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Abstract.— Maximum likelihood–based phylogenetic inference constitutes a challenging optimization problem. Given a set 
of aligned input sequences, phylogenetic inference tools strive to determine the tree topology, the branch lengths, and the 
evolutionary model parameters that maximize the phylogenetic likelihood function. However, there exist compelling rea- 
sons to not push optimization to its limits, by means of early, yet adequate stopping criteria. Because input sequences are 
typically subject to stochastic and systematic noise, caution is warranted to prevent overoptimization and the risk of over- 
fitting the model to noisy data. To address this, we integrate the Kishino–Hasegawa (KH) test into RAxML-NG as a reliable 
and fast-to-compute Early Stopping criterion to effectively limit excessive and compute-intensive overoptimization. Ini- 
tially, we introduce a simplified heuristic tree search strategy in RAxML-NG (sRAxML-NG) as an underlying method for 
Early Stopping. Subsequently, we use the KH test in combination with sRAxML-NG to statistically assess the significance 
of differences between intermediate trees prior to and after major optimization steps. The tree search terminates early when 
improvements are statistically insignificant. We also propose an extension to the standard KH test that allows to correct 
for multiple testing, which maintains accuracy while achieving even higher speedups. For benchmarking, we use 300 large 
representative empirical data sets from TreeBASE. For 98% of the DNA data sets, all Early Stopping methods we intro- 
duce infer trees that are statistically equivalent to those inferred from RAxML-NG v1.2. For AA data sets, the fraction of 
data sets where sRAxML-NG, KH, and the KH-multiple testing versions infer statistically equivalent trees is 96%, 95%, 
and 92%, respectively. In conjunction with sRAxML-NG, the average speedup achieved by the KH-multiple testing version 
is 5 × for DNA and 3.9 × for protein data sets compared with RAxML-NG v1.2. We implemented our stopping criteria in 
RAxML-NG, which is available under GNU GPL at https://github.com/togkousa/raxml- ng/tree/stopping- criteria . [Early 
Stopping; maximum likelihood; stopping criteria.] 

 

i  

a  

t  

e  

a  

m  

N  

i  

o  

m  

(
 

N  

a  

h  

w  

e  

N  

m  

a  

c  

t  

A  

b  

p  

o  

m  

m  

a  

R  

t  

c  

f  

n  

t  

s  

s  

s  

o  

D
ow

nloaded from
 https://academ

ic.oup.com
/sysbio/advance-article/doi/10.1093/sysbio/syaf043/8154032 by G

2M
 C

ancer D
rugs AG

 user on 13 O
ctober 2025
Phylogenetic inference addresses the problem of find-
ng a binary tree that optimally represents the evolution-
ry relationships among biological sequences, given in
he form of a multiple sequence alignment (MSA). There
xist a plethora of optimality criteria to infer trees, such
s the maximum parsimony ( Fitch 1971 ) or the maxi-
um likelihood (ML) ( Felsenstein 1981 ) method. The
P-hard ML inference ( Roch 2006 ) is a computationally

ntensive optimization problem and requires finding the
ptimal tree topology, branch lengths, and evolutionary
odel parameters that maximize the likelihood score

 Yang 2014 ). 
Tools such as RAxML ( Stamatakis 2014 ), RAxML-

G ( Kozlov et al. 2019 ), IQ-TREE ( Minh et al. 2020 ),
nd PhyML ( Guindon et al. 2010 ) deploy hill-climbing
euristics ( St. John 2016 ) to find a “good” solution,
hich is typically a local optimum due to the inher-

nt computational complexity of ML. RAxML, RAxML-
G, and IQ-TREE implement strategies that explore
ultiple tree search trajectories, although their specific
1

pproaches vary. By default, RAxML and RAxML-NG
onduct 20 independent ML tree inferences that are ini-
iated on 10 parsimony and 10 random starting trees.
s an output, they provide the best ML tree inferred
y these independent inferences. In contrast, IQ-TREE
erforms a single tree search while maintaining a pool
f 100 candidate trees, initially populated with 99 parsi-
ony and 1 BioNJ ( Gascuel 1997 ) trees. A recent bench-
ark study ( Liu et al. 2024 ) recommends performing

t least 10 independent ML tree inferences when using
AxML-NG or IQ-TREE, which, in the case of IQ-TREE,

ranslates into executing independent runs. PhyML, by
omparison, follows a single search trajectory, starting
rom a BioNJ tree and employs a form of simulated an-
ealing to optimize the topology. This raises the impor-

ant question of whether phylogenetic inference tools
hould prioritize more exhaustive heuristics with fewer
tarting trees, or favor a broader exploration of tree
pace by conducting multiple, yet potentially less thor-
ugh, independent searches. In this study, we advo-
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cate for the latter approach. Specifically, we propose
that when using RAxML-NG with multiple (e.g., 10
parsimony) starting trees, while employing a strategi-
cally refined heuristic, one can achieve comparable ac-
curacy while substantially reducing runtime and asso-
ciated CO2 emissions. In the following, we outline the
rationale for this approach. 

Sequences are subject to noise ( Townsend et al.
2012 ) stemming from both stochastic and systematic
sources. Evolution, which is stochastic in nature, in-
duces randomness in the sequences that reflects devia-
tions between the observed data distributions and the
theoretical expectations ( Hillis and Huelsenbeck 1992 ;
Münkemüller et al. 2012 ). Upon that, sampling noise is
superimposed, as phylogenetic analyses typically rely
on sequences that merely represent a small fraction of
the corresponding genomes. This raises concerns about
their adequacy in approximating the underlying distri-
bution. Systematic noise, which is more prevalent in em-
pirical MSAs, is introduced, for instance, by sequenc-
ing errors ( Moutsopoulos et al. 2021 ), alignment errors
( Dress et al. 2008 ), homoplasy ( Rokas and Carroll 2006 ),
and gene tree–species tree discordance in supermatrix
MSAs ( Maddison 1997 ). 

This intrinsic noise in sequence data increases the
risk of overfitting because exhaustive optimization may
capture both the phylogenetic signal and the noise. A
straightforward solution is to employ more superficial,
yet substantially faster, tree search heuristics, such as
those implemented in FastTree ( Price et al. 2010 ). Bench-
marking studies, however, have demonstrated that tools
using more thorough heuristics (IQ-TREE, RAxML-NG)
yield trees with higher statistical plausibility and boot-
strap support ( Lemoine et al. 2018 ; Höhler et al. 2022 ).
Therefore, our main objective in this work is to devise
likelihood-based inference stopping criteria that circum-
vent unnecessary optimization steps, without compro-
mising the quality of the inferred trees. 

RAxML-NG, PhyML, and FastTree use fixed log-
likelihood improvement thresholds (ε) to determine the
convergence of optimization steps. Specifically, the de-
fault threshold for RAxML-NG v1.2 is ε = 10 ( Haag et al.
2023 ). These arbitrary ε-thresholds may not adequately
reflect the phylogenetic signal-to-noise ratio of a spe-
cific, given MSA. They might also not capture the con-
vergence dynamics of individual tree inferences. 

The predecessor of IQ-TREE, IQPNNI ( Vinh and
Von Haeseler 2004 ), employed a sophisticated approach
to terminate tree searches by estimating the probabil-
ity of having found the optimal tree by monitoring log-
likelihood improvements over search algorithm itera-
tions and halting the search once this probability at-
tained 95% (using a Weibull distribution of recorded val-
ues). This method was later replaced by a more straight-
forward rule in IQ-TREE. IQ-TREE terminates the search
if no better tree is found after a fixed number of iterations
(default N := 100 ). 
Here, we initially introduce a simplified RAxML-NG 

heuristic called sRAxML-NG, which serves as an un- 
derlying Early Stopping method upon which we de- 
velop our stopping criteria. The rationale for imple- 
menting this simplified version is detailed in the “Ma- 
terials and Methods” section. Next, we integrate the 
Kishino–Hasegawa (KH) test ( Kishino and Hasegawa 

1989 ) into sRAxML-NG as a reliable, fast-to-compute, 
method for Early Stopping. It dynamically adjusts the 
log-likelihood improvement threshold ( ε) value based 

on the convergence dynamics of each individual ML
tree inference. We further extend the standard KH test 
by employing multiple testing correction in order to 

improve the p -value approximation. We implemented 

these stopping criteria in RAxML-NG v1.2. Our crite- 
ria can also be seamlessly integrated into other phylo- 
genetic inference tools that use numerical convergence 
thresholds such as PhyML and FastTree. Our exper- 
imental results on 300 large representative empirical 
MSAs (222 DNA and 78 AA) sampled from TreeBASE 

( Piel et al. 2009 ) show that, when tree inferences are 
initiated with parsimony starting trees, for 98% of the 
DNA MSAs, Early Stopping versions yield trees that 
are statistically equivalent to those inferred without 
Early Stopping. For amino acid (AA) MSAs, the corre- 
sponding statistical equivalence rates for sRAxML-NG, 
KH, and KH-multiple testing versions are 96%, 93%, 
and 92%, respectively. Combined with sRAxML-NG, the 
KH-multiple testing version yields an average speedup 

of 5 × for DNA and 3.9 × for AA data sets, compared 

with RAxML-NG v1.2. All MSAs we used for our experi- 
ments are available for download at https://doi.org/ 10. 
5061/dryad.8gtht76zz 

Materials and Methods 

In this section, we first introduce sRAxML-NG and 

explain the rationale for this simplification, which is 
necessary for integrating KH-based stopping criteria. 
We then describe the application of the KH test within 

the RAxML-NG framework. Specifically, the KH test is 
used to statistically assess significant log-likelihood dif- 
ferences between tree topologies prior to and after each 

subtree prune and regraft (SPR) round, which consti- 
tutes the core topological optimization block in RAxML- 
NG. The optimization process terminates early when 

improvements between such subsequent tree topologies 
are statistically insignificant. Further, we extend the KH 

test by a multiple testing correction to more accurately 

approximate p -values. 
Note that we also experimented with stopping crite- 

ria that attempt to quantify the MSA sampling noise. Al- 
though the performance of these criteria is substantially 

inferior to the methods we present here, we nonethe- 
less describe the approach and document the negative 
results in our GitHub repository. 

https://doi.org/10.5061/dryad.8gtht76zz
https://doi.org/10.5061/dryad.8gtht76zz
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Simplified RAxML-NG 

When the improvement in log-likelihood drops be-
ow a predefined, fixed ε-threshold during the stan-
ard RAxML-NG tree search algorithm, the search does
ot terminate immediately, to avoid getting stuck in
 local optimum. Instead, RAxML-NG continues the
ree search by adjusting SPR-specific parameters for
he subsequent SPR rounds. Specifically, it increases
he maximum SPR radius or switches from superfi-
ial (FAST) to more thorough (SLOW) SPR rounds, af-
er conducting a round of model parameter optimiza-
ions (MPOs; see Supplementary Fig. S1 ). The main
ifference between FAST and SLOW SPR rounds is

hat, during FAST SPR rounds, RAxML-NG evaluates
ach tree topology generated by an SPR move using
he existing branch lengths, whereas in SLOW SPR
ounds, the lengths of the three branches adjacent to
he subtree insertion node are being reoptimized. Fur-
her, full branch length optimization (BLO) rounds are
onducted after each FAST and SLOW SPR round and
rior to MPO. Hence, the standard RAxML-NG tree
earch only terminates after several unsuccessful SLOW
PR rounds with distinct SPR parametrizations ( Kozlov

2018 ). 
Within this complex optimization framework, the im-

act of convergence thresholds is challenging to assess,
s the search does not terminate immediately when the
core improvement drops below the predefined, fixed ε
alue. As a consequence, it is difficult to objectively eval-
ate the impact of distinct stopping criteria that directly
odify the ε value. Therefore, we initially simplified

nd accelerated the complex standard search strategy
n RAxML-NG, which already yielded an initial Early
topping implementation. We call this search heuristic
implified RAxML-NG (sRAxML-NG) . sRAxML-NG con-
ucts a series of FAST SPR rounds followed by a series of
LOW SPR rounds. Each series terminates when the log-
ikelihood improvement drops below a constant default
hreshold of ε := 10 log-likelihood units, as in RAxML-

G v1.2. Unlike the standard search strategy, we simply
xecute the FAST and SLOW SPR rounds with a fixed
aximum subtree reinsertion radius parameter of 10.
e conduct full BLO rounds after each FAST and each

LOW SPR round. We invoke MPO rounds on the ini-
ial tree topology (after BLO), in-between the series of
AST and SLOW SPR rounds, and on the final tree (be-
ore termination). This simplified heuristic substantially
ccelerates inferences. It is a noteworthy by-product
f our study as sRAxML-NG was predominantly de-
eloped to seamlessly assess the accuracy of dynamic
daptation of ε-convergence thresholds. The KH-based
ethods described later build upon the sRAxML-NG

euristic by dynamically adjusting the ε-thresholds
fter each SPR round. We provide further details
nd workflow diagrams for the standard RAxML-NG
nd the sRAxML-NG heuristics in the Supplementary
aterial . 
KH Test in RAxML-NG 

We deploy the KH test to compare subsequent best
rees prior to and after each SPR round. Based on the per-
ite log-likelihood differences of the two trees, an ε value
an be derived, which depends on the observed varia-
ions of the per-site log-likelihood distributions that cor-
espond to the SPR round under consideration. Con-
equently, this dynamic ε-threshold varies over SPR
ounds and automatically adapts to the convergence dy-
amics of each independent ML tree search. 

The KH test is a paired test that compares the log-
ikelihood of each site in an MSA for two different phylo-
enetic trees. Typically, the KH test assesses whether the

ikelihood difference between two trees is significant for
 given MSA. To avoid optimization bias, it is generally
dvised that neither tree being compared is inferred on
he MSA under study ( Markowski and Susko 2024 ). This
s because, if one tree represents a commonly accepted
ypothesis about the studied species, whereas the other

ree has been inferred on the given MSA, the KH test
ould inherently favor the latter. In our application, both

rees are inferred using the studied MSA, thus eliminat-
ng bias in favor of one tree over the other. However, be-
ause we test many trees during an SPR round, we are
aced with multiple testing. 

In the following, we first describe how we apply the
tandard KH test. Then, we outline a fast heuristic so-
ution for multiple testing correction that has negligible
ime and memory overhead. Several versions of the KH
est are described in Goldman et al. (2000) . We adopt
he fastest version, as implemented in PAUP∗ ( Swofford
003 ) and PHYLIP ( Felsenstein 2005 ), which yields re-
ults that are comparable to the more computationally
ntensive resampling estimated log-likelihood (RELL;
ishino et al. 1990 ) method. Moreover, the faster ap-
roach substantially simplifies the multiple-test imple-
entation. 
For an MSA with s sites, suppose that the per-site log-

ikelihood vectors before ( L ) and after ( L 

′ ) any given SPR
ound are 

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

′ = (L′ 
1 , L′ 

2 , .. ., L′ 
s ) , 

where 

L :=
s ∑ 

i =1 

Li , 

L′ :=
s ∑ 

i =1 

L′ 
i . 

The KH test can be applied as follows: 

(1) Compute the distribution of the (paired) dif-
ferences between the vector coordinates (L′ 

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

http://dx.doi.org/10.5061/dryad.8gtht76zz
http://dx.doi.org/10.5061/dryad.8gtht76zz
http://dx.doi.org/10.5061/dryad.8gtht76zz
http://dx.doi.org/10.5061/dryad.8gtht76zz
http://dx.doi.org/10.5061/dryad.8gtht76zz
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(2) Compute the standard deviation σKH 

of the dis-
tribution of the s differences. Assuming that the
per-site differences are i.i.d., the standard devia-
tion of the difference (L′ − L ) is σKH 

· √ 

s . 
(3) In the fast version of the KH test ( Goldman et al.

2000 ), we assume that the difference (L′ − L ) is
normally distributed. This is a consistent approx-
imation due to the law of large numbers, and be-
cause we are summing over log-likelihood differ-
ences and not the log-likelihood values. In this re-
spect, under the null hypothesis ( L′ ≡ L ), the term

L′ −L 
σKH 

√ 

s follows a normal distribution N(0 , 1) with
a cumulative distribution function �(·) . We con-
tinue the tree search (i.e., we reject the null hy-
pothesis that L′ ≡ L ) with 95% confidence if 

1 − �

(
L′ − L 

σKH 

√ 

s 

)
≤ 0 . 05 ⇔ 

ε = 1 . 645 · σKH 

√ 

s (1)

KH Test with Multiple Correction 

Because the standard KH test does not incorporate
adjustments for multiple testing, it may unnecessarily
prolong the tree search. An SPR round comprises multi-
ple iterations, where each iteration involves pruning and
regrafting each subtree of the current tree. During each
SPR iteration, numerous potential regrafting 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 topolo-
gies we generate during an SPR round exhibits a de-
creased fit (lower likelihood) to the input MSA, espe-
cially toward the end of the tree search when we are
close to the (local) optimum. To account for this, we pro-
pose a solution that does not require additional calcu-
lations and data storage for each SPR move that is per-
formed during an SPR round, as required by more so-
phisticated approaches (e.g., Holm–Bonferroni, approx-
imately unbiased [AU]). Instead, during an SPR round,
we 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 ac-
cumulated across all iterations within the SPR round.
After the end of the SPR round, we apply a Bonferroni
correction to the p -value of the best tree generated by the
SPR round. The adjusted ε-threshold is then derived as
follows: 

1 − �

(
L′ − L 

σKH 

√ 

s 

)
≤ 0 . 05 

Nt 
⇔ 

ε = σKH 

√ 

s · �−1 
(

1 − 0 . 05 

Nt 

)
. (2)
For both the KH-simple and KH-multiple testing meth- 
ods, the convergence ε-threshold is always defined as 
the maximum of the KH threshold and the fixed value 
of 10 (default in RAxML-NG v1.2) for the following rea- 
sons. First, it ensures that KH-based versions terminate 
earlier than standard RAxML-NG without unnecessar- 
ily prolonging the search. Second, it avoids numerical 
issues that may arise when the log-likelihood difference 
between the two trees being compared is very small. In 

such cases, the KH test, or any statistical test for that mat- 
ter, should not be used for comparison. Typically, the 
ε-threshold that terminates the KH-based searches ex- 
ceeds 10, yielding this edge case rare. We provide further 
details about this in the Supplementary Material . 

Results 

In this section, we present the results from our ex- 
periments on 222 DNA and 78 AA large empirical as 
well as representative MSAs sampled from the Tree- 
BASE database. Here, “large” refers to data sets with ei- 
ther a high number of taxa, ranging from tens to thou- 
sands, or a large number of sites, ranging from hundreds 
up to nearly a million (see Supplementary Fig. S3 ). For 
these data sets, sequential execution times of RAxML- 
NG v1.2 range from 10 min to 23 h (see Supplementary 

Fig. S5 ). The selected empirical MSAs cover the full dif- 
ficulty score spectrum as predicted by the Pythia tool 
( Haag et al. 2022 ) and are hence representative. Further, 
in the Supplementary Material we provide additional 
results on 1076 simulated MSAs, which generally con- 
verge faster, yet allow to assess the impact of our stop- 
ping criteria on the topological accuracy with respect to 

the true tree. 
As mentioned in the “Materials and Methods” sec- 

tion, KH-based stopping criteria have been integrated 

into sRAxML-NG. Thus, our experiments assess three 
methods: (a) sRAxML-NG alone (with ε = 10 ), (b) KH- 
simple, and (c) KH-multiple testing versions, which 

combine sRAxML-NG with stopping criteria. We re- 
fer to the sRAxML-NG version and KH-based versions 
as the Early Stopping versions/criteria. In our experi- 
mental setup, we compare all Early Stopping versions 
with RAxML-NG v1.2, as well as the KH-based versions 
against sRAxML-NG. For each MSA and program ver- 
sion, we conduct two searches, one using 10 distinct 
parsimony starting trees, and a second one using 10 

distinct random starting trees. Therefore, each program 

version conducts 10 independent tree inferences per ex- 
ecution. 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. We refer to 

the 10 output trees from each execution as the inferred 

ML trees . 
Our benchmarking results include a plausibility as- 

sessment of ML trees inferred by all RAxML-NG ver- 
sions, as well as execution time comparisons. For sim- 

http://dx.doi.org/10.5061/dryad.8gtht76zz
http://dx.doi.org/10.5061/dryad.8gtht76zz
http://dx.doi.org/10.5061/dryad.8gtht76zz
http://dx.doi.org/10.5061/dryad.8gtht76zz
http://dx.doi.org/10.5061/dryad.8gtht76zz
http://dx.doi.org/10.5061/dryad.8gtht76zz
http://dx.doi.org/10.5061/dryad.8gtht76zz
http://dx.doi.org/10.5061/dryad.8gtht76zz
http://dx.doi.org/10.5061/dryad.8gtht76zz
http://dx.doi.org/10.5061/dryad.8gtht76zz
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Figure 1. Plausibility test results for ML trees inferred by RAxML-NG v1.2 and Early Stopping versions across 222 DNA and 78 AA empirical 
MSAs. For each data set, all RAxML-NG versions conduct 10 independent tree inferences using the same set of parsimony (left subfigure) or 
random (right subfigure) starting trees. We 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. 
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lated MSAs, we further conduct topological accu-
acy comparisons between the best ML trees inferred
y each version against the true reference tree (see
upplementary Fig. S11 ). To assess plausibility, we col-
ect all ML trees inferred by all RAxML-NG versions,
or the same starting tree type (i.e., one set of ML trees
or parsimony starting tree and one for random starting
rees), and conduct the AU test ( Shimodaira 2002 ) using
he CONSEL tool ( Shimodaira and Hasegawa 2001 ). We
onsider all ML trees whose p -value is greater than 0.05
s being plausible . 

To obtain accurate runtime measurements, we ex-
cuted all program versions sequentially. We have
onetheless already implemented, tested, and released
n efficient parallelization of our stopping criteria. 

Plausibility Assessment 

Figure 1 illustrates the fraction of data sets for which
ach version under comparison inferred n (out of 10)
lausible trees, where n represents specific counts or

ntervals. The left subfigure corresponds to executions
sing 10 parsimony starting trees, and the right one

o 10 random starting trees. A substantial part of the
ollowing analysis focuses on the fraction of MSAs for

hich a given version infers at least one ( n = 1 ) plausi-
le ML tree. In fact, this is a minimal, yet sufficient cri-
erion to ascertain statistical equivalence between ver-
ions. When at least one plausible tree is found, the out-
ut (i.e., the best ML tree inferred by the given ver-
ion) is statistically equivalent to the best tree found
y the four versions under comparison. We compared
he inferred ML trees on random and parsimony start-
ng trees independently, as described in the caption. In
he Supplementary Material (Fig. S6) , we also jointly
ompared the ML trees resulting from both starting tree
ypes. The latter approach resembles the default execu-
ion of RAxML-NG, where 10 random and 10 parsimony
tarting trees are used for each version under compar-
son. The results from the two plausibility assessment
rameworks exhibit negligible differences. This indicates
hat random starting trees do not provide any substan-
ial advantage on our test data sets, although they do
nduce a substantial runtime overhead (see below for a
iscussion of the results). 

The results in Figure 1 indicate that Early Stopping
ersions perform substantially better in terms of output
L tree quality when parsimony starting trees are used.

his outcome is expected, as parsimony trees provide
 reasonable, non-random starting point for searches.
tarting from random trees is suboptimal (in fact, the
orst possible choice), and it increases the chances

f terminating the search prematurely when applying
arly Stopping. Specifically, the fraction of DNA MSAs

or which the Early Stopping versions infer at least one
out of 10) plausible ML trees, when searches are ini-
iated on parsimony starting trees, is 98.2% across all
ersions. For AA MSAs, these fractions with parsimony
tarting trees are 96.2% for sRAxML-NG, 93.6% for KH,
nd 92.4% for KH-multiple testing version. In contrast,
hen random starting trees are being used, the corre-

ponding fractions are ∼87% for DNA and ∼90% for
A MSAs across all versions, respectively. RAxML-NG
1.2 infers at least one plausible tree across all data sets
100%) when using either parsimony or random starting
rees. 

Additionally, in executions with parsimony starting
rees, the fractions of DNA MSAs for which all out-
ut ML trees (10 out of 10) are plausible are 91% for
AxML-NG v1.2, 69% for sRAxML-NG, and ∼65% for
H-based versions; for AA MSAs, the corresponding

ractions are 80% for RAxML-NG v1.2 and ∼72% for the
arly Stopping versions. In contrast, when using ran-
om starting trees, the fractions for DNA MSAs are 85%
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Figure 2. Stripplot illustrating correlation between the increased MSA difficulty scores and the inability of Early Stopping versions to infer 
at least one plausible ML tree, on 222 DNA and 78 AA large empirical MSAs. Each point represents a single data set, with difficulty scores 
shown on the y -axis. The columns on the x -axis represent specific combinations of Early Stopping versions (sRAxML-NG, KH, and KH-multiple 
testing) and data set types (DNA, AA). The percentage next to each x-label indicates the fraction of MSAs for which not a single plausible ML 

tree could be inferred for the corresponding combination. The left and right subfigures display results for parsimony and random starting trees, 
respectively. Data sets (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. 
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for RAxML-NG v1.2 and below 50% for Early Stopping
versions, whereas for AA MSAs, the fractions are ∼70%
for RAxML-NG v1.2 and ∼58% for Early Stopping ver-
sions. These results indicate that Early Stopping should
primarily be used in combination with parsimony start-
ing trees. 

There appears to be a correlation between higher
Pythia scores in DNA MSAs and the inability of Early
Stopping methods to infer at least one plausible ML
tree (out of 10), irrespective of starting trees (random
vs. parsimony). The stripplot in Figure 2 indicates that
all DNA MSAs, for which zero plausible trees were in-
ferred by the Early Stopping versions, have difficulty
scores above 0.5. For AA MSAs, however, this trend
is less pronounced. Interestingly, the sets of MSAs for
which Early Stopping methods failed to yield a single
plausible tree are almost identical across all three ver-
sions (see Supplementary Tables S1 and S2 ). This sug-
gests that sRAxML-NG may have been oversimplified
for such challenging MSAs, which Pythia predicts to be
difficult, particularly so for DNA data. KH-based ap-
proaches are not, or only marginally challenged in this
case. Improving sRAxML-NG by incorporating strate-
gies such as those proposed in Togkousidis et al. (2023)
could potentially improve the performance of all three
versions on difficult data sets. 

To explore this hypothesis, we present additional
analyses in Supplementary Figure S7 , where we
progressively increase the SPR regrafting radius of
sRAxML-NG. This adjustment yields a more thorough
search heuristic and therefore allows us to quantify
how increasing thoroughness impacts the number of
plausible ML trees inferred by Early Stopping. The 
results (Fig. S7) show that larger SPR regrafting radii 
improve the performance of Early Stopping versions 
(sRAxML-NG and KH-multiple testing) on DNA data, 
especially for searches on random starting trees. How- 
ever, no improvement is observed for AA MSAs. A
detailed assessment of this distinct behavior of the 
search strategy on AA data is the subject of future 
work. 

To jointly compare the ML trees obtained with parsi- 
mony and random starting trees, we performed a plau- 
sibility analysis analogous to that in Figure 1 , but we 
now pool together all 80 ML trees obtained from the 
two starting tree types. This comparison approach is ef- 
fectively equivalent to having executed each RAxML- 
NG version using 10 random and 10 parsimony start- 
ing trees once, followed by a comparison of the 80 ML
trees inferred across all versions (20 per version). The 
results ( Supplementary Fig. S6 ) show negligible differ- 
ences to those in Figure 1 . Specifically, for those data sets 
where parsimony starting tree inferences failed to infer 
at least one (out of 10) plausible ML tree in Early Stop- 
ping versions, random starting tree inferences yielded 

only a single (out of 10) plausible ML tree on the same 
single protein MSA for all three Early Stopping ver- 
sions. We provide further details in the Supplementary 

Material . However, this analysis does show that (i) as 
expected, optimization is more difficult (resulting in a 

lower number of plausible trees) when starting from 

random trees, for all methods; (ii) the difference is more 
pronounced for the three Early Stopping versions than 

for standard RAxML-NG; and (iii) for Early Stopping, 
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Figure 3. Speedup distributions of Early Stopping versions relative to RAxML v1.2 (left subfigure), and 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 ×. 
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he difference is more pronounced for DNA than for
As, as expected due to the limitations of parsimony for
rotein MSAs, which is rarely used for such data, unlike
NA ( Simmons et al. 2002 ). 
We also analyzed 1076 simulated DNA MSAs with

 wide range of Pythia difficulty scores. The results
re generally similar to those observed for empirical
ata sets (see Supplementary Figs. S9 –S11 ). As expected,

here is a stronger phylogenetic signal in the simu-
ated MSAs, which results in a higher number of plau-
ible trees, especially for parsimony starting trees. Im-
ortantly, all methods (including standard RAxML-NG)
ere equally successful in recovering the true tree topol-

gy. Although simulated MSAs are easier (due to higher
hylogenetic signal) than the empirical data sets, these
xperiments confirm that the stopping criteria work well
rom a topological accuracy standpoint. 

Speedups 

Figure 3 illustrates the speedup distributions across
ll the 300 large empirical DNA and AA MSAs for Early
topping versions compared with RAxML-NG v1.2, as
ell as the runtime improvements of the KH-based

ersions relative to sRAxML-NG. The figure presents
peedups for both parsimony and random starting trees.
he highest speedups are observed with parsimony
tarting trees, reinforcing the preference for parsimony
tarting trees when using Early Stopping. Specifically,
n conjunction with sRAxML-NG, the average speedups
or KH and KH-multiple testing versions on parsimony
tarting trees over RAxML-NG v1.2 are 4.7 × and 5 × for
NA MSAs and 3.6 × and 3.9 × for AA MSAs, respec-

ively. With random starting trees, however, speedups
re significantly lower at 2.6 × and 2.8 × for DNA MSAs
nd 2.2 × and 2.3 × for AA MSAs, respectively. In the lat-
er case, however, the overall execution times are gener-
lly longer (see Supplementary Fig. S5 ). 

A substantial portion of the overall speedup can be
ttributed to the sRAxML-NG version itself, with KH-
ased versions providing additional runtime improve-
ents, ranging from 10% to 50%. Specifically, for par-

imony starting trees, the KH version is 29% and 35%
aster than sRAxML-NG on DNA and AA MSAs, respec-
ively, whereas the KH-multiple testing version is 36%
nd 49% faster, respectively. 

Discussion 

Phylogenetic inference tools, such as RAxML-NG,
horoughly optimize the tree topology, the branch
engths, and the model parameters to increase the log-
ikelihood score of the inferred ML tree. Yet we know
mpirically that the final stages of this optimization are
bsolete with respect to inference accuracy, although
hey do introduce a risk of overfitting the inferred tree
o noisy input data. In deep learning, Early Stopping
revents overfitting by halting training when validation

oss increases, even if training loss keeps decreasing.
owever, in ML-based phylogenetic inference, imple-
enting an analogous approach is challenging, as hold-

ng out data for validation inherently alters the infer-
nce process. Because traditional validation approaches
re not feasible under this setting, we implemented an
arly Stopping strategy that is based upon the conver-
ence dynamics of an individual tree search and halts
ptimization when further improvements become sta-
istically insignificant. 

We introduced Early Stopping criteria for ML-
ased phylogenetic inference and implemented them in
AxML-NG. Our goal was to reduce computing time
hile maintaining inference accuracy. By integrating the
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KH test, and extending it via multiple testing correction,
we can dynamically adapt the log-likelihood improve-
ment threshold in a dataset-specific manner. The KH-
based criteria rely on a simplified tree search heuristic,
sRAxML-NG, which already performs Early Stopping.
Our experiments suggest that the standard RAxML-NG
search strategy may be unnecessarily complex, espe-
cially on easy data sets. 

In our experiments on 300 large, representative em-
pirical MSAs, Early Stopping tree searches, when initi-
ated with 10 parsimony starting trees, yielded plausible
ML output trees for 98% of the DNA data sets and up
to 96% of the AA data sets, compared with RAxML-NG
v1.2. These results demonstrate the robustness of our
stopping criteria. Further, when all heuristic tree search
versions are initiated with 10 parsimony starting trees,
Early Stopping methods achieve an up to a 5 × speedup
for DNA data sets and a 3.9 × speedup for AA data sets
relative to RAxML-NG v1.2. In contrast, using random
starting trees only provide a negligible advantage when
combined with Early Stopping. Among data sets where
Early Stopping methods failed to infer a plausible ML
tree when using parsimony starting trees only, the ad-
dition of 10 random starting trees resulted in obtain-
ing a plausible ML tree for only a single AA MSA, but
no essential change in DNA MSA results. Despite this
minimal impact on inference accuracy, random starting
trees substantially increased computational time. Specif-
ically, when comparing Early Stopping versions using
10 parsimony starting trees against the default execu-
tion of RAxML-NG v1.2 (which uses 10 random and
10 parsimony starting trees), the average speedups are
even more pronounced: 7.8 × for sRAxML-NG, 9.6 × for
KH, and 10.2 × for KH-multiple testing versions. Given
that the sequential runtime of RAxML-NG on these large
data sets can be up to a day (see Supplementary Fig.
S5 ), these speedups translate into hours of saved com-
puting time. Interestingly, 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. Further benchmarking, particularly on AA
data sets, might be useful to assess potential advantages
of random starting trees. 

Based on our results, as well as those from Liu et al.
(2024) , we recommend using Early Stopping methods
with multiple (e.g., 10) parsimony starting trees. The
Pythia score ( Haag et al. 2022 ) is a good indicator for se-
lecting the appropriate number of starting trees, as dis-
cussed in our previous study ( Togkousidis et al. 2023 ).
On easier data sets, fewer parsimony starting trees suf-
fice, whereas more challenging data sets require a higher
number. Although random starting trees might be useful
for difficult MSAs when the primary objective is to maxi-
mize the log-likelihood score, we do not recommend this
approach. In such cases, the phylogenetic signal is typi-
cally weak, and overoptimizing the log-likelihood score
is unlikely to yield meaningful biological insights. 
Overall, KH-based stopping criteria address a key 

challenge in large-scale phylogenetic analyses by min- 
imizing inference times while still yielding accurate 
(plausible) results. Our methods can be seamlessly in- 
tegrated into other ML-based tree inference tools. 

Supplementary Material 

Data available from the Dryad Digital Repository: 
http://dx.doi.org/10.5061/dryad.8gtht76zz 
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