 4) for grammar checking of all publications men-
tioned in this thesis, as well as all text in this thesis. All proposed edits have been
manually evaluated and accepted by the author.

3. No image in this thesis was generated using generative models.

1https://www.dfg.de/de/aktuelles/neuigkeiten-themen/info-wissenschaft/2023/info-w
issenschaft-23-72
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